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Abstract

:

This paper presents a hydrogel-based flexible sensor array to detect plantar pressure distribution and recognize the gait patterns to assist those who suffer from gait disorders to rehabilitate better. The traditional pressure detection array is composed of rigid metal sensors, which have poor biocompatibility and expensive manufacturing costs. To solve the above problems, we have designed and fabricated a novel flexible sensor array based on AAM/NaCl (Acrylamide/Sodium chloride) hydrogel and PI (Polyimide) membrane. The proposed array exhibits excellent structural flexibility (209 KPa) and high sensitivity (12.3 mV·N−1), which allows it to be in full contact with the sole of the foot to collect pressure signals accurately. The Wavelet Transform-Random Forest (WT-RF) algorithm is introduced to recognize the gaits based on the plantar pressure signals. Wavelet transform realizes the signal filtering and normalization, and random forest is responsible for the classification of the processed signals. The classification accuracy of the WT-RF algorithm reaches 91.9%, which ensures the precise recognition of gaits.
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1. Introduction


Patients with lower limb diseases or neurological diseases often have problems such as difficulty walking and chaotic steps [1]. In order to help this group of people carry out rehabilitation walking training, it is necessary to design a plantar pressure detection system. In this way, doctors can formulate specific rehabilitation plans for them based on the changes in the patient’s gait during walking.



To realize gait recognition, it is crucial to gather plantar pressure signals. The pressure detection array has been studied by many scholars [2,3,4], and its material types can be classified into rigid metal and flexible membranes. A three-layer pressure-sensing array is proposed in [5]. The middle layer of the array is made of piezo-resistive material, and the top and bottom layers are copper pads. The pressure-sensing array is used to analyze gait parameters after being cut into the shape of insole. Huang et al. used FSR (force-sensing resistor) as the sensing element to fabricate a kind of pressure sensor array. Combined with the triangle positioning algorithm, his team realized the detection of contact force and contact position. The results show that the force and space detection accuracy of the pressure sensor array reaches 88.23% [6].



However, the pressure-sensing arrays made of rigid metal materials show poor biocompatibility and ductility. As a consequence, it may cause allergic reactions or other adverse physiological impacts while in contact with human skin. The poor ductility greatly limits the application range of the pressure-sensing array. It cannot be applied in high-curvature or uneven surfaces. Sekitani et al. used PEN (polyethylene naphthalate) as a substrate and organic material as a conductive layer to fabricate a flexible pressure-sensing array. The fabricated array can detect the spatial distribution of applied mechanical pressure and convert it into two-dimensional images for storage [7]. So et al. embedded a PDMS layer in the vertical arrangement of carbon nanotubes to make a flexible pressure sensor, which realized the function of tactile sensing [8].



Classification of the collected pressure signals is the basis of gait recognition. Common classification algorithms include support vector machine (SVM) [9,10,11], artificial neural networks (ANN) [12,13,14], and random forests (RF) [15,16,17]. SVM is a binary classification model, which constructs a hyperplane with the largest geometric distance and maps it into a high-dimensional space to classify specific objects. In the experiment of using EMG to predict the angle of five knee joints, compared with classifiers, such as LDA and KNN, the classification accuracy of SVM is higher, reaching 93.07 ± 3.84% [18]. However, SVM classifier is inefficient when the number of samples is large, and it is difficult to find a proper kernel function for nonlinear classification problems [19]. M.F. et al. applied ANN to the classification of fatigue strain signal to obtain the best pattern recognition. The classification accuracy of ANN is 92%, and five levels of fatigue damage are obtained [20]. The ANN has a high demand for computing power and a long training time, so it is not suitable for the scene with real-time requirements. A random forest algorithm for EEG signal classification was exhibited in [21], and the accuracy reaches 89.9% after combining the common spatial pattern (CSP). The random forest algorithm is not ideal for data with few feature dimensions, so it is not applicable in the pressure signal classification of this article individually.



