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Abstract: Inertial measurement unit (IMU) sensors are widely used for motion analysis in sports 

and rehabilitation. The a�achment of IMU sensors to predefined body segments and sides 

(left/right) is complex, time-consuming, and error-prone. Methods for solving the IMU-2-segment 

(I2S) pairing work properly only for a limited range of gait speeds or require a similar sensor con-

figuration. Our goal was to propose an algorithm that works over a wide range of gait speeds with 

different sensor configurations while being robust to footwear type and generalizable to pathologic 

gait pa�erns. Eight IMU sensors were a�ached to both feet, shanks, thighs, sacrum, and trunk, and 

12 healthy subjects (training dataset) and 22 patients (test dataset) with medial compartment knee 

osteoarthritis walked at different speeds with/without insole. First, the mean stride time was esti-

mated and IMU signals were scaled. Using a decision tree, the body segment was recognized, fol-

lowed by the side of the lower limb sensor. The accuracy and precision of the whole algorithm were 

99.7% and 99.0%, respectively, for gait speeds ranging from 0.5 to 2.2 m/s. In conclusion, the pro-

posed algorithm was robust to gait speed and footwear type and can be widely used for different 

sensor configurations. 

Keywords: sensor location; wearable sensor; IMU-2-segment pairing; I2S pairing; stride-time  

estimation; side identification; IMU sensor placement 

 

1. Introduction 

Thanks to technological advances, inertial measurement units (IMUs) are available 

in small sizes, at low cost, and are widely used for biomedical applications such as gait 

analysis [1], rehabilitation [2], sports [3–5], injury prevention [6,7], and activity monitoring 

[8]. In general, the data from single or multiple IMUs placed on body segments are fused 

to obtain spatiotemporal parameters [9] or joint orientation [10] during movement. While 

the setup time and ease of preparation are crucial for the popularity of the wearable sys-

tem, the user must often be very careful to place sensors correctly on each body segment, 

as the motion analysis algorithms usually rely on sensor configuration. Simple and quick 

installation/uninstallation of sensors has been considered the highest desired characteris-

tic for practical use of IMU in clinics [11]. We can consider two types of sensor misplace-

ment. The first assumes that the sensor is placed on the correct segment but its orientation 

with respect to the underlying bone is arbitrary. In this case, the placement error is usually 

minimized by a functional or anatomical calibration that aligns the sensors with the ana-

tomical framework of the segment [12]. The second type of misplacement which is the 
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subject of this study, is where the sensor is not placed on the correct segment, for example, 

when switching between the left and right limb or between the lower and upper limb. 

While a verification procedure could reduce this error, it adds additional load to the user 

who may not have the technical knowledge. Moreover, it extends the installation time 

which should be limited, especially when it comes to measurements on patients. In addi-

tion to this, any user is prone to human error, especially in multi-sensor applications 

where each sensor has to be a�ached to a specific body segment. The error is even more 

important for applications where the installation of the sensors should be carried out by 

the patient or his/her entourage. This study investigated solutions for this second type of 

error, where an automatic pairing of the IMU to the segment (I2S) was proposed to over-

come this problem and make the application of IMU motion capture systems simpler. 

Several algorithms have been previously proposed for automatic I2S pairing [13–23]. 

Weenk et al. [22] suggested an algorithm that identified the body segment of the IMU 

sensors using a decision tree with fixed thresholds, and features were extracted from the 

amplitude of the IMU signal. The algorithm works appropriately for the same sensor con-

figuration and self-selected range of gait speed in healthy subjects and patients with ante-

rior cruciate ligament injury. However, the amplitude of the IMU signal is highly depend-

ent on the gait speed [24,25], and the performance of the algorithm depends on the walk-

ing speed [22]. Mannini et al. [21] developed an accelerometry-based algorithm to reco-

gnize the sensor location on the ankle, thigh, hip, arm, and wrist using features in time 

and frequency domain that compared the amplitude of all sensors together. Although it 

solved the problem of gait speed, it required having the same sensor configuration, which 

limits generalizability. Other studies [18,19] developed algorithms to detect the location 

of smartphones in the breast/hip pocket, bag, or hand during normal walking. Weenk et 

al. [22] also proposed an algorithm to identify the side by extracting the orientation of the 

sensors in the global frame and computing the correlation coefficients with the sensor on 

the sacrum. Another study [25] proposed a method to categorize the side of the feet sen-

sors to side 1 and side 2, but it could not classify to the right and left. Therefore, to the best 

of our knowledge, there is currently no robust and generalizable method to identify the 

location and side of IMU sensors on body segments during gait analysis. 

The main objective of this study was to develop and validate a biomechanically-

driven machine learning algorithm that could accurately identify the location and side of 

IMU sensors on body segments. To ensure the algorithm’s robustness, we tested it under 

varying conditions, including different gait speeds, footwear types, and pathological gait 

pa�erns. We also designed the algorithm to accommodate a wide range of sensor config-

urations, whether they involve a single sensor or multiple sensors. In developing the al-

gorithm, we extracted features from individual sensors without making any inter-sensor 

comparisons. To improve accuracy in a wide range of gait speeds without complicating 

the I2S pairing, we developed a method to estimate the stride time when the sensor’s lo-

cation was unknown. We scaled the IMU signals by the estimated stride time to minimize 

the dependency of the I2S pairing algorithm on gait speed. 

2. Materials and Methods 

2.1. Experimental Protocol 

A total of 34 participants, including 12 healthy subjects and 22 patients with medial 

compartment knee osteoarthritis (OA), participated in this study (Table 1). Eight IMU sen-

sors (Physilog 4, GaitUp, Lausanne, Swi�erland) were a�ached to the feet, shanks, thighs, 

the sacrum, and the trunk and synchronously recorded data at 200 Hz. Each IMU meas-

ured the tri-axial angular velocity (����  ����  ����  ) and acceleration (����  ����  ����  ). 

