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Abstract

:

Human gait analysis can provide an excellent source for identifying and predicting pathologies and injuries. In this respect, sensorized insoles also have a great potential for extracting gait information. This, combined with mathematical techniques based on machine learning (ML), can potentialize biomechanical analyses. The present study proposes a proof-of-concept of a system based on vertical ground reaction force (vGRF) acquisition with a sensorized insole that uses an ML algorithm to identify different patterns of vGRF and extract biomechanical characteristics that can help during clinical evaluation. The acquired data from the system was clustered by an immunological algorithm (IA) based on vGRF during gait. These clusters underwent a data mining process using the classification and regression tree algorithm (CART), where the main characteristics of each group were extracted, and some rules for gait classification were created. As a result, the system proposed was able to collect and process the biomechanical behavior of gait. After the application of IA and CART algorithms, six groups were found. The characteristics of each of these groups were extracted and verified the capability of the system to collect and process the biomechanical behavior of gait, offering verification points that can help focus during a clinical evaluation.
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1. Introduction


The number of studies about biometric parameters in humans has significantly increased in the last years, mainly because of the advances in microelectronics and wearable devices. For example, the ground reaction forces (GRF) during human gait can be obtained by force plates [1], instrumented treadmills [2,3], or sensorized mats [4] or insoles [5,6,7,8]. Amongst these technologies, the sensorized insoles allow the measurement of the plantar pressures and a posteriori estimate the calculation of the GRF’s vertical component (vGRF) [9,10] and how these pressures are distributed in the foot’s sole during movement [11,12]. This approach permits the investigation of different movement patterns [13], and it is portable and simpler to operate than the usual force plates.



Although there are commercial options for sensorized insoles (F-scan [14], Dynafoot2 [15], Flexinfit [16]), the acquisition costs are still a factor that limits the diffusion of this technology. Another factor is that commercial insoles have a closed system by the manufacturer, making integration with other software difficult, and it is impossible to modify the insole in terms of the number, position and size of sensors. These factors encourage the development of academic prototypes [5,11,17,18,19] to reduce costs and have greater control during data acquisition tests. These academic prototypes also seek to optimize the insoles’ layouts [20] to improve the correlation with force plates (the “gold standard”) by proposing different sensor configurations and varying the position and size of the sensors in the search for better results. However, the most academic prototypes use commercial force sensors [11,14,17,19], making the level of insole customization remain limited to the types of sensors available. In addition, some studies about the academical prototypes have poor documentation regarding the manufacturing process [17], data acquisition and processing system [15,17], and some of them do not have validation based on force plates [14,17]. Therefore, it was decided to develop a sensor that would fulfill the needs of this study. The insole developed did not use any commercial sensor, and all sensors used were customized and optimized for the application. This customization of the sensors prioritized the demands of the study, the durability of the insole and the costs of the equipment which added a degree of novelty to the equipment.



Sensorized insoles can provide gait kinetic information. Based on this information, machine learning techniques have been used to identify gait patterns for injury prevention [21,22]. The study of pattern recognition based on machine learning has already been used in kinematics [23,24], which can be referenced for applications in kinetics. Several clinical dysfunctions and overload-related injuries, such as patellofemoral syndrome or rupture of the knee’s anterior cruciate ligament, have been associated with abnormal movements in the frontal plane of the foot-ankle complex [25]. Either standard or abnormal foot pronation/supination movements can be identified using mathematic techniques based on machine learning (ML) [21,26] and can be used to predict future injuries [22].



According to Slijepcevic, Djordje, et al. [27], support-vector machines (SVM) and multi-layer perceptrons (MLP) are relevant ML techniques applied to gait analysis. These algorithms have two sensitive points: supervised training and they are considered a “black box” [27]. Supervised training requires prior knowledge of the gait patterns to be recognized or classified, and this knowledge is not always available. Human movement is considered a complex system [28], and it is not always clear to define a restricted number of initial patterns based on limited variables for training the algorithm. In this case, there is a risk of adding a tendency to the algorithm and restricting the generalization ability. After training the ML algorithms (SVM and MLP), it is not possible to directly evaluate the criteria adopted to perform the classification of data, and, therefore, they are called a “black box” solution.