This paper proposes a flexible pressure-sensing array to achieve plantar pressure detection and gait recognition. Due to the flexibility and biocompatibility, the pressure-sensing array can be utilized well in plantar pressure detection. After obtaining the pressure signals, the Wavelet Transform-Random Forest (WT-RF) algorithm is applied in the preprocessing and classification of the gathered signals. Thus, different gaits can be recognized accordingly, and the comprehensive accuracy reaches 91.9%.




2. Materials and Methods


2.1. Design of Flexible Hydrogel Sensor Array


The flexible hydrogel sensor array (FHSA) is composed of three layers. The top and bottom layer sustain the overall structure and insulate electrical interference. The middle layer is the sensing layer, which is responsible for collecting pressure signals. The sensing layer contains 36 pressure-sensing units, which are arranged in a 66 matrix. Each row of sensor units output a total of six signals, which are connected to a bus through resistors. The overall design of FHSA’s structure is presented in Figure 1a.



Ideally, the external force exerted on the FHSA can be decomposed into three forces: horizontal transverse (   F x   ), horizontal longitudinal (   F y   ), and vertical (   F z   ). The detection of pressure is based on the piezoresistive effect, and the change in relative resistance is presented in Equation (1),


    ∆ R  R  =  π x   F x  +  π y   F y   



(1)




where    π x    and    π y    are the horizontal transverse and horizontal longitudinal piezoresistive coefficients. The    F x    and    F y    represent the force components in the corresponding direction. Moreover, based on the principle of elasticity, when a Z-axis pressure is applied to the FHSA, the strain force can be expressed as Equations (2) and (3).


   σ x  =   2  x 2    π    (   x 2  +  y 2   )   2     (  x  F x  + y  F y   )   



(2)






   σ y  =   2  y 2    π    (   x 2  +  y 2   )   2     (  x  F x  + y  F y   )   



(3)







When determining the dimension of FHSA, it is necessary to minimize the size under the premise of ensuring the accuracy of pressure detection. The accuracy is reflected in the relative change rate of resistance. Once the pressure range is determined, the optimal dimension of FHSA can be obtained according to Equation (4),


    ∆ R  R  =  (  1 + 2 v  )  · ε +  l  w · t    



(4)




where  v  is the Poisson rate, and  ε  is the value of pressure. The  l ,  w , and  t  are the length, width, and thickness of the FHSA, respectively. After determining the optimal size of the FHSA, the strain force at any position on the FHSA is shown in Equation (5). By comparing the maximum strain force with the material strain threshold, the rationality of the designed structure can be evaluated.


  σ =  3  4 π   ·    t 3       (   l 2   w 2  +  t 2   )    5 / 2      F y   



(5)







Finite element analysis (FEA) plays a significant role in the structural design. We used software (Creo, Parametric Technology Corporation, Boston, MA, USA) to study the mechanical behavior of FHSA under pressure. The Young’s modulus (E) and Poisson ratio (v) of FHSA are measured and set at 209 KPa and 0.42. The degree of strain is analyzed to illustrate the mechanical stability of the FHSA, and the result of FEA is shown in Figure 1b.




2.2. Sensor Fabrication and Calibration


The top and bottom layers of FHSA are PI (Polyimide) films, and the material of middle layer is AAM/NaCl (Acrylamide/Sodium chloride).



The fabrication of hydrogel films can be achieved through the following steps. Add 7.82 g of AAM monomer powder (Aladdin Co., Shanghai, China) and 8.01 g of NaCl (Aladdin Co., Shanghai, China) to DI (deionized) water and keep stirring to dissolve them completely. After about 10 min, add 0.085 g of AP (Ammonium persulphate, Sigma-Aldrich Co., Saint Louis, MO, USA) and 0.03 g of MBAA (Methylene-Bis-Acrylamide, Sigma-Aldrich Co., Saint Louis, MO, USA) as a crosslinking agent to the mixed solution. Then, add 0.125 g of TEMED (Tetramethylethylenediamine) to improve the reaction rate and conductivity. Eventually, pour the solution into a glass mold and wait for it to form.