The sensor locations were noted for validation and the sensor orientations with respect to 

the body segments were arbitrary. Participants were asked to walk along the lab back and 

forth at three different gait speeds. A pair of instrumented insoles (Pedar, Novel, Munich, 

Germany) were fixed in the shoes and were used as a reference system to measure the 
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contact time of hind foot with the ground. This insole has been reported as accurate and 

reliable as force plate in gait measurements [26]. So, we used it as the gold standard for 

estimation of the stride time. To investigate the robustness of the algorithm to footwear 

type, extra trials were collected without insoles. To avoid long test duration, these extra 

trials were performed only at self-selected speed (Figure 1). 

Table 1. Participant demographics. 

Group Age Sex Height (cm) Mass (kg) 

Healthy 

subjects (N = 12) 
34.3 ± 9.5 

11 males 

1 female 
177.5 ± 6.5 77.3 ± 16.1 

Patients (N = 22) 45.4 ± 11.6 
16 males 

6 females 
173.7 ± 10.1 87.6 ± 15.7 

In order to simulate abnormal gait pa�erns and to consider the effect of instruments 

on gait, healthy subjects repeated the test while wearing an ankle–foot orthosis (Agilium 

Freestep, O�obock, Duderstadt, Germany) that decreased the foot progression angle [24] 

and tibia varus [25]. For each condition (i.e., with/without brace or insole) and each gait 

speed (slow, self-selected, and fast), six straight walking bouts with minimum two gait 

cycles were captured. Wri�en informed consent was obtained from all participants, and 

the study was approved by the local ethics commi�ee (CER-VD protocol 2020-01894). 

 

Figure 1. Graphical summary of the experimental protocol, including healthy subjects and patients. 

All subjects walked at three speed levels: self-selected, slow, and fast while wearing an instrumented 

insole. All subjects also walked at self-selected speed after removing the insole. To investigate the 

deviated gait pa�ern, healthy subjects walked with the brace at three speed levels. OA: osteoarthri-

tis. 

2.2. I2S Pairing 

The I2S pairing consists of two parts: automatic segment detection (i.e., trunk, sa-

crum, thighs, shanks, feet) and then side (left and right) identification for lower limb seg-

ments. Prior to analysis, all IMU signals were low-pass filtered (recursive Bu�erworth 4th 

order with cut-off frequency at 4 Hz) to remove the noise [27,28]. 

2.2.1. Automatic Segment Detection 

We assumed that both the distal location of the sensor and the higher gait speed 

would increase the amplitude of the IMU signal. This is consistent with a previous study 

[25] in which the amplitude of IMU signals was higher at distal segments than at proximal 

and all changed with gait speed. Therefore, to find robust criteria, we first estimated the 

stride time as a proxy of gait speed and scaled the IMU signals before feature extraction 

since absolute thresholds typically change with gait speed [22,25] and relative compari-

sons of features [25] at different locations would limit the application of the algorithm to 
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the similar sensor configuration. In this regard, we first estimated the mean stride time for 

each walking bout when the sensor location is unknown. Then all IMU signals were scaled 

by multiplication by the mean stride time to reduce the effect of gait speed and amplify 

signal difference between segments. The relevant features from |Gyr| and |Acc| were 

extracted for a moving window (without overlapping) equal to one mean stride time. The 

median of the features for different windows in each walking bout was utilized for ma-

chine learning (Figure 2). 

 

Figure 2. Overview of the I2S pairing with the IMU input corresponding to each of the used signals. 

The inputs of the side identification algorithm are the foot, shank, and thigh sensors detected in the 

first part. 

Stride-time estimation—Existing algorithms for estimating gait cycle or stride time 

rely on knowing the location of the sensor on a specific body segment [9,29–31], which is 

not useful here. We proposed a generic algorithm to estimate the stride time when the 

sensor location is unknown. In this regard, two analyses were performed on time and 

frequency domain. In frequency domain, the power spectrum of each IMU signals and 

norms (i.e., 8 signals: (����  ����  ����  |���| ����  ����  ����  |���|) were computed (FFT 

function in Matlab 2021a [32]), and the first peak higher than a certain threshold was iden-

tified in each of eight spectrums. As initial estimates of the stride time the inverse of the 

eight multiplicative inverses of dominant frequencies were considered (������ �������). 

Then, we did an estimation in time domain, by assuming that the integration of each an-

gular velocity component (���� , ����  and ���� ) during a gait cycle should be close to 

zero, because the orientation of the sensor at the beginning and at the end of a gait cycle 

should be the same. Thus, for each IMU, we found the minimum window size that mini-

mize the root mean square of the residuals of three components of angular velocity. In this 

regard, the window size (WS) was incrementally increased ( ����� = ��� +
�

�������� ���������
) from the initial value of ��� = 300 ms. The initial value of 300 ms was 

selected to reduce the computation time since the stride time even in fast walking is 

greater than 300 ms. For each window size, the residual was computed as root mean 
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square of the median of residuals over different not-overlapping windows in each walking 

bout (Equations (1)–(4)). 

���� =  (����
�)� + �����

��
�

+ (����
�)� (1) 

with 

����
� = ������  � � ���� 

�����

�

�      (2) 

����
� = ������  � � ���� 

�����

�

� (3) 

����
� = ������  � � ���� 

�����

�

�      (4) 

��� � = 0 ∶  ���  ∶  � × ��� , � ∈ �    &   (� × ���) < ������ ��������  

To avoid errors sourced from gait initiation and termination (that the residuals are 

not zero theoretically), the median was used to select the residuals over different windows 

in each walking bout. The window size associated with the first index n that minimizes 

the residual in Equation (1) was considered as the second estimate of the stride time as 

shown in Equations (5) and (6): 

������ ������������ �������� = ����      (5) 

 �� = min��������(����)� (6) 

In the final step, out of eight estimates of stride times based on frequency analysis, 

the one closest to the second estimate of stride time based on residual analysis was se-

lected as the mean stride time of the walking bout (Equations (7) and (8)). 

���� ������ ���� = ������ �������
�̂

 (7) 

 �̂ = �������  �������� �������
�

  −   ������ ������������ ����������    1 ≤ � ≤ 8 (8) 

This procedure was performed for each IMU sensor. In the case of multiple sensors, 

the median of the stride times based on different sensors was considered as the stride time. 

