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Abstract

In this work, we present an innovative multidimensional tool developed for gait evaluation and
monitoring in patients with neurological disorders in routine clinical practice using Inertial Sen-
sors, named semiogram. It has previously been published and validated by Voisard et al. [C.
Voisard, N. de l’Escalopier, A. Vienne-Jumeau, A. Moreau, F. Quijoux, F. Bompaire, M. Sallan-
sonnet, M-L. Brechemier, I. Taifas, C. Tafani, E. Drouard, N. Vayatis, D. Ricard and L. Oudre,
Innovative Multidimensional Gait Evaluation using IMU in Multiple Sclerosis: introducing the
Semiogram, Frontiers in Neurology, 2023]. This tool offers a quantitative semiological analysis
based on average speed and 16 other gait parameters, grouped into 7 criteria recognized in
the literature: sturdiness, springiness, steadiness, stability, smoothness, synchronization, and
symmetry. The provided visualization aims to facilitate easy interpretation by the clinician.

Source Code

The source code (written in Python 3) and documentation for this algorithm have been made
available on the web page associated with the article1. The web page also provides an online
demo for testing the algorithm. The code is extensively commented on, and usage instructions
can be found in the README.md file within the archive.

Keywords: gait quantification; gait disorders; clinical follow-up; wearable inertial sensors;
inertial measurement unit
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1 Introduction

The assessment and monitoring of gait in neurological pathologies pose significant challenges in clin-
ical practice. Indeed, pathologies such as Parkinson’s disease, stroke, multiple sclerosis, and spinal
cord injuries often result in gait abnormalities, which can have a major impact on the patient’s
quality of life [1]. Accurate and objective measurement of gait parameters is crucial for assessing the
progression of these conditions, evaluating treatment interventions, and making informed clinical de-
cisions. In recent years, there has been a growing interest in developing gait quantification tools as a
valuable resource in the clinical evaluation of gait disorders. By providing objective and precise mea-
surements, gait quantification tools offer substantial advantages over subjective clinical evaluations,
which are prone to inter-observer variability and imprecise manual measurements [10, 13].

One of the key benefits of gait quantification tools is their ability to capture and analyze subtle
changes in gait characteristics over time. Neurological pathologies often exhibit progressive degen-
erative patterns, where gait parameters gradually deteriorate as the disease advances. On the other
hand, patient management can lead to an improvement in motor function, which can be reflected
in objective gait progression. By incorporating gait quantification tools into routine clinical prac-
tice, healthcare professionals can obtain precise measurements at regular intervals, enabling them
to monitor disease progression, evaluate treatment effectiveness, and make timely adjustments to
therapeutic interventions [6, 7]. More generally, knowing the evolution of walking quality in the
general population as a function of age is important to decipher more precisely the physiology of this
complex function.

Another significant advantage of gait quantification tools is their potential to enhance commu-
nication and collaboration among healthcare professionals. By generating standardized and easily
interpretable gait reports, these tools facilitate information sharing between different specialists in-
volved in the care of patients with neurological pathologies. This interdisciplinary approach promotes
comprehensive evaluations, fosters evidence-based decision-making, and improves the overall man-
agement of these complex conditions.

Among the measurement techniques employed to construct these tools, Inertial Measurement
Units (IMUs) have emerged as a popular technology. These sensors provide real-time measurements
of accelerations, angular velocities, and orientations, allowing for precise characterization of kinematic
parameters associated with gait [12, 5, 4]. The key advantages of IMUs are their low cost and their
ease of use, as they do not require complex laboratory setups and can be conveniently employed in
various clinical settings. These sensors are placed at different locations on the body, and the testing
protocols in which they are deployed can vary. From these IMUs, a significant number of parameters
can also be calculated using different methods [12]. Some of these parameters can be more challenging
to compute in cases of severely impaired gait, particularly those that require precise segmentation of
walking events. Indeed, gait abnormalities often result in altered temporal and spatial characteristics.
These factors make it difficult to establish consistent and reliable event segmentation using traditional
manual or rule-based approaches. Hence, the development and validation of automated segmentation
algorithms specifically tailored for impaired walks are of paramount importance [14].