The PI film is prepared by the steps below. Coat PAA (polyamic acid) solution (Aladdin Co., Shanghai, China) on a clean glass flake evenly, and then transfer it to the oven. Adjust the temperature to 270 °C and continue heating for an hour. After natural cooling for 20 min, a piece of complete PI film can be peeled off from the glass flake.



Cut the prepared PI film and AAM/NaCl film into a 350 mm   ×   350 mm square and thirty-six squares (50 mm   ×   50 mm), respectively via laser cutting. Plasma cleaner is introduced to activate the surface of the above films. Twenty minutes later, take out the film, adhere them to each other, and place them on a heating plate to heat for half an hour at 70 °C to strengthen the adhesion. Then, connect the AAM/NaCl-based pressure-sensing units with copper wires and lead them out. Ultimately, encapsulate the FHSA with epoxy resin to improve its working stability.



Aiming at ensuring the accuracy of the pressure measurement, we have calibrated the fabricated FHSA. Six locations were randomly selected, and twelve different pressures were applied on them. We collected and calculated the average resistance and conductance of the FHSA under pressures, and determined the relationship between them and pressure. The results are presented in Table 1.



Fitting the pressure value and FHSA’s conductance, the relational formula and fitting curve graph are shown in Equation (6) and Figure 2, respectively.


  p = 0.022  G 2  + 0.106 G  



(6)








2.3. Analysis and Classification of Pressure Signals


When the tester steps on the FHSA, the pressure exerted on different sensing units is unique. Consequently, these units show a distinct value of resistance. In order to collect the electrical signal changes of the FHSA when subjected to external pressure, we proposed the partial voltage method, whereby a constant voltage is applied to the FHSA through a power supply (SS-3020KD, Bufan Electronics Co., Ltd., Dongguan, China) to convert the resistance changes into voltage signals.



The procedure of signal processing is presented in Figure 3a. The pressure signal output by the FHSA first passes through a filter circuit to filter out the high-frequency noise interference contained in the signal. Considering the weak strength of the voltage signal, we designed an amplifier to amplify it, which is conducive to subsequent processing and analysis. Before inputting to the computer via Zigbee, the signal is converted from an analog signal to digital form through an analog-to-digital conversion module.



In order to facilitate the subsequent data analysis, the maximum normalization method (Equation (7)) is introduced to process the voltage signals. In Equation (7),  X  represents the voltage signal amplitude at a certain moment,    X  m a x     represents the maximum voltage value corresponding to the maximum pressure value of a single foot, and    X  m i n     is the initial voltage. In this way, the pressure input is obtained and converted into a normalized voltage value. We propose a wavelet transform-random forest (WT-RF) algorithm (Figure 3b) to classify the input voltage signal to identify the corresponding gait. The wavelet transform algorithm realizes the denoising of the original signal and further improves the SNR (signal-to-noise ratio). The mathematical form of the original signal containing noise can be described as Equation (8).


   X  S c a l e   =   X −  X  m i n      X  m a x   −  X  m i n      



(7)






  f  ( t )  = a  ( t )  + ω · b  ( t )   



(8)







Here,   a  ( t )    is the pure signal without noise,   b  ( t )    is the noise signal, and  ω  represents the intensity of noise. The difference in the characteristics of the pure signal and the noise signal in the wavelet transform leads to distinct coefficients obtained after the wavelet decomposition [22]. Using the low-frequency coefficients of wavelet decomposition and the high-frequency coefficients after threshold quantization to reconstruct, the denoised signal can be obtained.



Random forest is a feature classification method based on multiple decision trees, and its final classified result is decided by the voting of trees [23]. We collected the input voltage signals and randomly selected part of them as the original data set. Then, the original data set was divided into N training sets for training n decision trees. In the traditional random forest algorithm, each decision tree has the same weight in the voting decision process. In order to improve the final recognition accuracy, we evaluated different decision trees (Equation (9)) to give the better decision tree more weight,


  W  ( i )  = 1 −    1  F  ( i )        ∑   i = 1  n  F  ( i )    −   n − 2  n   



(9)




where   W  ( i )    is the weight of the i-th decision tree,  n  is the count of decision trees, and   F  ( i )    represents the comprehensive precision and recall of the i-th classifier. The algorithm features include signal amplitude, skewness, and kurtosis. The pressure signals corresponding to diverse gaits are distinct, and their signal features are also different, which is the basis of signal classification and gait recognition. We adjusted the main parameters (count of decision trees, maximum depth, and the minimum samples of leaf nodes) according to the difference in data training results. The optimization of above parameters helped us to achieve better classification accuracy and shorter training time.