Therefore, this work aims to present the development of a system for measuring and analyzing the vGRF through sensorized insoles. The sensorized insole proposed has an optimized layout, presenting increased sensor area, increased acquisition rate, and a low cost. The system analysis is based on an ML algorithm to identify different patterns of vGRF’s signals to extract biomechanical characteristics autonomously, without prior knowledge of the data. This work proposes implementing an unsupervised machine learning algorithm (immunological algorithm, IA) that will perform clustering of gait patterns without needing prior knowledge of the data. The response of this algorithm was used as a basis for training another algorithm (classification and regression tree, CART), from which it is possible to extract the criteria adopted to perform the classification. The interaction between IA and CART makes it possible to create a self-sufficient processing funnel capable of identifying and classifying gait patterns, providing a structured flow that underlies this answer. Hence, coaches, clinicians, and researchers can benefit from a low-cost, accurate, and user-friendly system for the clinical evaluation of walking.




2. Materials and Methods


A low-cost sensorized insole with resistive sensors was developed to obtain the gait information and build a database. An ML algorithm uses this database to seek similarities between an individual’s gait characteristics to cluster them and to construct a list of rules about this classification to explore potential relations. The typical algorithm for gait clustering and classification are K-nearest neighbors [29] and support-vector machines [29]. However, these algorithms must have supervised training [30]. Because of that, the immunological algorithm (IA) was chosen to perform the previous classification to overcome this limitation. The IA [26] is an ML algorithm based on unsupervised learning. This means that prior classification knowledge of the database is not required [22]. Once the algorithm adapts to the database, it becomes convenient to use it in a complex system of limited predictability [31]. After solving the problem of identifying the initial data, the classification and regression trees (CART) algorithm was chosen to extract features (i.e., data mining) [32] and explicitly show how the clusters differ themselves considering gait’s biomechanical characteristics. The CART is different from other classification algorithms such as MLP and SVM because the classification process is structured, allowing further exploration.



2.1. Insole Construction


The most popular sensorized insoles use two types of sensors: piezoelectric [33,34] and resistive [35]. Piezoelectric sensors record the pressure variation during activation, which compromises the assessment of static situations (i.e., constant pressure). Resistive sensors, on the other hand, use a conductive polymeric membrane capable of changing their conductivity when pressed. The sensorized insoles of the present study were built using resistive sensors, an electronic circuit was printed into a copper-coated polyamide blade (Figure 1a), and a conductive polymeric film was added to the pressure sensor regions (Figure 1a). In the literature, the regions of sensors’ positioning (plantar mask) may vary according to the purpose of the study and are usually numbered to represent the points of interest [22].



Seven regions were chosen to include the sensors according to the foot anatomy [20,36], and each region also has a relationship with the gait phases and their positions, which permits us to observe some behaviors of the following regions: posterior calcaneus (three sensors)—this region is the most important region to record loading response (first phase of gait); medial midfoot (navicular bone, two sensors) and lateral midfoot (cuboid bone, three sensors)—these regions can indicate medialization of plantar pressure and may be an indicator of flat feet or increased pronation; lateral forefoot (5th metatarsal head, one sensor), central forefoot (between the second and third metatarsals heads, one sensor) and medial forefoot (1st metatarsal head, one sensor)—these regions are responsible for recording terminal support and pre-swing. The balance between these three regions indicates medialization or lateralization of plantar pressure. Finally, the last region is the hallux (1st proximal phalangeal head, one sensor). This region marks the end of the stance phase and the beginning of the swing phase.



Each insole weighs 25 g with 2.0 mm of thickness and 12 sensors. Each one has 8.05 cm   2   of area. Saidani and Salma et al. [37] report satisfactory results using insoles with 6–12 sensors, and according to Fuchs and Philip et al. [20], with 11 sensors, it is possible to achieve the “optimal compromise between simplification and measurement performance.” In addition, there is a layer of EVA (ethyl vinyl acetate) shore 30 of hardness on the bottom face to protect the insole from breaking, replacing the shoes’ insole and standardizing the contact between the sensorized insole and the shoe (Figure 1c). According to Klimiec et al. [26], this additional rigid layer is a “technical solution to prevent film stretching to ensure the correct measurement of forces against the substrate.”



A micro-controlled circuit was built to perform the reading of each sensor through an analog port, sending a small voltage signal (3.3 V), recording and interpreting the voltage drops from their activation. The circuit was based on the ESP-32 microcontroller from the manufacturer Expressif because it has excellent processing power. The system was configured to acquire both foot data at a 375 Hz frequency, more significant than most insoles verified (Table 1), ensuring higher resolution during data acquisition. The sensor area was also bigger than usual (Table 1), helping the alignment of the anatomical regions of the foot on the sensor, a point presented as critical in the literature [20]. Both collected signals were synchronized by a router using a particular WIFI protocol from ESP-32 called espnow [38]. This protocol permits a peer-to-peer synchronization between sensors without losing the data package. After the synchronization, a router sent the information to the main computer using a serial connection to perform the data registration and post-processing using a custom-built software using C#. Table 1 shows the most popular resistive sensorized insoles in the market used for gait analysis compared to the proposed one in this study. However, the commercial systems show a high acquisition cost, stimulating many academic prototypes with novel sensor technology. Table 1 also shows some resistive instrumented insoles used for academic purposes.