This article presents the algorithmic description of a graphical tool, known as a semiogram, for
the semiotic quantification of gait represented as a radar plot. The semiogram serves as an example of
an easily deployable reference tool for gait assessment. Firstly, we describe the algorithmic principle
of the semiogram and the mathematical and physical formulas used in its development (Section 2).
Secondly, we provide details about the data format and expected input content for the tool (Section
3). Finally, we provide some application examples to illustrate its usage (Section 4).
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2 Semiogram Algorithm

In this section, we summarize with a pseudo-code (Algorithm 2) the semiogram computation algo-
rithm, which has been previously described in detail by Voisard et al. [14].

2.1 Overall Principle

The semiogram is a graphical representation, akin to a radar plot, used to depict the walking abilities
of patients during routine clinical examinations. Within this distinctive radar plot, the intricate
process of gait is broken down into 7 semiological criteria, derived from 17 parameters. Each criterion
is symbolized by a radiant spoke, emanating from a central point and extending outward. These
semiological criteria for gait, drawn from existing literature, encompass springiness, smoothness,
steadiness, sturdiness, stability, symmetry, and synchronization [12]. Each line on the radar plot
embodies one of these criteria, with its distance from the chart’s center indicating the level of the
respective criterion in comparison to the healthy population, by means of a z-score. Overall, the
resulting color of the chart is influenced by the widely recognized global gait parameter: average
speed [12].

The radar plot serves as a relevant tool for visually comparing a patient’s walking abilities across
two separate visits by seamlessly superimposing multiple charts. Such a visualization not only
facilitates tracking the quantitative evolution of walking but also allows for the detection of subtle,
subclinical variations.

2.2 Input Data and Sensors Axes

The input data consists in time series derived from the raw sensor signals of the trunk, potentially
pre-processed. The sensor is placed on the lower back, in front of the fifth lumbar vertebra. The XZ
plane corresponds to the sagittal plane and the YZ plane to the axial plane, as shown in Figure 1.

Missing data are completed by linear interpolation. To remove the effect of gravity from the
acceleration signals, its influence on the sensors is estimated during the initial 6 seconds of immo-
bility. This estimation allows obtaining gravity-independent time series. To limit noise, a low-pass
Butterworth filter of 8th order with a cut-off frequency of 14 Hz is applied to all the signals [11].

In addition to the raw data, segmentation data of the U-turn and gait events are required. An ex-
ample of gait event segmentation algorithm has previously been described in detail and validated [14].
An example of U-turn boundaries detection algorithm has also been described [3].

Overall, 6 time series and 3 events lists are relevant. They can be obtained automatically from
dedicated algorithms, or manually, and are detailed below:

� Trunk accelerations free from gravity time series: accx, accy and accz;

� Trunk gyration time series: gyrx, gyry and gyrz;

� U-turn boundaries. List [ustart, uend] which corresponds to the time estimations of the start
and the end of the U-turn phase.

� Left foot gait events. List
[[
tleft1 , hleft

1

]
,
[
tleft2 , hleft

2

]
, . . .

]
of final ground contact (Toe-Off, TO)

and initial ground contact (Heel-Strike, HS) indexes of the gait events of the left foot, excluding
the U-turn period. We define N left as the number of couples in the list.

� Right foot gait events. List
[[
tright1 , hright

1

]
,
[
tright2 , hright

2

]
, . . .

]
of final ground contact (TO) and

initial ground contact (HS) indexes of the gait events of the right foot, excluding the U-turn
period. We define N right as the number of couples in the list.
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start phase 1 : go

phase 3 : back

phase 2 : 
u-turn

end

A

B

Figure 1: A - Lower back sensor position and orientation; B - Gait protocol.

Two other features concerning the protocol are required for further processing: the walked dis-
tance D and the sampling frequency Fs.

2.3 Criteria and Parameters

The list and calculation methods for each parameter were based on existing literature and are de-
scribed in detail in Voisard et al. [15]. The parameters were grouped into 7 semiological criteria
based on proposals in the literature. To these semiological criteria, we have added average walking
speed, a criterion recognized as more global by the literature. The list can be summarized as follows:

� Average speed

� Springiness: stride time, U-turn time.

� Smoothness: spectral arc length, log dimensionless jerk.

� Steadiness: variation coefficient of step time, variation coefficient of double stance time,
craniocaudal step autocorrelation coefficient, craniocaudal stride autocorrelation coefficient.

� Sturdiness: step length.

� Stability: mediolateral root mean square.