3. Results


3.1. Performance Test


To illustrate the structural flexibility of the fabricated FHSA, we studied its mechanical properties by conducting the tensile and bending experiments (Figure 4a–c). The tensile test is realized on a programmable stretcher (IPBF-5, CARE Measurement & Control Co., Ltd., Tianjin, China). The FHSA is placed on the middle platform of the stretcher and clamped at both ends, and the stretching of it is realized by the movement of the clamps which are controlled by stepping motors. A digital multi-meter (MT-1820-C, Prokit’s Industries Co., Ltd., Taiwan, China) is connected to the FHSA to read the value of resistance (Figure 4d). The bending test was carried out on a bending test machine (YHS-216W-10kN-360, Yihua Instrument Technology Co., Ltd., Shanghai, China). One end of the FHSA is fixed, and the other end is connected with a clamp. The clamp moves along the track to make the FHSA bend between 0 and 180. Similarly, under different bending angles, the resistance of the FHSA is recorded by the digital multi-meter.



The relationship between resistance, material strain, and bending angle is shown in Figure 5a,b. In the process of repeatedly applying the tensile force to the material and releasing it, the resistance value of the material is measured in real time to quantify the structural flexibility, so as to ensure the stability and consistency of the structure under the action of external force. It can be seen from the results that when the material is elongated, its resistance value remains almost unchanged, which indicates that the designed FHSA can still work normally under 50% of the maximum strain. In the bending experiment, during bending and releasing, the resistance value of FHSA remains nearly the same. Therefore, the structure of FHSA can stay intact under the bending of 180° and can be applied in most bending scenes.



When the FHSA is under pressure, its resistance value decreases. We applied different pressure to it and recorded the corresponding resistance value. The relationship between resistance and pressure is shown in Figure 5c. When the pressure is in the range of 0 N to 30 N, the resistance of the FHSA decreases obviously with the increase in pressure. This shows that the FHSA is more sensitive to the pressure change in a small range. To realize the accurate detection of high pressure, the increment in the count of pressure-sensing units is needed. Response time is an important parameter of the FHSA, which reflects the sensitivity to external pressure. Therefore, we applied a fixed voltage on the FHSA so as to measure its response time. After stabilizing, the pressure was exerted on the FHSA and the current curve was observed by an oscilloscope. The change curve of the current is shown in Figure 5d, and the response time of the FHSA is 69 ms.




3.2. Gait Recognition


The distribution of plantar pressure varies from person to person and may be affected by factors such as age, gender, and weight [24]. According to the formula of sampling quantity (Equation (10)), we recruited 30 volunteers and collected their plantar pressure distribution data,


  n =      (   Z   α 2     )   2  P  (  1 − P  )     E 2     



(10)




where  n  is the sample size, Z is the statistic,  E  is the sampling error, and  P  represents the sample proportion. We selected the commonly used confidence 90% and sample proportion 50%, and set the acceptable error to 15%. The values of the    Z   α 2     ,  P , and  E  are 1.645, 0.5, and 0.15, respectively. After calculation, we finally determined the sample size as thirty. These volunteers are distributed in six age groups, half male and half female (Table 2). Based on these data, we examined the feasibility of the proposed FHSA and gait recognition algorithm and analyzed the effects of age, gender, and weight on the recognition of gaits.



The protocol for obtaining the pressure input is to have volunteers step on the FHSA placed on the ground and walk back and forth five times [25]. A total of six hundred sets of pressure data (left-foot and right-foot) of diverse gaits were gathered. We selected four different gait patterns (Figure 6a), and their pressure distributions are shown in Figure 6b.