Scaling IMU signal by stride time—The amplitude of the IMU signals is affected by 

sensor location and walking speed. To minimize the effect of walking speed and have 

be�er separation between segments regardless of walking speed, we scaled the IMU sig-

nals by multiplying by stride time. This way, the higher amplitude signal in fast walking 

was reduced via multiplication by the smaller stride time, and the low amplitude signal 

in slow walking was amplified by larger stride time. We assumed that the scaling should 

minimize the effect of gait speed on the kinematic profile (e.g., angular velocity, and ac-

celeration) of a single segment while be�er separating the kinematic differences between 

segments. 

Feature extraction—To obtain a more general model regardless of sensor orientation 

with respect to body segment, for each IMU, the norm (i.e., |���| ��� |���|) and deriva-

tive of the norm of the gyroscope and accelerometer (i.e., |���|� and |���|�) were used for 

feature extraction. We extracted the min, max, interquartile, 10th, and 90th percentiles, 

mean, median, kurtosis, skewness, standard deviation, and mean absolute deviation. We 

also extracted further features as follow: the percentage of motionless period, the number 

of peaks and valleys of |���| and |���|, and the number of zero crossing of |���|� and 

|���|� . The motionless period was defined as the time that |���| < 10
���

�
  and |���| <

1.3 �. 

Since the window size can affect some features, instead of se�ing a fixed value, a not-

overlapping window size of one stride time was personalized for feature extraction. The 
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median of features extracted from several windows in one walking bout was used for ma-

chine learning. Median was used rather than mean to avoid outliers from gait initiation 

and termination. Since the features were from different sources (gyroscope and accelerom-

eter and their derivatives) with different ranges and units (deg/s, deg/s2, m/s2, m/s3, and 

unitless), we normalized the features using the z-score method [33]. 

Feature selection—To avoid overfi�ing, the number of features was reduced by 

ranking them and selecting an optimum number [34]. The minimum redundancy maxi-

mum relevance (MRMR) method was used to rank features based on the importance score 

[35,36]. Then the number of sorted features was incrementally increased to observe the 

performance of the trained model on the development dataset. Three criteria were used 

to assess the performance of the model: misclassification error (MCE), F1-measure (har-

monic mean of precision and sensitivity), and area under the roc curve (AUC). The per-

formance graph versus the number of features was considered to select the optimum num-

ber of features. 

Machine learning model training—Healthy participants were randomly divided 

75–25% into training and development sets, and patients were considered only for the test 

set such that all of a participant’s data resided in only one set. Using the selected features, 

we trained two common machine learning models, including decision tree (gini criterion) 

and support vector machine (with linear, cubic, and Gaussian kernels) in Matlab 2021a. 

To select the classifier, we compared their accuracies using repeated cross-validation [37]. 

The model’s input could be one to eight IMUs a�ached to one of the body segments, in-

cluding foot, shank, thigh, sacrum, or trunk. 

2.2.2. Side Identification of Lower Limb Segments 

Once the segment of each IMU was detected, the side (i.e., right/left) needed to be 

identified for thigh, shank, and foot. The proposed algorithm starts with right/left segment 

identification of feet sensors, and then using this information, right/left shank and thigh 

were recognized. 

Foot side—Assuming that the sensor a�achment can be arbitrary, the orientation of 

the sensor with respect to the foot is then unknown. Aligning the sensor frame to the an-

atomical (with the Y-axis as vertical, the X-axis of walking direction, and the Z-axis from 

left to right) would lead to an inverse sign of the gyroscope signal during internal rotation 

and eversion of right and left feet while the similar sign for plantar flexion (Figure 3). 

Therefore, after aligning the sensor frame with the anatomical foot frame, the internal ro-

tation of the right and left foot would result in positive and negative signs of ���� , re-

spectively. The different signs also occur in eversion in ����  and lateral acceleration in 

���� . To benefit from these three discriminant features between right and left, first, the 

rotations that align the sensor frame with the foot frame are required. This procedure is 

called functional calibration and was performed in two steps: first, the Y-axis of the foot 

sensor was aligned with gravity during the foot flat period, and second, rotation was per-

formed around the new Y-axis to align the Z-axis with the mediolateral axis of the foot 

[38]. We hypothesized that the main movement of the foot during gait is plantar/dorsal 

flexion that occurs around Z-axis. Therefore, a principal component analysis (PCA) on the 

gyroscope signals was performed during gait to find the principal axis of the movement 

[38]. However, the direction of the axis (from left to right or vice versa) was not fixed yet. 

To confirm the direction, the sign of pitch angular velocity after the foot flat period was 

used to correct the direction of the Z-axis. We selected the sign of pitch angular velocity 

of the foot because almost in all normal and pathologic pa�erns, to clear the foot from the 

ground, the hind foot leaves the ground sooner than the forefoot, which leads to a negative 

sign of ���� . The following steps summarize the side identification of the foot sensor. 

1. Foot flat detection: to approximately detect the period that the foot is flat, find the 

periods that |Gyr| < 5 deg/s for at least 15% of the stride time (in fast walking, the 

foot flat period can decrease up to 15% of the stride time). 



Sensors 2023, 23, 3587 7 of 15 
 

 

2. Functional calibration 

 Rotate the signal to align Y-axis with gravity during foot flat. 

 Find the mediolateral axis of the foot by implementing a PCA on the rotated 

signal. 

 Rotate the signal around the new Y-axis to align Z-axis with foot mediolateral 

axis. 

 Check the sign of ����  after the foot flat; if positive, rotate the signals by 180 

degrees around Y-axis to have the data in anatomical frame with the Z-axis 

pointing from left to right for both feet. 

3. Feature extraction 

 Find the index of the first peak of |���| after foot flat.  

 At this index, extract the value of ���� , ���� , and ���� . 

 Take the median of these three features for several gait cycles in each walking 

bout. 