� Symmetry: ratio of the step to the stride peak of the craniocaudal correlation coefficient,
ratio of left and right mean swing times, three improved harmonic ratios (anteroposterior,
mediolateral, craniocaudal).

� Synchronization: double stance time.

The calculations are provided in the following section for good reproducibility.
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2.3.1 Introducing Functions and Notations

Function - In the following, the following function is introduced:

– remove outliers: this function uses the z-score to identify and remove outliers from a dataset.
In indicators that use averages, this notably limits the impact of potential errors. Hereafter,
the default z-score threshold is set at 2. Algorithm 1 is the corresponding pseudocode.

Algorithm 1: Remove outliers function

Input vin vector
Parameter outliers limit zlim (default value: 2)
Output vout vector
zv ← zscore(v) * Compute z score of each value in vin, relative to its mean and standard deviation.

vout ← {vin[i] if zv[i] ≤ zlim}

Notations - In the following, some notations are introduced:

– xgo and xback: for a time-series or vector x, the index corresponds to the forward (xgo) and
backward (xback) phases of the test. xphase is used to refer to either of the two phases.

– stride durations: vector representing the durations of each individual stride (left and right).
We apply the remove outliers function as well as a check for the alternation of left and right
steps to exclude aberrant values.

stride durations = remove outliers([hleft
2 − hleft

1 , hleft
3 − hleft

2 , . . . , hleft
Nleft
− hleft

Nleft−1,

hright
2 − hright

1 , hright
3 − hright

2 , . . . , hright
Nright

− hright
Nright−1]). (1)

– double stance: vector representing the proportion of double stance phases in gait cycles
(Figure 2), with the same exclusion of aberrant values. For example, for the gait cycle from
hright
i to hright

i+1 , considering that the jth left swing phase completes the gait cycle, we have

dstTi =
(trighti+1 − hleft

j ) + (tleftj − hright
i )

hright
i+1 − hright

i

. (2)

Figure 2: Double stance definition. For each gait cycle, the double stance time is the ratio of the time during which both
feet are on the ground (highlighted in violet) to the total duration.
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2.3.2 Computation of Parameters

The calculation methods for each parameter included in the semiogram are provided below with the
previously detailed notations.

� Average speed: quantifies gait velocity with 1 parameter:

− Velocity (V ): walked distance D divided by the total duration of the walking test (from
the first to the last gait event) after the exclusion of the U-turn.

V = Fs ×
D

max(hleft
Nleft

, hright
Nright

)−min(tleft1 , tright1 , )− uend + ustart

. (3)

� Springiness: quantifies gait rhythmicity with 2 parameters:

− Stride time (StrT ): average stride time duration after excluding the initiation step.

StrT = mean(stride durations). (4)

− U-turn time (UtrT ).

UtrT =
1

Fs

× (uend − ustart) . (5)

� Smoothness: quantifies gait continuousness or non-intermittency with 2 parameters:

− Spectral arc length (SPARCrot): measures the arc length of the Fourier magnitude spec-
trum of the trunk gyration signal within an adaptive frequency range. We considered the
method described by Melendez-Calderon et al. [9]. According to these recommendations,
we use the gyration norm during the walking period, which is calculated as follows

gyr =
√

gyrx2 + gyry2 + gyrz2.

We then plot the normalized magnitude spectrum (from Fast Fourier transform with
NFFT points, see Appendix A) and set the spectral arc selection limit as a function of an
amplitude threshold (threshold = 0.05) and a frequency threshold (10 Hz according to the
literature) [9]. It leads to a spectral arc with NFFT

sel points. An illustration is provided in
Figure 3.

Finally, the arc length is calculated using the following formula

SPARCrot = SALuturn = −
NFFT

sel −1∑
i=1

√√√√( fsel,i+1 − fsel,i
fsel,NFFT

sel
− fsel,1

)2

+ (Mfsel,i+1 −Mfsel,i)
2. (6)

where :

* SAL is know as the Spectral Arc Length for the smoothness of the movement.

* NFFT
sel is the total number of frequencies in the selected frequency range.

* Mfsel represents the normalized magnitude spectrum for the selected frequency range,
defined as the normalized Fast Fourier Transform (FFT) of the gyration norm.

* fsel corresponds to the selected frequency range for calculating the SAL, defined as
the frequency range corresponding to Mfsel.
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Figure 3: Spectral arc length construction with power spectrum for positive frequencies and cut-offs.