We randomly selected 500 sets of data as the training set to train our proposed WT-RF algorithm model, and the remaining 100 sets of data were used for testing to obtain the gait recognition accuracy of the trained model. The classification results of the WT-RF algorithm are presented in Figure 7.



In order to determine the accuracy of the proposed WT-RF algorithm in pressure signal classification and gait recognition, we introduced four indicators (  T P  ,  F P  ,  F N  ,  T N  ) to comprehensively evaluate the classification results, where   T P  ,   F P  ,   F N   and   T N   refer to true positive, false positive, false negative, and true negative, respectively. Among them, true and false indicate whether the predicted gait is consistent with the actual gait, and true means that the classification is correct. Therefore, the classification and recognition accuracy of the WT-RF algorithm can be calculated by Equation (11), and the accuracy reaches 91.9%.


  Accuracy =   T P + T N   T P + T N + F P + F N    



(11)







We introduced the Pearson correlation coefficient to analyze the influence of age, gender, and weight on the accuracy of gait recognition. The Pearson coefficient can be calculated by Equation (12), where  X  is age, gender, weight, and  Y  is the accuracy of gait recognition.


   ρ  X , Y   =    ∑   (  X −  X ¯   )   (  Y −  Y ¯   )       ∑    (  X −  X ¯   )  2   ∑    (  Y −  Y ¯   )  2       



(12)







After calculation, the Pearson coefficients of age, gender, and weight are 0.12, 0.09, and 0.18, respectively (in gender analysis,    X  F e m a l e   = 0 ,    X  M a l e   = 1  ). It can be seen that age and gender are not related to the accuracy of gait recognition, and the weight factor has a slightly higher correlation due to the optimal detection range of the FHSA. In addition, we trained the other two algorithms with the same data set and compared their classification accuracy with the WT-RF algorithm (Figure 8). Compared with the other two algorithms, WT-RF has higher classification accuracy even under few training cycles. When the training cycles are few, the classification accuracy of RF is significantly higher than that of SVM, but after 40 training cycles, their accuracies are very close. As a consequence, it is reasonable to select the WT-RF algorithm to classify the pressure signals and realize gait recognition.



At present, the mainstream plantar pressure detection system includes a platform system like this article and an in-shoe system [26]. An in-shoe device for monitoring plantar pressure is proposed in [27], which is composed of 64 pressure-sensitive elements. It can collect gait information at 100 Hz and draw a pressure curve to assess walking quality. Compared with the platform system, it has limitations on the spatial resolution of data and will affect the normal walking to a certain extent. Based on a gait database composed of 12 people, Kale et al. [28] introduced the view invariant method for gait recognition. The CCR (Correct Classification Rate) is 85%, which is significantly less than our work (91.9%).





4. Conclusions


This work combines flexible electronic technology and a signal classification algorithm to provide a new idea for plantar pressure detection and gait recognition. Compared with traditional rigid metal sensor arrays, the proposed FHSA with structural flexibility has higher precision of pressure detection and can be applied in more scenarios. The WT-RF algorithm is introduced to process and classify the pressure signals that gathered by FHSA to achieve gait recognition. The comprehensive accuracy of the proposed WT-RF algorithm reaches 91.9%, which is significantly higher than the traditional classification methods. The mode of flexible sensor array plus specific algorithms is suitable for many extended application scenarios, such as wind pressure detection and the wearable electronics field.







Author Contributions


Conceptualization, F.D.; Data curation, Y.X. and X.W.; Formal analysis, W.L.; Funding acquisition, F.D.; Project administration, F.D.; Software, W.L., Y.X. and X.W.; Validation, W.L.; Writing—original draft preparation, Y.X. All authors have read and agreed to the published version of the manuscript.




Funding


This research was funded by the Natural Science Foundation of China (51767006), Natural Science Foundation of Jiangxi Province (20202ACBL214021, 20202BAB202005), Key Research and Development Plan of Jiangxi Province (20202BBGL73098), and Science and Technology Project of Education Department of Jiangxi Province (GJJ190311, GJJ180308).