4. Decision tree for side identification of the foot sensor. 

 
(a) (b) 

Figure 3. (a) Anatomical frame of the foot: with the Y-axis aligned with the gravity in the foot flat 

period, the Z-axis aligned with the plantar/dorsal flexion with direction from left to right, and the 

X-axis formed by the external cross of the Y and Z. In this frame, the plantar flexion of both feet is 

reflected as negative signals in Gyr� . However, the internal rotation and eversion of the right foot 

led to positive signals in Gyr�  and Gyr� , respectively, while negative on the left side. (b) Foot clears 

the ground by rotating negatively around the Z-axis in almost all pathologic pa�erns. 

Shank and thigh side—The side of the foot was used to determine the side of the 

shank/thigh. During the foot flat period (identified by the foot sensor), the contralateral 

shank and thigh are in swing phase with higher amplitude of IMU signals. Therefore, 

during the foot flat period (right or left does not ma�er), the average of |���| was com-

puted for both shanks/thighs. The sensor with a smaller value was labeled similarly to the 

associated foot. 

2.3. Validation 

To evaluate the accuracy of stride-time estimation, we used data from the Pedar in-

sole as reference system. To compute the reference stride time, we considered the time 

difference between two consecutive heel strikes detected when the force reached a thresh-

old equal to 5% of body weight [9]. This threshold was selected based on the previous 

study [9] to have a similar reference system. The mean (SD) error of the estimated stride 

time was reported only for the tests with the Pedar system (see Figure 1). 

To compute the classification metrics, we used the one-vs.-rest strategy [33] and con-

verted a multiclass problem to a series of binary tasks for each sensor. So, we reported 

each sensor’s precision, accuracy, sensitivity, specificity, and F1-measure. To report the 

performance of the whole classifier, we used weighted analysis [39] because we had im-

balanced classes for the first part of the algorithm (the sacrum and trunk were half of the 

feet, shanks, and thighs). In addition to validating the whole algorithm, we evaluated the 

performance of side identifications of foot and shank/thigh separately because bilateral 

IMU on feet is a very common sensor configuration. In this regard, the algorithm’s input 

was only feet sensors for foot side identification, and the output was right and left foot. 
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For shank/thigh side identification, the input was a foot sensor with its side label 

(right/left) and both right and left shank/thigh sensors, and the output was right 

shank/thigh and left shank/thigh. To investigate the performance of the algorithm with 

less than eight sensors, we examined all possible sensor configurations, including single 

sensor to seven sensors. 

3. Results 

In total, 504 walking bouts (216 with insole, 216 with insole and brace, 72 without 

insole and without brace) of healthy subjects and 528 walking bouts (396 with, 132 without 

the insole) of patients with medial compartment knee OA were obtained. Each walking 

bout included at least two gait cycles and a maximum of ten gait cycles. 

3.1. Stride-time Estimation 

Figure 4 indicates the frequency spectrum of eight components of the gyroscope and 

accelerometer signals for one walking trial of a healthy subject where a threshold of 0.5 

was selected to identify the first frequency peak. The frequency value obtained through 

the optimization process (Equation (1)) is illustrated with the vertical dashed line. 

 

Figure 4. Fast Fourier transform of the gyroscope and accelerometer signals for one walking bout of 

a healthy subject for the trunk sensor. The first estimates of the stride time corresponding to the first 

peak in the frequency spectrum with a minimum amplitude of 0.5 are indicated by . The do�ed 

vertical line shows the second estimate of stride time obtained through Equation (1). The solid ver-

tical line indicates the measured stride time using the instrumented insole. In this case, the first 

estimates of stride time ( ) extracted from Gyr� , Gyr� , and Acc�  were similar and had a minimum 

absolute difference with the second estimate (do�ed line), so it was considered as the mean stride 

time of this walking bout. 

The mean ± standard deviation of the error for estimating the averaged stride time 

compared to reference system (instrumented insole) was 0.00 ± 0.08 s. The error was 0.02 

± 0.18 s when only dominant frequencies from fast Fourier transform were utilized. The 

best and worst accuracies were for the foot sensor (0.00 ± 0.05 s) and sacrum sensor (−0.06 

± 0.27 s) before taking the median of all sensors. 

3.2. Impact of Stride Time Scaling 
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The gait speed varied in a wide range between 0.5 and 2.2 m/s. To reduce the effect 

of gait speed on IMU signals, before feature extraction, gyroscope and accelerometer sig-

nals were scaled by multiplying by the mean stride time. After scaling, as shown in Figure 

5 for a single sensor (i.e., Figure 5a vs. Figure 5b and Figure 5c vs. Figure 5d), the signals 

at different speeds became more similar to each other and less dependent on walking 

speed. 

Furthermore, as shown in Figure 5c, the max amplitude of |GyrFoot| during stance at 

slow walking was very similar to the norm of angular velocity of the thigh sensor 

|GyrThigh| in fast walking, while after scaling, this feature became more discriminant be-

tween the sensors (Figure 5d). The boxplot of the features indicated that scaling resulted 

in more intraclass similarity and higher interclass difference. For example, the maximum 

of |Gyr| could vary in a wide range for the same sensor location and overlap with other 

sensor locations (Figure 5e), while after scaling (Figure 5f), the range of variation for the 

same location decreased, and the difference between locations increased. 

 

Figure 5. Effect of scaling by stride time. The amplitude of the foot gyroscope signal |GyrFoot| at 

different gait speeds (a) before and (b) after scaling shows more similarity. Comparison of the am-

plitude of the |GyrFoot| with |GyrThigh| at different gait speeds (c) before and (d) after scaling show-

ing more separation. Features corresponding to the maximum of |Gyr| at different locations (foot, 

leg, thigh, sacrum, trunk) (e) before and (f) after scaling, showing less variability at the same location 

(black arrow) and more separation between locations (red arrow). 