− Log dimensionless jerk (LDLJA): quantifies the rate at which the total acceleration of
the trunk signal is changing over time, considering both its amplitude and duration. We
compute the procedure described in [9].

LDLJphase
A = −log

(
abs

(
−s× 1

Fs

×
M−1∑
i=1

(jerkphase
i)
2

))
, (7)

where :

* M is the number of time samples in the considered phase.

* jerkphase is the discrete derivative of accphase, which corresponds to the vector of the
acceleration magnitude measured by the IMUs

jerk =
dacc

dt
= Fs × (acct+1 − acct) , with acc =

√
accx2 + accy2 + accz2.

* s is the scaling factor used to adjust the smoothing measurement calculation in order
to normalize the smoothing measurement based on the unit and dynamics of the
acquired motion data (in this case, acceleration). We calculate it as follows

s =
N

Fs ×max(accphase)2
.

We then have

LDLJA =
1

2
× (LDLJgo

A + LDLJ back
A ).

� Steadiness: quantifies gait regularity with 4 parameters:

− Variation coefficient of step time (CVStrT ): standard deviation of the vector of stride
times (outliers excluded) divided by its average.

CVStrT = 100× sd(stride durations)

mean(stride durations)
. (8)

− Variation coefficient of double stance time (CVdstT ): standard deviation of the vector of
double stance times (outliers excluded) divided by its average.

CVdsT = 100× sd(double stance)

mean(double stance)
. (9)

7
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− Craniocaudal step autocorrelation coefficient (P1aCC): first peak of the craniocaudal au-
tocorrelation coefficient of the lower back, to assess for step to stride similarity (Figure 4).
The theoretical autocorrelation formula is given in (10), and the code application is pro-
vided in Appendix B.
For t in {0, 1, . . . , N/2},

autocorrCC(t) =

N−t∑
i=1

(accxi − µ)(accxi+t − µ)

N∑
i=1

(accxi − µ)2
,

P1aCC = maxStrT
3

≤t≤ 2∗StrT
3

(autocorrCC(t)),

(10)

where:

* N is the total number of samples.

* accxi is the craniocaudal acceleration value at time i.

* µ is the mean of the acceleration values.

* StrT is defined previously in Equation (4).

* t is the time shift.

− Craniocaudal stride autocorrelation coefficient (P2aCC): second peak of the craniocaudal
autocorrelation of the lower back, to assess for stride to stride similarity (Figure 4).

P2aCC = max 5×StrT
6

≤t≤ 7×StrT
6

(autocorrCC(t)). (11)

where autocorrCC , StrT and t are defined previously in Equation (10).

Figure 4: Craniocaudal step (first peak, P1) and stride (second peak, P2) autocorrelation coefficient (X-axis acceleration).
Autocorrelation is estimated from FFT.

� Sturdiness: quantifies gait amplitude with 1 parameter:

− Step length (SteL): total length (20 m) divided by the total number of steps after the
exclusion of the U-turn.

SteL =
20

Nright +Nleft

. (12)

8
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� Stability: quantifies gait balance with 1 parameter:

− Mediolateral root mean square (RMSaML): dispersion of the mediolateral acceleration of
the lower back relative to zero during straight-walking phases. We take the best (lower)
result between the forward and the backward phases.

RMSphase
aML =

√
(mean(accy,phase)2),

RMSaML = min(RMSgo
aML, RMSback

aML).
(13)

� Symmetry: quantifies right/left concordance during gait with 5 parameters:

− Ratio of the step to the stride peak of the craniocaudal correlation coefficient (P1P2aCC):
ratio of P1 to P2, P1 and P2 previously defined (Figure 4).

P1P2aCC = 1−min

(
abs

(
1− P1goaCC

P2goaCC

)
, abs

(
1− P1backaCC

P2backaCC

))
. (14)

− Ratio of left and right mean swing times (swTr): ratio of the minimum (right or left) of
averaged swing time divided by the maximum (right or left) of averaged swing time.

swT left =
1

Nleft − 2
×

Nleft−1∑
i=2

(
hleft
i − tlefti

)
,

swTr =
min(swT left, swT right)

max(swT left, swT right)
.