2.2. Insole Calibration


Each sensorized insole was calibrated on a bench using a precision scale (Scale SF-400, max load 10 kg/1 g, China). First, they were placed on the scale, and every single sensor was pressed using a pre-established weight of 1 kgf to 8 kgf, increasing by 1 kgf per measurement [6]. Each measurement was performed three times to obtain an average of the measurements. Next, each cell was calibrated using linear regression to relate the captured values to the measured kgf [11] using Excel fit regression (Appendix C). Although the non-linear behavior of the electrical resistance drops of force resistive sensors is documented in the literature [40], it was observed that several authors used only the linear calibration functions [41,42,43], or they used the linear function as a reference for comparison, and they concluded that the linear calibration function produced superior results to non-linear functions [44,45]. This is because the acquisition system cannot measure the resistance drops directly but instead measures the generated voltage drops, which is the inverse of the resistance [40]. These voltage drops have a behavior that is nearly linear in a specific operating range that ignores very low pressures (at the beginning of deformation, where the non-linear behavior is predominant) and very high pressures (close to the sensor limit). According to the sensor calibration manual of the company TECKSCAN, the manufacturer of the (F-Scan), used as a reference, the proposed calibration function is a linear function [46]. Finally, each linear coefficient was used after calibration to adjust each sensor’s time series during gait tests presented forward.




2.3. Ethical Approval


The present study was approved by the Institutional Research Ethics Committee (CAAE 00890818.8.000.5149) and conducted according to the Declaration of Helsinki.




2.4. Sample Size Calculation


To guarantee an appropriate sample size calculation and power analysis, we used G-Power (v.3.1.9.7) software [47]. The statistical test chosen on G-Power was the bivariate normal test with two tails using as a parameter Cohen’s d = 0.6,  α  = 0.05 and power equal to 0.95 [47]. The sample size necessary was calculated to be 30 participants.




2.5. Participants


Participants with the following inclusion criteria were recruited: between 18 and 45 years old, body mass index (BMI) between 20 and 34.9 kg/m   2  , no surgery on the lower limbs and lumbar spine in the last six months, and no reported neurological disorders. A total of 32 participants (18 men) were recruited during this study. Discomfort or difficulty in performing the tests was considered an exclusion criterion. Failure of equipment or data loss was also considered an exclusion criterion. All 32 participants were considered healthy. Most studies involving the validation of sensorized insoles use healthy volunteers [48] to avoid significant variations in the ground reaction curves due to a pathology that may mask or interfere with any error that the instrument may present.




2.6. Testing and Validation Process


After the calibration and signing of a free and informed consent form, each participant wore a pair of insoles and walked on the treadmill at a self-selected speed for 60 s to get used to the insole and then added 60 s for data collection.



The validity analysis was performed empirically by performing a concurrent validity analysis, in which the result of a developed instrument is compared with a “gold standard” [49]. In this way, the sensorized insoles’ force estimations were compared against those from a double-belted instrumented treadmill containing two force plates (TFP) and a walking surface of 1.75 × 1 m (Bertec at 1000 Hz, Bertec Corp, Columbus, OH, USA [50]) to verify the validation of the insoles’ sensors. However, there is no consensus in the literature regarding the calculation of validity [51]. The Pearson coefficient [39,52,53] is one of the most used coefficients and can be complemented with the coefficient of multiple correlations (CMC) [54,55]. According to Mukaka [56], correlation values above 0.7 are considered high correlation and, in this study, were the minimum value necessary for validation. For the validity calculation, 30 steps from all recorded steps were considered (selected by the central part, excluding the extremes), and arithmetic mean was performed to obtain a single mean step representing the volunteer’s gait. The average curves were synchronized starting based on the initial contact phase of the gait, and the acquisition frequency of the instrumented treadmill (force plate) was adjusted to the same as the sensorized insole. The raw data was filtered with a 4th order low pass Butterworth filter with a cut-off at 6 Hz for the kinematic data and 15 Hz for the kinetic data.




2.7. Pronation/Supination Classification


The kinematics were tracked in the Qualisys Track Manager program (Version 2019.3, Qualisys MEDICAL AB, Göteborg, Sweden) and processed in the Visual3D x64 Professional program (v2020.02.04, C-Motion, Germantown, MD, USA) to verify pronation and supination on the ankle join in the frontal plane during gait (Appendix B).