Sensors 2023, 23, 3587 10 of 15 
 

 

3.3. Segment Detection 

The importance score of the ranked features (Table S1) extracted from MRMR after 

scaling by stride time and z-score normalization is illustrated in Figure S1. The perfor-

mance of the segment detection model versus the number of features (ranked based on 

MRMR) (Figure 6) proposed that seven features were an optimum point based on three 

evaluation criteria: MCE, F1-measure, and AUC. So, the final model was trained with the 

first seven features: interquartile range of |Gyr|, kurtosis of |Acc|’, number of zero-cross-

ing of |Gyr|’, minimum of |Acc| and |Gyr|, skewness of |Gyr|’, and mean of |Gyr|’. 

 

Figure 6. The performance versus the number of features based on the development dataset. (a) 

Misclassification error (MCE), (b) F1-measure, and (c) area under receiver operating characteristic 

curve (AUC) of the classifier vs. the number of features giving an optimum number of seven features 

with MCE = 0.03, F1-measure = 0.96, and AUC = 0.99. 

There were no significant differences between the accuracies of the decision tree and 

the support vector machine classifiers, and we selected the decision tree because of its 

simplicity and interpretability. The weighted precision and sensitivity of the segment de-

tection algorithm were 99.0% and 98.9%, respectively (Table 2a). The performance of the 

segment detection algorithm depends on the sensor location, with the highest F-measure 

for the foot (1.00) and the lowest value (0.96) for the sacrum (Table 2a). Specificity and 

accuracy were above 99%, while trunk and sacrum sensors showed minimum precision 

(97.5%/94.5%) and sensitivity (94.7%/97.5%). The precision and sensitivity of the whole 

I2S pairing algorithm, including the segment detection and side identification, were 99.0% 

and 98.9%, respectively (Table 2d). The misclassified sensors were all sourced from the 

first part (segment detection). In the case of majority voting of different trials of one sub-

ject, the precision enhanced up to 100%. The side identification algorithm perfectly iden-

tified the side of the foot with only three features and the side of the shank and thigh with 

only one feature. 

Among all possible sensor configurations (including single sensor to seven sensors) 

the precision decreased in two configurations; first, a single sacrum sensor (96.2%), and 

second, two sensors on sacrum and trunk (97.1%). In other configurations the performance 

was similar or higher than the eight-sensor configuration. 
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Table 2. The performance of the decision tree classifier (a) for the segment detection (b) for side 

identification of feet sensors, (c) for side identification of the shank and thigh, and (d) for the whole 

I2S pairing algorithm. For (b) and (c), the accuracy is reported based on the correct input of each 

part, i.e., the input for the side detection of the foot sensor was only feet sensors. 

(a) Segment detection classifier 

 Accuracy Precision Sensitivity Specificity F1-Measure 

Foot 100.0 100.0 100.0 100.0 1.00 

Shank 100.0 99.9 100.0 100.0 1.00 

Thigh 99.9 100.0 99.7 100.0 0.99 

Sacrum 99.0 94.5 97.5 99.2 0.96 

Trunk 99.0 97.5 94.7 99.6 0.96 

Overall 99.7 99.0 98.9 99.8 0.99 

(b) Side identification of foot sensor * 

Right foot 100.0 100.0 100.0 100.0 1.00 

Left foot 100.0 100.0 100.0 100.0 1.00 

(c) Side identification of shank/thigh based on a labeled foot sensor ** 

Right Shank 100.0 100.0 100.0 100.0 1.00 

Left Shank 100.0 100.0 100.0 100.0 1.00 

Right thigh 100.0 100.0 100.0 100.0 1.00 

Left thigh 100.0 100.0 100.0 100.0 1.00 

(d) The whole I2S pairing algorithm 

Right foot 100.0 100.0 100.0 100.0 1.00 

Left foot 100.0 100.0 100.0 100.0 1.00 

Right Shank 100.0 99.8 100.0 100.0 0.99 

Left Shank 100.0 100.0 100.0 100.0 1.00 

Right thigh 99.9 100.0 99.4 100.0 0.99 

Left thigh 100.0 100.0 100.0 100.0 1.00 

Sacrum 99.0 94.5 97.5 99.2 0.96 

Trunk 99.0 97.5 94.7 99.6 0.96 

Overall 99.7 99.0 98.9 99.8 0.99 

* The input of the algorithm was foot sensors. ** The input of the algorithm was shank/thigh sensors 

and one-foot sensor and its side. 

4. Discussion 

In this study, a novel framework was proposed for the automatic detection of sensor 

position on the body segment during walking in order to save time and energy for the end 

user of wearable IMU. First, a new algorithm was designed for an accurate estimation of 

stride time independent of sensor location. Then, by stride-time scaling and using training 

data obtained from healthy subjects, the proposed I2S pairing classifier was trained and 

was able to detect sensor locations in a wide range of walking conditions, including dif-

ferent gait speeds, different footwear (with/without insole), and in patients suffering from 

medial compartment knee OA. Finally, an algorithm using foot kinematics detected the 

sensor placement on each side of the lower limbs. 

One major specificity of the proposed algorithms is the possibility for I2S pairing 

when single or multiple sensor configurations are used. The only part of the algorithm 

that could alter with the number of sensors was stride-time estimation where it used the 

median of all sensors. The accuracy of the algorithm decreased slightly (98.9% vs. 99.7%) 

in case of single sensor on sacrum or two sensors on sacrum and trunk due to error in 

stride-time estimation. Because in sacrum location sometimes the step time can be taken 

as stride time and the scaling with a smaller value led to a lower-amplitude signal and the 

classifier would categorize it as the trunk sensor. However, the proposed algorithm does 

not compare the sensors together (for example, if this sensor is not foot, shank, thigh, 
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trunk, then it should be sacrum). Such an approach is independent of the number of IMUs, 

meaning that instead of eight sensors if only one sensor is given, the algorithm can still 

recognize the body segment. This is clinically significant because it expands further its 

application to a wide variety of sensor configurations. Specifically, the configuration of 

two sensors on the feet is very common in sports [38], rehabilitation [40], and clinical gait 

analysis [1] in children and adults, and the algorithm can perfectly identify the side of the 

foot, even with an only one foot sensor. Moreover, the I2S pairing classifier used features 

from the norm of the gyroscope and accelerometer, so no caution is required for sensor 

orientation which drastically facilitates the preparation procedure. 