(15)

− Three improved harmonic ratios: anteroposterior (iHRaAP ), mediolateral (iHRaML), cran-
iocaudal (iHRaCC): evaluate the similarity of the trunk energy distribution as a function
of frequency between the left and right limbs. The computation procedure was previously
described [8]. First, for each part of the signal corresponding to a stride, we decompose the
filtered acceleration signals into harmonics using a discrete Fourier transform as shown in
Figure 5. We consider the Fourier coefficients for the multiple harmonics of the approxi-
mate fundamental frequency, taken as Fs

nsample
, where Fs represents the sampling frequency

and nsample denotes the number of samples in the stride.
The improved harmonic ratio is calculated as the ratio between the power of the even har-
monics (for anteroposterior and craniocaudal) or odd harmonics (for mediolateral) over
the total power of the signal. Indeed, the craniocaudal and anteroposterior accelerations
have two periods every stride, resulting in dominance of the second (and subsequent even)
harmonic, whereas mediolateral accelerations have only one period per stride, resulting in
dominance of the first (and subsequent odd) harmonic.

iHRϑ
aAP = 100×

∑10
j=1(A

j
aAP,E)

2∑10
j=1(A

j
aAP,E)

2 +
∑10

j=1(A
j
aAP,O)

2
,

iHRϑ
aML = 100×

∑10
j=1(A

j
aML,O)

2∑10
j=1(A

j
aML,E)

2 +
∑10

j=1(A
j
aML,O)

2
,

iHRϑ
aCC = 100×

∑10
j=1(A

j
aCC,E)

2∑10
j=1(A

j
aCC,E)

2 +
∑10

j=1(A
j
aCC,O)

2
,

where:

9
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Figure 5: Discrete Fourier Transform (DFT) for the anteroposterior acceleration time-series. The power of even harmonics
estimates the improved Harmonic Ratio of anteroposterior acceleration.

* Aj
aCC,O, A

j
aML,O, A

j
aAP,O are respectively the amplitudes of the jth odd harmonics of

the discrete Fourier Transform of accx, accy, accz, taken in the interval ϑ.

* Aj
aCC,E, A

j
aML,E, A

j
aAP,E are respectively the amplitudes of the jth even harmonics of

the discrete Fourier Transform of accx, accy, accz, taken in the interval ϑ.

For each step k bounded by hk and hk+1, excluding the first and the last ones, we define
the improved harmonic ratio of neighborhood maxima

iHRk
aAP = max

ϑ∈V ([hk;hk+1])

(
iHRϑ

aAP

)
,

iHRk
aML = max

ϑ∈V ([hk;hk+1])

(
iHRϑ

aML

)
,

iHRk
aCC = max

ϑ∈V ([hk;hk+1])

(
iHRϑ

aCC

)
,

where:

* V ([hk;hk+1]) is the neighborhood of step k, defined as the set of time intervals whose
start is within 15 time intervals of hk and whose end is within 15 time intervals of
hk+1, with an additional duration variability of 5 time intervals.

Finally, we define our 3 parameters as the average iHR of each step

iHRaAP = mean(iHRk
aAP )k, (16)

iHRaML = mean(iHRk
aML)k, (17)

iHRaCC = mean(iHRk
aCC)k. (18)

� Synchronization: quantifies inter-limb coordination during gait with 1 parameter:

− Double stance time (dstT ): time between the HS of one foot and the TO of the contralat-
eral foot divided by the total time of the cycle time (Figure 2). We represent this ratio as
a percentage.

dstT = 100×mean(double stance). (19)

10
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2.3.3 Parameters Reference

The semiogram is a comparative tool that utilizes z-score calculation. A sample of data from the
healthy population is necessary to compute the mean values and standard deviations for each pa-
rameter. The dataset and its characteristics are available here2.
Characteristics of the reference population - Nineteen individuals who did not have any re-
ported medical impairments or health conditions performed a series of 4 to 6 recordings of the
10-meter round-trip walking test. The characteristics of the population are summarized in Table 1.

Sex (M/F) 12/7
Age (years) 51 (17)
Height (m) 1.71 (0.06)
Weight (kg) 71.7 (14.3)
Body mass index (kg/m2) 24.3 (4.3)

Table 1: Baseline characteristics of healthy subjects. Mean and SD are given.

Parameter Values - The mean and standard deviation (SD) for each of the 17 selected qualitative
parameters were computed using the entire set of trials from the reference group (Table 2). A Z-
coefficient of 1 (+) or -1 (-) was assigned to each parameter to indicate whether an increase in the
parameter was considered beneficial or pathological, respectively.