2.8. Immunological Algorithm (IA)


The data collected in each trial were composed of seven time series from the insoles’ sensors arrangements with one minute each. Then, the vGRF could be estimated at each moment by summing all signals and applying the calibration curve (Section 2.2). In sequence, the vGRF estimated data of each lower limb (left and right) were input to the IA. This way, it was initially analyzed in 64 different walking trials (32 participants’ both feet). After the tests, the IA processed the data and automatically grouped them. Each group contains samples of vGRF normalized by the maximum value (i.e., data variation was between 0 and 1). This study’s magnitude of vGRF was not considered, focusing only on the waveform.



The input data underwent Fourier transform to change the domain from time to frequency. Prasanth and Hari et al. [57] reported in a systematic review that less than 5% of data analysis occurs in the frequency domain, justified by simplicity, intuitiveness, and computational complexity. Frequency domain analysis has already been applied in recognition of kinematic gait patterns [58], and it was possible to detect biometric patterns. However, according to Chockalingam, Healy, and Needham [1], the time-domain analysis is limited to the selected points on force-time graphs. However, in the frequency domain, the analysis is extended to the entire waveform, making the identification of gait abnormalities more useful [17]. Additionally, this was an attempt to represent the temporal data, decrease dimensionality to reduce the time for data processing, and standardize the problem to improve the IA results [59]. The generated Fourier coefficients represent the chromosomes of the antigens to be recognized by the immune system [30]. The silhouette criterion and the clonal selection (CLONALG) were used with a random mutation operator to evaluate the interactions based on antigen-antibody. The silhouette coefficients are the most common metric in unsupervised learning algorithms, being able to concentrate cohesion and separation metrics in a single indicator [60]. More information about this procedure is detailed in [59,61]. The IA was an authorial implementation in Visual Studio (2019, Microsoft, Redmond, WA, USA ) using the open-source MathNet.Numerics package (https://numerics.mathdotnet.com/ accessed on 8 January 2022). Figure 2 presents a diagram of the grouping process.




2.9. Classification and Regression Trees (CART)


The IA grouped the samples with similar curve shapes (based on the frequency spectrum), adding to the database new information: group classification number. After grouping, an investigative process was started to identify common characteristics that may facilitate the clinical interpretation of possible relevant issues of each group (Data Mining). In other words, a set of bioindicators used in pronation studies involving GRF was calculated for each walking phase (as described ahead), which are: mean force (MF) [62], impulse (Im) [62], the mid-lateral center of pressure axis (COPx) [63], and time duration percentage (DP) [63]. These bioindicators were extracted from the same database and were used as predictors for the training of the CART algorithm. They were statistically validated with TFP using a Student’s t-test (paired two-sample), and the results indicated no significant difference between SI and TFP. In this process, the CART was not used to predict results but to find the bioindicator’s cut-off points to define a specific group. Mean force (kgf) was calculated as the arithmetic average of vGRF registered, while impulse (kgfs) was the product of force by time on each walking phase. During walking, the impulse is related to force absorption [64]. The center of pressure (COP, in mm) was the GRF’s virtual mean position acting on the foot’s sole [65]. It generally starts slightly away from the posterior end of the calcaneus [66] and travels on the foot’s sole during the stance phase towards the second metatarsal head [60]. This path can be calculated based on Equations (1) and (2) [7,65].


  C O  P x   ( t )  =    ∑  i = 1   i = 7    X i  P  x i     ∑  i = 1   i = 7    X i     



(1)






  C O  P y   ( t )  =    ∑  i = 1   i = 7    X i  P  y i     ∑  i = 1   i = 7    X i     



(2)







These equations use weighted averages of the sensors’ positions (Px and Py) and the forces registered by the sensors (Xi), considering the center of the calcaneus as the origin of the coordinate system [65]. Thus, the COP’s initial and final position in each phase could be verified, giving quantitative information for clinical assessments. For example, COP’s medialization or lateralization can be used as an indicator of foot pronation or supination [30]. Finally, time duration (in percentage) was the mean time spent on each walking phase.



In sequence, the group’s information from the IA was used as an outcome for the CART analysis, and the bioindicators were used as predictors. Each bioindicator was analyzed at four different moments, following the specific walking phases presented in Figure 3: loading response, midstance, propulsion (terminal stance and pre-swing), and swing [67]. These walking phases could be identified through the sequence of combined active sensors [67,68], as depicted in Figure 3. First, the loading response phase was detected when the calcaneus area achieves 2.0 kg after a period without loading (swing phase). Next, the midstance phase begins when the anterior region (central forefoot, medial forefoot, lateral, and hallux) achieves 2.0 kg and the calcaneus is still recording loading. Next, when the calcaneus stops recording, loading begins the propulsion phase (terminal stance and pre-swing). Finally, when all sensors detect no loading, the swing phase begins.