The performance of the proposed I2S pairing algorithm was high (e.g., the overall 

accuracy of 99.7%) in a wide range of gait speeds from 0.5 to 2.2 m/s, while it is known 

that the gait speed impacts the profile of the IMU signal [24]. Similar to previous studies 

[20,22], we noticed that the amplitude of the IMU signals was higher in distal segments, 

which was very helpful for distinguishing distal from proximal segments. However, this 

amplitude also depends on the gait speed [22] and interferes with the sensor location’s 

effect. For example, the amplitude of the thigh sensor in fast walking was very similar to 

the foot sensor in slow walking. Thus, se�ing a fixed threshold for the features related to 

the signal amplitude may not be sufficient when it comes to a wide range of gait speeds. 

Graurock et al. [25] addressed this issue by relative comparisons between the sensors and 

acquired a 99.2% successful pairing rate in slow speed and 100% in medium and fast walk-

ing. However, relative comparisons or features that require information on more than one 

sensor require the sensor configuration to be exactly the same as their method. To over-

come this limitation, Weenk et al. [22] removed the features extracted from more than one 

sensor, and the success classification rate decreased from 97.5% to 75.9%. Compared to 

the existing results, our method performed with a higher success rate of 97.7% in all walk-

ing conditions and free sensor configuration. The stride time scaling, as proposed in this 

study, increased the similarity of the signals within different trials of one subject while 

contributing to being less sensitive to the range of speed and leading to be�er discrimina-

tion of sensor location. Such as scaling might be a helpful method for further analysis 

where lowering the impact of speed on the variability of the IMU signals is required. 

Another outcome of the proposed study was estimating stride time without 

knowledge about the sensor location by combining the fundamental frequency detection 

with an optimization rule in the temporal domain. Such as stride-time estimation could 

be relevant for applications using smartphone’s IMU where the placement of the 

smartphone changes during the day (e.g., in the pocket in the thigh, upper or lower trunk 

area). The mean and standard deviation of the error was 0 ± 80 ms, which was higher than 

the best existing algorithms, ranging from −9.7 ± 7.5 ms on the dorsal foot to 51.9 ± 47.5 ms 

on the shank [40]. Nevertheless, after I2S pairing, when the sensor site is identified, in the 

next layer, the existing algorithms (for the specific sensor locations) for event detection 

[41] can be used and update the stride time. 

The whole algorithm was trained only on 12 healthy volunteers and tested on 22 pa-

tients with medial compartment knee OA (who were planned for surgery) walking 

with/without insole at different speeds. Using a totally new dataset for tests, compared to 

leave-one-subject-out or k-fold validation, ensures more reliable results. For segment de-

tection, it used only seven features, and for side identification, only three features. A small 

number of features eliminated the risk of overfi�ing and extended the generalizability of 

the algorithm [42]. Furthermore, the robustness of the algorithm in walking with/without 

insole and brace was confirmed. 

Compared to a previous study [22] that requires a minimum of 6 s of walking, this 

algorithm requires a minimum of only two gait cycles. About 20% of the test dataset in-

cluded only two gait cycles, and the sensors were classified correctly. So, it requires less 

data for real-time applications. 

This study also has some limitations. The first one was that the other sensor locations, 

including wrist, arm, and forearm, were not examined while they were used for some 
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applications. The second limitation was the necessity of one foot sensor for side identifi-

cation of shank/thigh sensor that should be addressed in future studies, for example, by 

detecting the foot flat using shank and thigh instead of foot [43]. Moreover, we designed 

the algorithm only for walking, and we did not validate it on other tasks. However, there 

are developed algorithms that can identify the walking bouts among different physical 

activities [44] and provide the input for the classifier. Future research could build upon 

these results by including the upper extremities. The features used for side identification 

of foot side would be beneficial to identify the side of the wrist IMU as well and can be 

widely used in smart watches. 

The proposed I2S pairing algorithm can decrease the risk of error and facilitate the 

use of IMU in current clinical applications for health professionals who are not explicitly 

trained in movement analysis. Furthermore, it opens new opportunities for applications 

by the patient without external support, including self-rehabilitation, self-measurement 

in real life, and remote patient monitoring. 

5. Conclusions 

The method proposed here can automatically detect the body segment belonging to 

the IMU sensors during walking in five common sites, including the foot, shank, thigh, 

sacrum, and trunk. Its performance was robust in patients with medial compartment knee 

OA over a wide range of gait speeds (0.5–2.2 m/s) and with different footwear types. The 

method can be used for many different sensor configurations where the input could be a 

single or multiple IMU. It can perfectly identify the side of the foot sensor and, subse-

quently, the side of the shank and thigh sensors. This way, it provides a plug-and-play 

solution where the user does not need to spend time and effort checking the sensor loca-

tion, facilitating the use of IMU-based gait analysis systems for non-professionals and de-

creasing the risk of errors and unusable measurements. 
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h�ps://www.mdpi.com/article/10.3390/s23073587/s1, Figure S1: Feature importance scores; Table 

S1: Features ranking. 

Author Contributions: Conceptualization and methodology, M.B., R.M., X.C., C.P., F.B., and K.A.; 

software, M.B.; validation, M.B. and K.A.; formal analysis and investigation, M.B. and K.A.; data 

collection, M.B., R.M., and F.B.; writing—original draft preparation, M.B.; writing—review and ed-

iting, all authors; supervision, K.A. and X.C.; project administration, K.A.; funding acquisition, K.A. 

and X.C. All authors have read and agreed to the published version of the manuscript.  

Funding: This research was funded by the Lausanne Orthopedic Research Foundation (LORF). 

Institutional Review Board Statement: The study was conducted in accordance with the Declara-

tion of Helsinki and approved by La Commission cantonale d’éthique de la recherche sur l’être hu-

main (CER-VD) (2020-01894). 

Informed Consent Statement: Informed consent was obtained from all subjects involved in the 

study. 

Data Availability Statement: The data presented in this study are available upon request from the 

corresponding author. 