Institutional Review Board Statement


Ethical review and approval were waived for this study, because the experiment does not involve any invasive behaviors and will not have any impacts on participant’s physical or mental health.




Informed Consent Statement


Informed consent was obtained from all subjects involved in the study.




Data Availability Statement


Not applicable.




Conflicts of Interest


The authors declare no conflict of interest.




References


	



Wang, L.; Sun, Y.; Li, Q.; Liu, T.; Yi, J. Two Shank-Mounted IMUs-Based Gait Analysis and Classification for Neurological Disease Patients. IEEE Robot. Autom. Lett. 2020, 5, 1970–1976. [Google Scholar] [CrossRef]

	



Chen, Z.; Wang, Z.; Li, X.; Lin, Y.; Luo, N.; Long, M.; Zhao, N.; Xu, J.-B. Flexible Piezoelectric-Induced Pressure Sensors for Static Measurements Based on Nanowires/Graphene Heterostructures. ACS Nano 2017, 11, 4507–4513. [Google Scholar] [CrossRef] [PubMed]

	



Wan, A.B.; Sanghyun, H.; Ji, S.; Franklin, B.; Jang-Ung, P. Transparent and flexible fingerprint sensor array with multiplexed detection of tactile pressure and skin temperature. Nat. Commun. 2018, 9, 2458. [Google Scholar]

	



Wang, H.L.; Kuang, S.Y.; Li, H.Y.; Wang, Z.L.; Zhu, G.J.S. Large-Area Integrated Triboelectric Sensor Array for Wireless Static and Dynamic Pressure Detection and Mapping. Small 2020, 16, 1906352. [Google Scholar] [CrossRef]

	



Chen, D.; Cai, Y.; Huang, M.C. Customizable Pressure Sensor Array: Design and Evaluation. IEEE Sens. J. 2018, 18, 6337–6344. [Google Scholar] [CrossRef]

	



Huang, Y.; Jiang, Q.; Li, Y.; Zhao, C.; Wang, J.; Liang, P.J.M. Research and design of a novel, low-cost and flexible tactile sensor array. Measurement 2016, 94, 780–786. [Google Scholar] [CrossRef]

	



Sekitani, T.; Yokota, T.; Zschieschang, U.; Klauk, H.; Bauer, S.; Takeuchi, K.; Takamiya, M.; Sakurai, T.; Someya, T. Organic Nonvolatile Memory Transistors for Flexible Sensor Arrays. Science 2009, 326, 1516–1519. [Google Scholar] [CrossRef]

	



So, H.M.; Jin, W.S.; Kwon, J.; Yun, J.; Chang, W.S.; Baik, S. Carbon nanotube based pressure sensor for flexible electronics. Mater. Res. Bull. 2013, 48, 5036–5039. [Google Scholar] [CrossRef]

	



Richhariya, B.; Tanveer, M. EEG signal classification using universum support vector machine. Expert Syst. Appl. 2018, 106, 169–182. [Google Scholar] [CrossRef]

	



Lee, S.; Yoon, Y.J.; Lee, J.E.; Kim, S.C. Human–vehicle classification using feature-based SVM in 77-GHz automotive FMCW radar. IET Radar Sonar Navig. 2017, 11, 1589–1596. [Google Scholar] [CrossRef]

	



Dagher, I.; Azar, F. Improving the SVM gender classification accuracy using clustering and incremental learning. Expert Syst. 2019, 36, e12372. [Google Scholar] [CrossRef]

	



Maksimenko, V.A.; Maksimenko, V.A.; Kurkin, S.A.; Pitsik, E.N.; Musatov, V.Y.; Runnova, A.E.; Efremova, T.Y.; Hramov, A.E.; Pisarchik, A.N. Artificial Neural Network Classification of Motor-Related EEG: An Increase in Classification Accuracy by Reducing Signal Complexity. Complexity 2018, 2018, 9385947. [Google Scholar] [CrossRef]