After the CART training, a decision tree was generated, and a cascade of decision rules was constructed to relate the predictors to the outcome [69,70]. This algorithm can deal with multiclass classifications and regressions and is widely used as a data extractor [1]. The attributes and similarities used to separate the groups and detect the cut-off point for each group could be identified. The CART was performed on WEKA software (version 3.8.5, University of Waikato, New Zealand). Figure 4 presents the step-by-step sequence of the data processing from the participants’ test to the CART algorithm.





3. Results


3.1. Insole Verification


The Person’s correlation coefficient between the insoles and the scale was 0.95 (ranging from 0.93 and 0.97) for the calibration and 0.94 (ranging from 0.90 to 0.98) compared with the force plate after applying the correction factors. The smaller standard deviation was 0.15, and the greater was 0.45. Figure 5 shows two GRF’s vertical components time series (insoles vs. force plate). The insole-based system had the worst performance in estimating the midstance amplitude (approximately 50% of the cycle).




3.2. Kinematics Evaluation


The kinematics of each sample (64 samples—32 participants, both feet) were tracked and verified on the frontal plane to classify the data into three groups: pronation, supination, and neutral on impulse phase. Figure 6 shows the normalized ankle’s angle on the frontal plane representing each behavior. The pronation behavior was defined arbitrarily for analysis purposes as when the ankle’s angle was smaller than −0.5 (Figure 6a) during the push-off. The supination behavior was defined as when the ankle’s angle was bigger than 0.5 (Figure 6b), and the neutral was defined as when the ankle’s angle was between −0.5 and 0.5 (Figure 6c).




3.3. Data Processing


After applying the IA, the silhouette coefficients achieved a maximum value of 0.74 for seven groups with the following distribution of vGRF samples: 18 in Group 1, 8 in Group 2, 6 in Group 3, 6 in Group 4, 12 in Group 6, 7 in Group 6 and 7 in Group 7. The CART algorithm correctly classified samples at a rate of 86% and was considered a good result compared with the usual ML injury prediction models [21,22]. This means that 86% of samples have a unique set of features that allows the system to identify a specific behavior on walking using the bioindicators. During the training process of the CART algorithm, Group 7 was excluded because all members of Group 7 were considered errors and were removed from the analysis. This means that Group 7 could not identify a specific behavior in walking using the bioindicators.



Therefore, six groups entered the final results, with 57 trials (total without Group 7). Figure 7 shows all six groups obtained after the data processing.



Group 1 (Figure 7a) was considered the typical group because the shape of the curve (vGRF) is similar to what is expected based on the literature [71]. In this group, an increase in the average forces during midstance (18.5%) as well as in the midstance duration (6.9% as the database average) were found. When analyzing the group members, on average, the COP had a medialization of around 22.5% in midstance. Group 1 had a prevalence of pronation (55.5%) but still had an expressive presence of supination (27.7%) and neutral (16.8%) behavior. Altered forces during the loading response were found in Groups 2, 3, and 4. Group 2 (Figure 7b) was characterized by a bigger impulse (27.4%) and average force (21.2%) during propulsion. Group 2 had a prevalence of pronation (75%) and a small presence of supination (12.5%) and neutral (12.5%) behavior. Group 3 (Figure 7c) was characterized by a decreased impulse (19.76%), mean force (5.2%), and increased loading response duration (12.7%). Group 3 had a prevalence of pronation (66.7%) and a small presence of supination (16.7%) and neutral (16.7%) behavior. Group 4 (Figure 7d) was characterized by a reduced loading response duration (15.7%). This decreased loading response duration was accompanied by a decreased midstance duration (8.5%) and a reduced average force (20.1%). Group 4 had no pronation behavior recorded and a small presence of supination (16.7%). Neutral (83.3%) behavior dominated this group. Altered forces during the propulsion were found in Groups 5 and 6. Group 5 (Figure 7e) had an increased propulsion duration (18.7%). Group 6 (Figure 7f) was characterized by a reduced impulse (44%) and average force (37.8%), as well as decreased peak force (28.5%). In Groups 5 and 6, pronation or supination behavior was not detected. Figure 8 shows the decision-making structure extracted from CART after the pruning and exclusion of Group 7.