Criteria Parameter Mean SD Z-coefficient
Average speed V (m/s) 1.22 0.20 +
Springiness StrT (s) 1.10 0.09 -

UtrT (s) 2.62 0.75 -
Smoothness LDLJA (-) -8.07 0.35 +

SPARCrot (-) -4.18 0.89 -
Steadiness CVStrT (%) 2.34 0.97 -

CVdstT (%) 5.63 2.07 -
P1aCC (-) 0.82 0.10 +
P2aCC (-) 0.82 0.10 +

Sturdiness SteL (m) 0.68 0.08 +
Stability RMSaML (m/s2) 1.28 0.33 -
Symmetry iHRaAP (%) 95.48 2.13 +

iHRaCC (%) 94.88 3.10 +
iHRaML (%) 86.77 6.32 +
P1P2aCC (-) 0.96 0.04 +
swTr (-) 0.96 0.03 +

Synchronization dstT (%) 23.34 3.50 -

Table 2: Mean, SD, and Z-coefficient for included gait features for the reference group. V: velocity; SteL: step length; StrT:
stride time; UtrT: U-turn time; LDLJA: log-dimensionless jerk computed from the trunk acceleration; SPARCrot: spectral arc
length computed from the trunk gyration; CVStrT: coefficient of variation of the stride time; CVdstT: coefficient of variation
of the double stance time; P1aCC : step autocorrelation coefficient of the trunk craniocaudal acceleration; P2aCC : stride
autocorrelation coefficient of the trunk craniocaudal acceleration; RMSaML: root mean square of the trunk mediolateral
acceleration; iHRaAP : improved harmonic ratio of the trunk anteroposterior acceleration; iHRaML: improved harmonic ratio
of the trunk mediolateral acceleration; iHRaCC : improved harmonic ratio of the trunk craniocaudal acceleration; P1P2aCC :
ratio P1 to P2; swTr: ratio of left and right swing times; dstT: double stance time ratio.

2https://www.ipol.im/pub/art/2023/497/
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2.3.4 Semiogram Algorithm Description

Algorithm 2: Semiogram computation

Input Trunk sensor pre-processed time series: accx, accy, accz, gyrx, gyry, gyrz;
U-turn limits list [ustart, uend];
Gait event detection eICright, e

IC
left for initial contact and eFCright, e

FC
left for final contact.

Parameter sampling frequency Fs, distance D, reference values.

Output semiogram image

Step 1. Criteria computation

for criterion in criteria do
n← number of parameters in the criterion
for i← 0 to n do

pi ← parameter i value
mi ← average parameter i value in general population
sdi ← standard deviation for parameter i value in general population
ki ← Z-coefficient (−1 or 1) for parameter i

zi = ki ×
pi −mi

sdi

Zcriterion =
1

n
×

n∑
i=1

zi

Step 2. Semiogram representation

Build a 7 axes radar plot with polar axes.

for criterion in criteria (except average speed) do
Place Zcriterion on the corresponding axis.

Connect the points.
Polygon color ← Zaverage speed.

3 Data Description for Demo

The semiogram described in this article requires precise data acquisition within a specific gait testing
context. The code for the demo will work on datasets acquired in the correct format and under the
conditions specified in this section.

3.1 Protocol and Experiment

3.1.1 Sensor Placement

The subject is equipped with at least 1 inertial sensor on the lower back at the level of the fifth
lumbar vertebra. The placement of the sensor and the orientation of the axes in space are indicated
in Figure 1A. For optimal use of the demo, data sampling at a frequency of 60 to 100 Hz is highly
recommended.
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3.1.2 Gait Evaluation Test

The conducted gait test consists of a 10-meter round trip with a U-turn. The testing location must be
sufficiently wide to allow the patient to walk without obstacles and perform the turnaround. Ideally,
the boundaries, particularly the turnaround area, should be marked. The objective is to record the
patient under the same conditions as in their daily life: if they are accustomed to using walking
aids (cane, orthosis, etc.), the test should be performed with those aids. If the patient is unable to
complete the entire test, the semiogram analysis cannot be conducted.

