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Abstract

Sensing floors are becoming an emerging solution for
many privacy-compliant and large area surveillance sys-
tems. Many research and even commercial technologies
have been proposed in the last years. Similarly to dis-
tributed camera networks, the problem of calibration is
crucial, specially when installed in wide areas. This pa-
per addresses the general problem of automatic calibration
and configuration of modular and scalable sensing floors.
Working on training data only, the system automatically
finds the spatial placement of each sensor module and es-
timates threshold parameters needed for people detection.
Tests on several training sequences captured with a com-
mercial sensing floor are provided to validate the method.

1. Introduction
According with the “Internet-of-Everything” paradigm,

the technological and cultural evolution of the last few years
has led to an increasing presence around us of sensing de-
vices. The environment where we live is increasingly scat-
tered with sensors able to improve the human-environment
interaction and to provide distributed surveillance and mon-
itoring. Among different types of sensors, in this paper we
will focus on the exploitation of sensing floors. Their appli-
cations are manifold in several fields, including both public
and private environments. For example, smart buildings can
include sensing floors to detect the presence of people and
to automatically switch on/off the lighting or the heating
systems. In the e-health field, these devices can be used to
detect dangerous situations such as an elder falling or get-
ting out of his/her bed [8]. Furthermore, sensing floors can
be used for people counting or to monitor crowd movements
during public events, exhibitions, and so on.

In comparison with other traditional technologies such as
video cameras, sensing floors provide less information but
have two undoubted advantages. First, they are completely
privacy compliant. In fact, it is not feasible to recognize and

identify users from their data only. Thus, the installation of
these sensors is also allowed in private places, such as toilets
or bedrooms. Second, sensing floors data are not affected
from occlusions, a typical issue of visual camera systems.

In this work, we discuss the very common and general
problem of sensor calibration in wide areas. Regardless
of the technology, the whole floor should be covered with
several modules, which need to be opportunely calibrated.
The ease of installation and configuration are essential fea-
tures for the diffusion of sensing floor systems, specially
when the number of installed modules grows. However,
most of the solutions proposed in the past have two draw-
backs. First, an individual calibration phase is required for
each sensing element, because its response depends both on
intrinsic characteristics and on installation issues. For ex-
ample, the presence of ceramic tiles above the sensors, the
morphology and the planarity of the layer under the sen-
sors may affect the response level and range of each ele-
ment. Secondly, a manual configuration of the setup should
be provided to correctly specify the location of each mod-
ule within the whole sensing area. More specifically, the
spatial transformations which convert coordinates from the
local coordinate systems of each module to a global and
common coordinate system are needed. The same problem
arises from the installation of many cameras [10].

In this paper, we propose an automatic method to cali-
brate and discover the layout of sensing units solely based
on acquired data.

2. Related work
Some prototypes of sensing floors have been designed

and proposed in the past and most of them are composed
of two separate layers: an electronic device and a hard (i.e.
wood, ceramic) or soft (i.e. carpet, PVC) coverage surface.
The electronic layer captures the pressure exerted on the
floor, while the above tiles help to preserve the sensor in-
tegrity as well as acting as a lens which distributes punctual
pressures over a larger space. For example, modules of ma-
trix switch resistors placed under a carpet coverage were
proposed in [5] and in [6] for gait recognition and human
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Figure 1. An example of a sensing floor composed by 12 modules. Each module is made of a grid of sensors Sm(x, y).

tracking applications, respectively.
Law et al [2] presented a sensing floor based on a square

array of individual wooden tiles (30.5 × 30.5 cm), each of
them equipped with four Force-Sensing Resistors (FSR).

The SensFloor system was proposed in [9] for human
tracking and identification. It is composed by a grid of tex-
tile modules (50×50 cm) beneath a ceramic tiles coverage.
Each module is equipped with eight surrounding triangu-
lar capacitive sensor pads and an embedded system-on-chip
device to perform capacitance measurements and the neces-
sary signal filtering.

The Future Care Floor described in [3] is built using
wooden tiles (600× 600× 40 mm) equipped with a piezo-
electric sensor and a micro-controller for data acquisition
and processing.

In collaboration with an Italian ceramic company1, we
have recently developed a commercial solution, called
FlorimAge. The system follows the guidelines presented
in [4]. The modular solution is composed by small stand-
alone devices (1 × 1 m) that can be placed side by side to
cover wide areas. Each module is assembled as a stack of
three layers: the first one can be placed over a pre-existing
floor and it is a flexible electronic circuit. The second layer
is made of a conductive polymer. The top layer is a cover-
age of ceramic tiles (600 mm by 600 mm wide) which are
thin enough (4.5 mm) to allow the sensing elements below
them to capture the presence of walking people.

3. Sensing Floor Data and Problem Definition
Let Ψ be the whole data captured from a generic sensing

floor. If the sensing elements are spatially arranged on a
grid, the captured data Ψ can be stored as a 3D matrix Ψ =
{ψ(x, y, t)}, x ∈ [1 . . .W ], y ∈ [1 . . . H], t ∈ [1 . . . T ]. W
and H define the sizes of the whole floor grid and T is the
number of temporal samples.

Each element ψ(x, y, t) is the digital value sampled at
time t from the sensor S(x, y). The spatial neighborhood
relations among sensors are preserved in the matrix Ψ. Due
to anomalies of the coat below the floor or irregular place-
ment of the tiles above it, each matrix element ψ(x, y, t)
may have a proper output range different from the others.