Acknowledgments: The authors would like to thank Pascal Morel for assisting with data collection. 

Conflicts of Interest: The authors declare no conflicts of interest. 

References 

1. Mariani, B.; Hoskovec, C.; Rochat, S.; Büla, C.; Penders, J.; Aminian, K. 3D Gait Assessment in Young and Elderly Subjects Using 

Foot-Worn Inertial Sensors. J. Biomech. 2010, 43, 2999–3006. 

2. Milosevic, B.; Leardini, A.; Farella, E. Kinect and Wearable Inertial Sensors for Motor Rehabilitation Programs at Home: State 

of the Art and an Experimental Comparison. Biomed. Eng. Online 2020, 19, 25. 

3. Lee, Y.J.; Wei, M.Y.; Chen, Y.J. Multiple Inertial Measurement Unit Combination and Location for Recognizing General, Fatigue, 

and Simulated-Fatigue Gait. Gait Posture 2022, 96, 330–337. 



Sensors 2023, 23, 3587 14 of 15 
 

 

4. Guaitolini, M.; Truppa, L.; Sabatini, A.M.; Mannini, A.; Castagna, C. Sport-Induced Fatigue Detection in Gait Parameters Using 

Inertial Sensors and Support Vector Machines. In Proceedings of the 2020 8th IEEE RAS/EMBS International Conference for 

Biomedical Robotics and Biomechatronics (BioRob), New York, NY, USA, 29 November–1 December 2020; pp. 170–174. 

5. Kamstra, H.; Wilmes, E.; Van Der Helm, F.C.T. Quantification of Error Sources with Inertial Measurement. Sensors 2022, 22, 

9765. 

6. Baghdadi, A.; Cavuoto, L.A.; Jones-Farmer, A.; Rigdon, S.E.; Esfahani, E.T.; Megahed, F.M. Monitoring Worker Fatigue Using 

Wearable Devices: A Case Study to Detect Changes in Gait Parameters. J. Qual. Technol. 2019, 53, 47–71. 

https://doi.org/10.1080/00224065.2019.1640097. 

7. Baghdadi, A.; Megahed, F.M.; Esfahani, E.T.; Cavuoto, L.A. A Machine Learning Approach to Detect Changes in Gait 

Parameters Following a Fatiguing Occupational Task. Ergonomics 2018, 61, 1116–1129. doi:10.1080/00140139.2018.1442936. 

8. Konak, O.; Wegner, P.; Arnrich, B. Imu-Based Movement Trajectory Heatmaps for Human Activity Recognition. Sensors 2020, 

20, 7179. 

9. Mariani, B.; Rouhani, H.; Crevoisier, X.; Aminian, K. Quantitative Estimation of Foot-Flat and Stance Phase of Gait Using Foot-

Worn Inertial Sensors. Gait Posture 2013, 37, 229–234. 

10. Poitras, I.; Dupuis, F.; Bielmann, M.; Campeau-Lecours, A.; Mercier, C.; Bouyer, L.J.; Roy, J.S. Validity and Reliability 

Ofwearable Sensors for Joint Angle Estimation: A Systematic Review. Sensors 2019, 19, 1555. 

11. Routhier, F.; Duclos, N.C.; Lacroix, É.; Lettre, J.; Turcotte, E.; Hamel, N.; Michaud, F.; Duclos, C.; Archambault, P.S.; Bouyer, L.J. 

Clinicians’ Perspectives on Inertial Measurement Units in Clinical Practice. PLoS ONE 2020, 15, e0241922. 

12. Nazarahari, M.; Noamani, A.; Ahmadian, N.; Rouhani, H. Sensor-to-Body Calibration Procedure for Clinical Motion Analysis 

of Lower Limb Using Magnetic and Inertial Measurement Units. J. Biomech. 2019, 85, 224–229. 

13. Kunze, K.; Lukowicz, P. Sensor Placement Variations in Wearable Activity Recognition. IEEE Pervasive Comput. 2014, 13, 32–41. 

14. Amini, N.; Sarrafzadeh, M.; Vahdatpour, A.; Xu, W. Accelerometer-Based on-Body Sensor Localization for Health and Medical 

Monitoring Applications. Pervasive Mob. Comput. 2011, 7, 746–760. 

15. Zimmermann, T.; Taetz, B.; Bleser, G. IMU-to-Segment Assignment and Orientation Alignment for the Lower Body Using Deep 

Learning. Sensors 2018, 18, 302. 

16. Saeedi, R.; Schimert, B.; Ghasemzadeh, H. Cost-Sensitive Feature Selection for on-Body Sensor Localization. In Proceedings of 

the 2014 ACM International Joint Conference on Pervasive and Ubiquitous Computing: Adjunct Publication, Seattle, WA, USA, 

13–17 September 2014; pp. 833–842. 

17. Fujinami, K.; Jin, C.; Kouchi, S. Tracking On-Body Location of a Mobile Phone. In Proceedings of the International Symposium 

on Wearable Computers (ISWC 2010), Late Breaking Results-Cutting Edge Technologies on Wearable Computing, Seoul, Re-

public of Korea, 10–13 October 2010; pp. 190–197. 

18. Shi, Y.; Shi, Y.; Liu, J. A Rotation Based Method for Detecting On-Body Positions of Mobile Devices. In Proceedings of the 13th 

International Conference on Ubiquitous Computing, Beijing, China, 17–21 September 2011; pp. 559–560. 

19. Wiese, J.; Saponas, T.S.; Brush, A.J.B. Phoneprioception: Enabling Mobile Phones to Infer Where They Are Kept. In Proceedings 

of the ACM Conference on Human Factors in Computing Systems, Paris, France, 27 April–2 May 2013; pp. 2157–2166. 

20. Kunze, K.; Lukowicz, P.; Junker, H.; Tröster, G. Where Am I: Recognizing on-Body Positions of Wearable Sensors. Lect. Notes 

Comput. Sci. 2005, 3479, 264–275. 