	



Celin, S.; Vasanth, K. ECG Signal Classification Using Various Machine Learning Techniques. J. Med Syst. 2018, 42, 241. [Google Scholar] [CrossRef] [PubMed]

	



Curro, J.; Raquet, J.; Borghetti, B. Navigation using VLF signals with artificial neural networks. J. Inst. Navig. 2018, 65, 549–561. [Google Scholar] [CrossRef]

	



Wu, G.; Processes, J.J. Multi-Label Classification Based on Random Forest Algorithm for Non-Intrusive Load Monitoring System. Processes 2019, 7, 337. [Google Scholar] [CrossRef]

	



Khojandi, A.; Shylo, O.; Zokaeinikoo, M. Automatic EEG classification: A path to smart and connected sleep interventions. Ann. Oper. Res. 2019, 276, 169–190. [Google Scholar] [CrossRef]

	



Tao, Z.; Chen, W.; Li, M. AR based quadratic feature extraction in the VMD domain for the automated seizure detection of EEG using random forest classifier. Biomed. Signal Process. Control 2017, 31, 550–559. [Google Scholar]

	



Dhindsa, I.S.; Agarwal, R.; Ryait, H.S. Performance evaluation of various classifiers for predicting knee angle from electromyography signals. Expert Syst. 2019, 36, e12381. [Google Scholar] [CrossRef]

	



Gang, L.I.; Wang, W.; Zhang, S. Application of SVM in EEG signal classification. J. Comput. Appl. 2006, 26, 1427–1431. [Google Scholar]

	



Yunoh, M.F.M.; Abdullah, S.; Saad, M.H.M.; Nopiah, Z.M.; Nuawi, M.Z. K-means clustering analysis and artificial neural network classification of fatigue strain signals. J. Braz. Soc. Mech. Sci. Eng. 2017, 39, 757–764. [Google Scholar] [CrossRef]

	



Zhang, R.; Xiao, X.; Zhi, L.; Wei, J.; Li, J.; Cao, Y.; Zhu, Y.; Jiang, D. A New Motor Imagery EEG Classification Method FB-TRCSP plus RF Based on CSP and Random Forest. IEEE Trans. Biomed. Circuits Syst. 2019, 13, 670–681. [Google Scholar] [CrossRef]

	



Alfaouri, M.; Daqrouq, K. ECG Signal Denoising By Wavelet Transform Thresholding. Am. J. Appl. Sci. 2008, 5, 276–281. [Google Scholar] [CrossRef]

	



Okumus, H.; Aydemir, O. Random forest classification for brain computer interface applications. In Proceedings of the 2017 25th Signal Processing and Communications Applications Conference (SIU), Antalya, Turkey, 15–18 May 2017; pp. 1–4. [Google Scholar]

	



Sebastijan, S.; Matjaz, J. Inertial Sensor-Based Gait Recognition: A Review. Sensors 2015, 15, 22089–22127. [Google Scholar]

	



MacWilliams, B.A.; Armstrong, P.F. Clinical applications of plantar pressure measurement in pediatric orthopedics. In Proceedings of the Pediatric Gait: A New Millennium in Clinical Care and Motion Analysis Technology, Chicago, IL, USA, 22–22 July 2000; pp. 143–150. [Google Scholar]

	



Razak, A.A.; Zayegh, A.; Begg, R.K.; Wahab, Y. Foot Plantar Pressure Measurement System: A Review. Sensors 2012, 12, 9884–9912. [Google Scholar] [CrossRef] [PubMed]

	



Rossi, S.; Lenzi, T.; Vitiello, N.; Donati, M.; Carrozza, M.C. Development of an in-shoe pressure-sensitive device for gait analysis. In Proceedings of the Annual International Conference of the IEEE Engineering in Medicine and Biology Society, Boston, MA, USA, 30 August–3 September 2011; Volume 2011, pp. 5637–5640. [Google Scholar]

	