4. Discussion


The aim was to develop a system to measure the vGRF and identify different patterns of vGRF signals to extract biomechanical characteristics. As a result, six groups emerged, showing particular behaviors that would help examiners to focus their attention, such as the activation of medial midfoot sensors (Group 1) and increased or decreased forces during the loading response (Groups 2, 3, and 4) and propulsion (Groups 5 and 6). Each one of these groupings may represent certain conditions, as discussed below.



The activation of medial midfoot sensors (Group 1) can represent, for example, excessive foot pronation or even the severity of flat feet. In a study about the COP path in elderly adults, a medial deviation of COP was observed, an indicator of pronation [72]. Groups 1, 2, and 3 have a predominance of pronation behavior and corroborate this relationship between COP and excessive foot pronation, although the increase in midstance mean force or activation of the medial midfoot sensors was not always present. The CART flowchart shows the opposite relationship between values of midstance mean force on Group 2 and pronation behavior. Thus, simplifying cause and effect, where a relationship of increased midstance mean force or activation of the medial midfoot sensors indicates excessive foot pronation, is reckless and is not confirmed in practice.



Altered forces or duration on the loading response phase (Groups 2, 3, and 4) can be related to gait strategies to absorb impact since increasing forces during the loading response can overload cartilages and joints [73]. Moreover, the altered forces during propulsion found in Groups 5 and 6 can result from the ankle plantar flexors’ performance [73]. Although this could not be verified in the present study, these muscles are considered the most significant contributor to impulse in terms of force intensity and time duration. Therefore, any alteration in these parameters may be related to ankle plantar flexors’ weakness or movement compensation [74].



Some methodological limitations could be identified, and they will be implemented in the future. Firstly, the developed sensorized insoles, similar to the commercial ones, could measure only the vertical component of GRF. The most used GRF component in the gait analysis, the anteroposterior and mediolateral axes, are crucial for quantifying the torsional forces in the lower limbs. Secondly, the system could not measure the kinematics, thus providing a complete solution for human motion analysis. Initially, it was developed to measure only the foot kinetics as their sensors, but, in the future, other devices like the inertial sensors will be added to the system. Thirdly, the sensorized insoles had the lowest accuracy in registering the plantar pressure during midstance. In this phase, the foot has a high area in contact with the ground during the gait cycle, so the area with no sensor increases its contribution to the vGRF calculations, which must be compensated for in future versions. However, even with these characteristics, the sensorized insole achieved a mean Pearson superior to 0.90, a very high positive correlation [56]. Finally, the appearance of a group of GRF patterns (Group 7) during the IA processing, for which CART could not identify patterns that differentiate them, draws attention once again to the complexity of human movement. This situation was caused by the limited amount of bioindicators available as predictors for CART, causing no related behavior patterns to be found. Different behavior patterns, such as Group 7, can be found if the number of volunteers increases or the employment of other biomarkers and, with this, a better approach will be possible.



Likewise, other factors may have impacted the results, such as the architecture of the foot arches, how tight the shoes were, and the correct placement of the insoles into the shoes. Differences in foot arches were expected, so they were not used as exclusion rules and were not considered in the analysis. A sequence of pre-tests were performed to control the tightness of shoes and correct placement of the insole. Additionally, the developed system could not identify or rank possible causes for the bioindicators’ variation found in those six groups, since it was not within the scope of this study. However, it could be used to identify patterns to be deeply investigated.



The system developed could extract typical behaviors from the time series based on bioindicators from the human gait based on a database. Expanding this database with more samples can increase the number of groups to find different recognition patterns, enabling a continuous process and adaptive improvement. Although the study included only healthy volunteers, based on the inclusion, only people with neurological disorders and with a history of recent surgery were excluded, including volunteers who may have altered gait due to other factors, such as excessive pronation and supination or muscle weakness or shortening. Even in healthy volunteers, there is a presence of different gait patterns that can be used as predictors of injury [22]. Identifying gait patterns in healthy volunteers can be considered a challenge for the system [21] since the changes in gait are not as evident as in patients with neurological disorders. Sometimes, these different patterns can present themselves in different intensities and combinations, making gait analysis difficult. Therefore, the system demonstrates enough sensibility to distinguish different patterns and establish cut-off limits between different standards and can be used to investigate the potential risk of injury.