3.1.3 Test Protocol Instructions

The instructions given to the patient should be as follows, whenever possible:

� Wait for approximately 6 seconds in a static standing position after starting the recording,
facing the walking test location, until the operator’s signal;

� Walk 10 meters at a comfortable and habitual pace;
� Perform a U-turn within the designated area, without being concerned about slightly stepping
outside of it;

� Return to the starting point at a comfortable and habitual pace;
� Wait on the finish line for 2 seconds before the operator’s signal and the sensors stop.

3.2 Data Format

3.2.1 Demo Parameters

For the demo, 5 parameters relating to data acquisition and final visualization are required to estab-
lish the semiogram:

� Sampling frequency in Hertz;
� Walked distance of the trial in meters;
� Minimum and maximum z-score for representation.

3.2.2 Required Files

To run the demo, you need to provide 2 files in the specified formats corresponding to the lower back
inertial sensor signal, and the gait events metadata. To properly identify them, the suffixes of each
file can be as follows:

� For the trunk sensor: [filename] lb.txt.
� For the gait events metadata: [filename] ge.json.

3.2.3 Format for Each File

The data format needs to be compatible with the demo. In addition to being in .txt format, the
sensor data file should have at least 7 columns, following the same naming format as shown below:

� PacketCounter: this column contains the count of acquisition times, where the time interval
between two time units depends on the sampling frequency;

� Acc X, Acc Y, Acc Z: these three columns contain the values of acceleration or gravity-free
acceleration along each of the three axes in the sensor’s reference frame;

� Gyr X, Gyr Y, Gyr Z: these three columns contain the values of angular velocity along each
of the three axes in the sensor’s reference frame.
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An example of a sensor data mask is provided in Figure 6. Please note that there can be as many
lines of context as desired before the data, as long as the first column begins with “PacketCounter”.

Figure 6: Data mask for each file. This example file corresponding to a trunk sensor contains 10 columns. Among these
10 columns, 7 of them correspond to the expected format for the demo: PacketCounter, Acc X, Acc Y, Acc Z, Gyr X,
Gyr Y, Gyr Z. The additional 3 columns (Mag X, Mag Y, Mag Z) correspond to the magnetometer and do not affect the
algorithm.

As for the .json file, which contains the timestamped gait events, it should be a dictionary
containing at least 3 keys:

� UTurnBoundaries. List [ustart, uend] which corresponds to the time estimations of the start and
the end of the U-turn phase.

� LeftFootEvents. List
[[
tleft1 , hleft

1

]
,
[
tleft2 , hleft

2

]
, . . .

]
of final ground contact (Toe-Off, TO) and

initial ground contact (Heel-Strike, HS) indexes of the gait events of the left foot, excluding
the U-turn period.

� RightFootEvents. List
[[
tright1 , hright

1

]
,
[
tright2 , hright

2

]
, . . .

]
of final ground contact (TO) and

initial ground contact (HS) indexes of the gait events of the right foot, excluding the U-turn
period.

4 Application

4.1 Output Analysis Report Format

The algorithm generates a visually interpretable report for the clinician, consisting of one figure.
Arrays containing parameter values and the z-scores resulting from the criteria are provided for
reference. An example is given in Figure 7.

It is possible to focus solely on the figure, which represents the final output of the semiogram
analysis (Figure 7A). Each branch within the chart corresponds to one of the seven semiological
criteria: springiness, smoothness, steadiness, sturdiness, stability, symmetry, and synchronization.
The color of the chart is determined by the average walking speed, providing an indication of the
overall quality of the analysis.

4.2 Overlay for the Follow-Up

As for follow-up, in order for the clinician to easily compare the semiogram with a reference semiogram
previously conducted, overlaying them on the same graph is possible (Figure 8). To achieve this,
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A

B

C

Figure 7: Example for a demo report with a semiogram. A - semiogram. B - criteria z-scores. C - parameters values and
z-scores.

15



Cyril Voisard, Nicolas de l’Escalopier, Damien Ricard, Laurent Oudre

both sets of data may be uploaded to the demo, using the formats specified earlier. The two polygons
are represented differently, and the area of progression is colored to facilitate clear visualization.

Figure 8: Example of the evolution of the semiogram at a 6-month interval in a patient with post-stroke equinovarus foot.
The recording at M0 corresponds to the pre-operative trial, and at M6 to the post-operative trial.