Kale, A.; Chowdhury, A.; Chellappa, R. Towards a View Invariant Gait Recognition Algorithm. In Proceedings of the IEEE Conference on Advanced Video & Signal Based Surveillance, Miami, FL, USA, 22 July 2003. [Google Scholar]








[image: Sensors 21 05964 g001 550] 





Figure 1. (a) Plane structure design of the FHSA. (b) Finite element analysis of the FHSA under pressure. 
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Figure 2. Curve fitting between the pressure applied on FHSA and its conductance. 
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Figure 3. (a) Preprocessing of collected pressure signals. (b) Working flow of WT-RF algorithm. 
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Figure 4. (a) Initial state. (b) During stretching. (c) Recovery after stretching. (d) Electrical performance test. 
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Figure 5. (a) Strain–resistance curve. (b) Angle–resistance curve. (c) The pressure acting on the FHSA and its resistance. (d) Response time of FHSA. 
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Figure 6. (a) Different gait patterns. (b) Two-dimensional pressure distribution map corresponding to different gaits. 
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Figure 7. The classification result of diverse gait patterns. 
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Figure 8. Comparison of accuracy of SVM (90.7%), RF (90.6%), and WT-RF algorithms (91.9%) under 50 training cycles. 
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Table 1. The relationship between the average resistance, conductance of the FHSA, and pressure.
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	Pressure (Kg·cm−2)
	Resistance (KΩ)
	Conductance (mS)





	0
	721.49
	0



	0.01
	21.34
	0.05



	0.02
	4.87
	0.21



	0.04
	2.51
	0.40



	0.06
	1.97
	0.51



	0.08
	1.41
	0.71



	0.1
	1.11
	0.9



	0.12
	1.02
	0.98



	0.16
	0.89
	1.12



	0.2
	0.73
	1.37



	0.25
	0.56
	1.79
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Table 2. Specific information of the recruited volunteers.






Table 2. Specific information of the recruited volunteers.





	
Age Group

	
Age

	
Gender

(Female/Male)

	
Weight

(kg)

	
Left-Foot Pressure (kg)

	
Right-Foot Pressure (kg)






	
16–20

	
17

	
M

	
58.3

	
30.1

	
29.3




	
18

	
M

	
60.5

	
31.6

	
29.9




	
19

	
F

	
43.4

	
22.3

	
20.2




	
20

	
F

	
50.6

	
26.8

	
25.4




	
20

	
M

	
68.1

	
34.6

	
33.1




	
21–25

	
21

	
M

	
61.6

	
32.5

	
30.9




	
23

	
F

	
47.8

	
24.5

	
22.8




	
23

	
F

	
49.7

	
25.8

	
24.3




	
24

	
M

	
52.2

	
27.6

	
25.1




	
24

	
F

	
51

	
26

	
24.5




	
26–30

	
28

	
F

	
61.3

	
32.4

	
29.6




	
28

	
M

	
74.3

	
37.6

	
36.8




	
29

	
M

	
58.7

	
28.3

	
30.4




	
29

	
M

	
83.9

	
43.1

	
41




	
29

	
F

	
55.9

	
28.6

	
27.9




	
31–35

	
31

	
M

	
67.3

	
34.8

	
33.2




	
31

	
M

	
75.2

	
36.5

	
39




	
32

	
F

	
59.6

	
31.6

	
28.7




	
33

	
F

	
48.7

	
25

	
23.9




	
35

	
F

	
53.9

	
28.2

	
26




	
36–40

	
37

	
M

	
54.4

	
28.5

	
26.4




	
39

	
F

	
46.1

	
23.7

	
22.3




	
40

	
M

	
67.8

	
35.8

	
32.6




	
40

	
M

	
73.5

	
36.9

	
35.7




	
40

	
F

	
52

	
26.5

	
25.5




	
41–45

	
41

	
F

	
48.7

	
25.1

	
24.1




	
42

	
F

	
59.3

	
31.4

	
28.2




	
44

	
M

	
71.9

	
37

	
34.8




	
44

	
F

	
55.2

	
27.9

	
26




	
45

	
M

	
68

	
35.3

	
33.6
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