21. Mannini, A.; Sabatini, A.M.; Intille, S.S. Accelerometry-Based Recognition of the Placement Sites of a Wearable Sensor. Pervasive 

Mob. Comput. 2015, 21, 62–74. 

22. Weenk, D.; Van Beijnum, B.J.F.; Baten, C.T.; Hermens, H.J.; Veltink, P.H. Automatic Identification of Inertial Sensor Placement 

on Human Body Segments during Walking. J. Neuroeng. Rehabil. 2013, 10, 31. 

23. Sang, V.N.T.; Yano, S.; Kondo, T. On-Body Sensor Positions Hierarchical Classification. Sensors 2018, 18, 3612. 

24. McCamley, J.; Donati, M.; Grimpampi, E.; Mazzà, C. An Enhanced Estimate of Initial Contact and Final Contact Instants of Time 

Using Lower Trunk Inertial Sensor Data. Gait Posture 2012, 36, 316–318. 

25. Graurock, D.; Schauer, T.; Seel, T. Automatic Pairing of Inertial Sensors to Lower Limb Segments—A Plug-and-Play Approach. 

Curr. Dir. Biomed. Eng. 2016, 2, 715–718. 

26. Barnett, S.; Cunningham, J.L.; West, S. A Comparison of Vertical Force and Temporal Parameters Produced by an In-Shoe 

Pressure Measuring System and a Force Platform. Clin. Biomech. 2001, 16, 353–357. 

27. Baniasad, M.; Martin, R.; Crevoisier, X.; Pichonnaz, C.; Becce, F.; Aminian, K. Knee Adduction Moment Decomposition: Toward 

Better Clinical Decision-Making. Front. Bioeng. Biotechnol. 2022, 10, doi: 10.3389/fbioe.2022.1017711. 

28. Choi, A.; Jung, H.; Mun, J.H. Single Inertial Sensor-Based Neural Networks to Estimate COM-COP Inclination Angle during 

Walking. Sensors 2019, 19, 2974. 

29. Aminian, K.; Najafi, B.; Büla, C.; Leyvraz, P.F.; Robert, P. Spatio-Temporal Parameters of Gait Measured by an Ambulatory 

System Using Miniature Gyroscopes. J. Biomech. 2002, 35, 689–699. 

30. Allseits, E.; Lučarević, J.; Gailey, R.; Agrawal, V.; Gaunaurd, I.; Bennett, C. The Development and Concurrent Validity of a Real-

Time Algorithm for Temporal Gait Analysis Using Inertial Measurement Units. J. Biomech. 2017, 55, 27–33. 

31. 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. 

32. Fast Fourier Transform. Available online: https://www.mathworks.com/help/matlab/ref/fft.html (accessed on 15 January 2023). 



Sensors 2023, 23, 3587 15 of 15 
 

 

33. Hong, J.H.; Cho, S.B. A Probabilistic Multi-Class Strategy of One-vs.-Rest Support Vector Machines for Cancer Classification. 

Neurocomputing 2008, 71, 3275–3281. 

34. Halilaj, E.; Rajagopal, A.; Fiterau, M.; Hicks, J.L.; Hastie, T.J.; Delp, S.L. Machine Learning in Human Movement Biomechanics: 

Best Practices, Common Pitfalls, and New Opportunities. J. Biomech. 2018, 81, 1–11. 

35. Radovic, M.; Ghalwash, M.; Filipovic, N.; Obradovic, Z. Minimum Redundancy Maximum Relevance Feature Selection 

Approach for Temporal Gene Expression Data. BMC Bioinformatics 2017, 18, 9. 

36. Jiang, Y.; Li, C. MRMR-Based Feature Selection for Classification of Cotton Foreign Matter Using Hyperspectral Imaging. 

Comput. Electron. Agric. 2015, 119, 191–200. 

37. Dietterich, T.G. Approximate Statistical Tests for Comparing Supervised Classification Learning Algorithms. Neural Comput. 

1998, 10, 1895–1923. 

38. Falbriard, M.; Meyer, F.; Mariani, B.; Millet, G.P.; Aminian, K. Drift-Free Foot Orientation Estimation in Running Using 

Wearable IMU. Front. Bioeng. Biotechnol. 2020, 8, 65. 

39. Behera, B.; Kumaravelan, G.; Kumar, P. Performance Evaluation of Deep Learning Algorithms in Biomedical Document 

Classification. In Proceedings of the 2019 11th international conference on advanced computing (ICoAC), Chennai, India, 18–

20 December 2019; pp. 220–224. 

40. Felius, R.A.W.; Geerars, M.; Bruijn, S.M.; van Dieën, J.H.; Wouda, N.C.; Punt, M. Reliability of IMU-Based Gait Assessment in 

Clinical Stroke Rehabilitation. Sensors 2022, 22, 908. 

41. Soltani, A.; Aminian, K.; Mazza, C.; Cereatti, A.; Palmerini, L.; Bonci, T.; Paraschiv-Ionescu, A. Algorithms for Walking Speed 

Estimation Using a Lower-Back-Worn Inertial Sensor: A Cross-Validation on Speed Ranges. IEEE Trans. Neural Syst. Rehabil. 

Eng. 2021, 29, 1955–1964. 

42. Luo, W.; Phung, D.; Tran, T.; Gupta, S.; Rana, S.; Karmakar, C.; Shilton, A.; Yearwood, J.; Dimitrova, N.; Ho, T.B.; et al. 

Guidelines for Developing and Reporting Machine Learning Predictive Models in Biomedical Research: A Multidisciplinary 

View. J. Med. Internet Res. 2016, 18, e232. 

43. Tong, K.; Granat, M.H. A Practical Gait Analysis System Using Gyroscopes. Med. Eng. Phys. 1999, 21, 87–94. 

44. Paraschiv-Ionescu, A.; Perruchoud, C.; Buchser, E.; Aminian, K. Barcoding Human Physical Activity to Assess Chronic Pain 

Conditions. PLoS ONE 2012, 7, e32239. 

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual au-

thor(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to 

people or property resulting from any ideas, methods, instructions or products referred to in the content. 