5 Conclusion

The incorporation of visual gait quantification tools in clinical practice shows great potential for as-
sessing and monitoring gait abnormalities associated with neurological conditions. These tools offer
objective measurements, facilitate longitudinal tracking, and encourage interdisciplinary collabora-
tion, thereby improving the accuracy and efficiency of clinical evaluations and ultimately enhancing
patient outcomes. As technology continues to progress, it is crucial for researchers and healthcare
professionals to establish standards that allow for the implementation and widespread adoption of
these tools in clinical practice. In this context, the semiogram provides a multidimensional and visual
approach to gait quantification. It encompasses all the desired features of an easily interpretable,
quantitative, and precise tool for monitoring the semiological evolution of gait in neurological patholo-
gies.

A Fast Fourier Transform and Normalized Magnitude Spec-

trum for SPARC Calculation

In the SPARC calculation (see Equation (6)), we employ the Fast Fourier Transform (FFT) to
convert time-domain signals into the frequency domain. This complex output is then transformed
into a magnitude spectrum, which is normalized to allow comparison.
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A.1 FFT with Zero-Padding

When applying an FFT to convert a signal into the frequency domain, it is important to carefully
choose the size of the FFT. In our code, this corresponds to the variable nfft, calculated as follows

nfft = 2⌈log2(len(gyr))⌉+padlevel. (20)

The length of the input gyration signal is first computed, and its base-2 logarithm is taken to
determine the next highest power of 2. An additional padlevel parameter is then added to increase
the length, determining the amount of zero-padding applied to the signal before performing the FFT.
A higher padlevel increases the length of the padded signal, which improves the frequency resolution
of the resulting spectrum. However, excessive padding may also introduce artificial peaks or noise.
The value of padlevel is fixed to 4 in our demo, following the recommendations from [2]. Thus, it
does not alter the original signal but increases the frequency resolution, leading to a more refined
frequency spectrum. It leads to a spectral arc with NFFT points (in the code, from 0 to NFFT

excluded).

A.2 Normalized Magnitude Spectrum

The FFT output is complex, so we compute the magnitude of the spectrum, calculated by taking its
absolute value. This magnitude spectrum is then normalized by dividing it by its maximum value

Mf =
|FFT(gyr)|

max(|FFT(gyr)|)
. (21)

The normalization process allows for easier comparison between different signals or experiments,
which is the basic principle of the semiogram.

B Autocorrelation and Peak Detection

B.1 FFT-based Method to Calculate Autocorrelation

The exact mathematical formulation for autocorrelation is provided in Equation (10). In the Python
code, autocorrelation is efficiently computed using FFT, which leverages the convolution theorem. It
first computes the FFT of the signal and then performs an inverse FFT on the product of the signal’s
FFT and its conjugate. We computed a non biased estimator, with a normalization. The equivalence
of these two formulas is based on an assumption of periodicity, which is a reliable assumption in
the analysis of gait signals. It ensures that our computational approach faithfully represents the
theoretical analysis.

B.2 Autocorrelation Peak Detection Methods for P1 and P2

The first and second peaks of the autocorrelation function for craniocaudal acceleration data respec-
tively correspond to the step (P1) and stride (P2) phases of gait. The search for the amplitude of
the P1 and P2 peaks is conducted during each of the two straight-line phases, the ‘go’ and ‘back’
phases, ignoring the U-turn phase. It evaluates the P1 and P2 values for both the ‘go’ and ‘back’
phases. Finally, the best amplitude is retained as the reference value.

To estimate the peak amplitude, the algorithm selects the most appropriate peak detection tech-
nique by comparing two different methods (function peak 1 and peak 2 in code), ensuring robust
detection of the step and stride phases. This limits the risk of incorrect detection.
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� Method 1 (function peak 1 in code): This method first detects all autocorrelation maxima
greater than 0.3 and then selects the peaks closest to the average stride duration for P2 and
half the average stride duration P1.

� Method 2 (function peak 1 in code): This method focuses on a defined frame around the mean
stride duration for P2 (between 85% and 115% of the mean stride duration) and half the mean
stride duration for P1 (between 35% and 65% of the mean stride duration). These ranges are
based on the assumption that the step and stride phases will exhibit strong periodicity around
these time intervals. The function thus detects maximum autocorrelation values greater than
0.3 within each interval.

Peaks are detected by analyzing the first-order difference. It allows for control over peak selection
through thresholding and minimum distance constraints, ensuring that only the most significant
peaks are identified.
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