5. Conclusions


In summary, the system offered a portable and compact solution with hardware and software integration that can collect and accurately process the vGRF during walking and classify the walking behavior according to clinical groups without prior knowledge. The work’s main objective was achieved. During the execution of the work, the decision to develop an authorial sensorized insole proved to be a good decision. This is because it was possible to achieve a high correlation with a force plate and high acquisition frequency using Wi-Fi data transmission to fully control the hardware and software architecture, allowing a continuous improvement of the equipment and the system. It was also possible to obtain a good finish of the product that puts the insole prototype at an advanced stage compared to other academic prototypes regarding serial production and commercialization without depending on third-party equipment. The results of the cooperative application of machine learning techniques presented good results. The use of IA allowed a prior grouping of data based on the behavior of the vGRF without the need for prior knowledge on the researcher’s part, self-regulating the number of groups that presented different characteristics from each other. The CART applied afterward allowed relating spatial-temporal variables and bioindicators to the vGRF patterns, allowing to sketch potential relationships of kinetic and kinematic behaviors. The system presented great exploratory potential and proved to be an excellent tool to improve the understanding of gait and its complexities. Furthermore, the measured biomechanical characteristics may help the foot’s functional evaluation by offering quantitative parameters (bioindicators) without requiring extensive motion laboratory infrastructure and exhaustive calibration and preparation routines.
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Appendix A


The validation of the variables used during the study was performed using the sensorized insole together with the treadmill force platform. Each gait was collected following the same parameters adopted in the methodology. Figure A1 presents the identification of each of the variables used. Table A1 and Table A2 shows the results.
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Figure A1. Identification of each of the variables used for statistical verification. Legend: I1: impulse during load absortion; F1: peak force of loading response; F2: low force of midstance; F3: peak force of push-off (impulsion); T1: time into loading response; T2: time into midstance; T3: time into impulsion; T4: total time to stance phase. 
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Table A1. Kinetic verification.






Table A1. Kinetic verification.





	
Localized Verification




	

	
RMSE

	
p-Value

	






	
Peak force of loading response (F1)

	
2.34

	
0.0165

	




	
Low force of midstance (F2)

	
6.08

	
0.0760

	




	
Peak force of push-off (F3)

	
5.38

	
0.095

	




	
COPx (load response)

	
0.057

	
0.0432

	




	
COPx (midstance)

	
0.118

	
0.0821

	




	
COPx (push-off)

	
0.214

	
0.3123

	




	
Curve Correlation




	

	
Pearson

	
RMSE

	
CMC




	
COP X

	
0.82

	
0.21

	
0.93




	
GRF

	
0.94

	
0.29

	
0.88








Legend: GRF: ground reaction force; COPx: center of pressure (Axis X); RMSE: root-mean-square error; CMC: coefficient of multiple correlations.
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Table A2. Time Variables Verification.
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	RSME
	p-Value





	Time of Loading Response (T1)
	0.01
	0.04



	Time of Midstance (T3-T1)
	0.02
	0.08



	Time of Push-off (T4-T3)
	0.01
	0.31







Legend: RMSE: root-mean-square error.












Appendix B


For kinetic and kinematic data acquisition, 14 mm passive retro-reflective markers were fixed to each participant, seven on each individual’s lower limb. The markers were positioned in the: central region of the calcaneus, head of the first metatarsal, head of the fifth metatarsal, over the lateral epicondyle of the femur, over the medial epicondyle of the femur, over the lateral malleolus, and over the medial malleolus. In addition, a rigid cluster with four passive retro-reflective markers was positioned in the posterolateral region on the distal third of the leg using an elastic band and double-sided tapes (Figure A2b –Appendix B). Data acquisition in a standing position was performed for five seconds, which was later used to create the biomechanical model and served as a biomechanical reference for the angular variations (Figure A2c –Appendix B). Subsequently, the anatomical markers on the epicondyles were removed, and gait acquisition was performed. The markers were tracked in the Qualisys Track Manager program (Version 2019.3, Qualisys MEDICAL AB, Sweden) and processed in the Visual3D x64 Professional program (v2020.02.04, C-Motion, USA). The raw data were filtered with a 4th-order low-pass Butterworth filter with a cut-off at 6 Hz for the kinematic data and 15 Hz for the kinetic data. The foot segment was modeled as a rigid cone, defined anteriorly by the metatarsal marks and posteriorly by the calcaneus mark. The leg was modeled as a rigid cylinder, defined proximally by the marks of the epicondyles and distally by the marks of the malleolus. For analysis of the movement of the ankle-foot complex, the frontal plane was considered.
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Figure A2. (a) Sensorized insole system for research (bigger battery). (b) Preparation of the participants for data acquisition with the joint use of the sensorized insole and the treadmill force plate TFP. (c) Data collection in a motion analysis laboratory. 
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As a result of data processing (vGRF and kinematics of ankle in the frontal plane), pronation behavior was considered values smaller than 0.33 in the push-off phase using the normalized ankle’s angle, 0.33–0.66 was considered neutral behavior, and values greater than 0.66 were considered supination behavior. Therefore, the normalization process was conducted by dividing the values by the maximum value during the stance phase.




Appendix C


The calibration of the sensors was performed with a static load. A structure was mounted on a precision scale (Scale SF-400, max load 10 kg/1 g, Global Mix) to allow constant pressure on the sensors on the scale (Figure A3). A piston contained in the device was responsible for pressing the sensors against the scale (8 kgf maximum force), recording the simultaneous readings of the sensors and the scale and verifying the repeatability of the results and establishing a correlation equation between the signals. Figure A4 shows the calibration results for one place (the calcaneus area from an insole). Function f(x) represents the conversion of the percent of voltage drops read by the microcontroller and the load applied (X) on each senor. Each insole had its own calibration curve. All cells were tested three times, and the average was used to calibration process.
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Figure A3. Device used for force dosing: 1—pressure lever; 2—fixing structure; 3—insole to be calibrated; 4—precision scale. 
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Figure A4. Calibration curve for calcaneal region sensors. 
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Figure 1. (a) Visualization of the seven regions of sensors with 12 sensors in total. (b) Visualization of the finished sensorized insole. The picture also shows the EVA base of the insole (2). (c) Visualizing the compact sender device (1) that connects with a sensorized insole using an RJ45 connector. 
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Figure 2. Data flowchart steps using IA. Each antigen-antibody interaction is evaluated using root-mean-square error to quantify this interaction sample by sample. After the evaluation process, a new group of samples is created if the mean of all RMSE is satisfactory. If the mean of all RMSE does not achieve the goal, one sample would be removed from the database, and the process is restarted until a new group is achieved. All removed samples were submitted again to the same process separately until all samples were grouped. 
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Figure 3. Walking phase identification based on activation sensor sequence. “Loading response” is based on calcaneus activation, “midstance” is based on calcaneus, lateral forefoot (5th metatarsal head), central forefoot (between the 2nd and 3rd metatarsals heads), and calcaneus activation, “Propulsion” is based on lateral forefoot (5th metatarsal head) and central forefoot (between the 2nd and 3rd metatarsals heads) activation, and “Swing” is based on no activation. 
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Figure 4. Data pipeline steps. All data were filtered, and a Fourier transform was applied before using the IA. As a result of IA, each sample would receive a group number based on Fourier spectrum similarities (result from IA processing). The group information was used as an outcome for the CART. After CART processing, the result was a list of N groups with similar gait behaviors. 
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Figure 5. vGRF normalized curves dividing by maximum value during 1-min walk using the sensorized insole (red line) and the force plate (blue line) as reference. The shadows are the respective standard deviations. (a) Greater correlation sample and (b) smaller correlation sample. r: Pearson correlation coefficient. 
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Figure 6. Normalized Ankles’ Angle on the frontal plane on time, during stance phase, and with the zero references on orthostatic position. Figure (a) shows an example of pronation, (b) supination, and (c) neutral. 
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Figure 7. vGRF and COP average of each group. The continuous line is the mean of the one-minute test, and the shadows are one standard deviation of the group. The COP chart is marked with the transition of each gait: (a) Group 1, (b) Group 2, (c) Group 3, (d) Group 4, (e) Group 5, and (f) Group 6. GRF: Ground reaction force. COP: Center of pressure. 
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Figure 8. A flowchart of the decision-making structure extracted from CART after the pruning and exclusion of Group 7. Values of force and duration were normalized between 0 and 1, and values of COPx were normalized between −1 and 1. 
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Table 1. Comparison among the most popular resistive sensorized insoles.
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	Insoles
	Number

of Sensors
	Freq. (Hz)
	Thickness (mm)
	Sensor

Area (cm    2   )





	Proposed Insole    2  
	12
	375
	2.00
	8.05



	F-Scan    1   [14]
	960
	750/100 (Wi-fi)
	1.50
	-



	Dynafoot    1   [15]
	58
	100
	-
	-



	Medica Flexinfit    1   [39]
	214
	25–50
	0.30
	2.27



	Medilogic    1   [16]
	240
	50–100
	1.60
	-



	R. Eguchi    2   [11]
	14
	80
	-
	-



	Wei-Chun Hsu    2   [17]
	5
	100
	0.45
	1.27



	Ivanov    2   [5]
	9
	25–50
	0.80
	0.71



	A. Tiwari and D. Joshi    2   [18]
	16
	88
	2.50
	-



	Guo et al.    2   [19]
	8
	100
	-
	2.62







1—Commercial insoles 2—Academical insoles.
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