1http://www.slim4plus.it/en/floor-sensor-system/

A linear transformation should be included in the capturing
step to normalize the sensor response, as in the following
equation:

ψ̂(x, y, t) = αx,y · ψ(x, y, t) + βx,y. (1)

The parameters α and β of the linear transformation are
specific for each sensor and they should be provided or
learned during a sensor calibration step. Once the linear
transformation is applied, a global threshold could be se-
lected and used to binarize the floor data. In particular, the
binary foreground matrix F can be obtained as:

F (x, y, t) =

{
1 if ψ̂(x, y, t) > Th
0 otherwise

. (2)

The threshold Th depends on the specific application
constraints and it is related to noise level and to the required
floor sensitivity. For instance, people detection and surveil-
lance algorithms need that the foreground matrix contains a
’1’ when a person is stepping on the corresponding sensor.
In this case, Th is a sort of lower bound of a person weight.

In real implementations, the whole data Ψ are collected
by multiple sensor modules working in parallel for scalabil-
ity issues. The modules can be freely disposed on the floor
to cover large areas. However, since a grid distribution of
the modules leads to an easier integration and processing
of the data, we adopt this grid assumption. Therefore, Ψ is
obtained by mosaicing the sub-matrices Ψm,m ∈ [1 . . .M ]
sampled from the M modules.

A schema of the processing system is reported in Figure
2. Each sensor Sm(x, y) delivers a digital value ψm(x, y, t)
every sample instant t. The index m refers to the hardware
module which contains the sensor, while the coordinates
x, y indicate the position of the sensor within the module
using the local reference system (see Figure 1).

A linear transformation is applied to the captured values
to normalize their range. As above mentioned, the parame-
ters of the transformation are different for each sensor and
are defined during the sensor calibration step. The hardware
boards responsible of capturing the sensor data are able to
package their own values into data blocks Ψm, but the com-
plete floor data Ψ should be reassembled by mosaicing the
blocks using the provided floor layout before further high-
level processing tasks.
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Figure 2. Low level processing of sensor data. The output value normalization and the module mosaicing step are used to generate the
whole floor data Ψ.

In this paper, we propose an automatic system to esti-
mate the Sensor Calibration and the Floor Layout configu-
ration parameters (red parallelograms in Figure 2) directly
from training data.

4. Sensor calibration

The calibration step is carried out at sensor level. No
spatial relations are exploited. Due to several factors, each
sensor may provide values within different output ranges.
Figure 3 shows the temporal response of a sample sensor.
The graph on the top plots the temporal sequence of sensor
responses. During the sequence, a person walked over the
sensor about ten times, generating the same number of pos-
itive peaks. When the person raises his feet from the floor,
the corresponding sensor provides negative peaks, since the
sensor coverage is subjected to a temporary swing behav-
ior. Similar responses are also generated if the coverage is
somehow unsteady or if a person is walking near to the sen-
sor. For the rest of the time, the sensor output is related to
the dead load and is perturbed by a Gaussian measurement
noise.

We dealt the sensor calibration as a classification prob-
lem. Given a new sample from a sensor, we want to classify
it as belonging to one of the following classes: negative-
peak, background, and positive-peak. A mixture of three
Gaussian distributions is fitted to the data captured from
each sensor as a training sequence. The parameters ob-
tained using the Expectation Maximization (EM) algorithm
are stored and used as input for a Bayesian classifier, which
also allows a binarization of the floor data into background-
foreground masks (positive peaks are treated as foreground
points, and the others as background). In addition, the pa-
rameters of the mixture are exploited to compute the linear
transformation parameters α and β of Eq. 1.

Given a data sequence {ψ(x, y, t)}t=1...T , the EM fitting
algorithm returns the 3D mean and variance vectors µ =

[µ1 µ2 µ3] and σ = [σ1 σ2 σ3], corresponding to the three
components depicted in the bottom graph of Figure 3:

ψ̂(x, y, t) = αx,y · ψ(x, y, t) + βx,y = ψ(x,y,t)−L1

L2−L1

L1 = µ2 −
√
σ2, L2 = µ3 + 2 · √σ3

(3)

where [L1, L2] is the normalized range of each sensor out-
put. The indexes x, y have been omitted for the sake of
readability. In Figure 3.top the mean of the Gaussian com-
ponent related to foreground values is drawn in green, while
the automatic threshold used by the classifier to distinguish
between background and foreground points is drawn in red.
The Threshold Th is set as the intersection value between
the background and the foreground Gaussian curves (see
Figure 3.bottom).

5. Layout discovery
The layout discovery algorithm is based on the work of

Pomeranz et al. [7]. They proposed a system to automati-
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Figure 3. Plot of a real sequence of data captured from a single
sensor (top). The EM fitting algorithm automatically recovers the
three Gaussian distributions shown in the sketch (bottom).



cally solve a jigsaw puzzle. After splitting an image into a
scrambled set of tiles, the algorithm find the correct position
occupied by each in the source image. The method trusts on
the similarity at the borders of neighbor tiles. Thus, key ele-
ments of the approach are a suitable compatibility measure
between couples of tiles and a greedy optimization algo-
rithm to reduce the computational complexity. In fact, the
brute force approach is not allowed due to the factorial com-
plexity of the problem with respect to the number of tiles.

Similarly to the jigsaw puzzle, we need to discover the
correct position of each portion of the floor (floor tile). To
this aim, we can exploit the similarity of the temporal data
sequences captured by the sensors placed near to the edges
of the tiles. Given two random floor tiles Ψi,Ψj ∈ Ψ, we
need a metric to measure their compatibility given a spatial
relation R ∈ {l, r, u, d} (i.e., left, right, up, down) between
them. In other words, we need a suitable compatibility met-
ric which indicates how likely the tile Ψj is placed on the
left/right/up/down side of the reference tile Ψi, based on a
training data.

If the spatial distance between two neighbor sensors is
low enough, the correspondent temporal series of the cap-
tured data will be highly correlated. This correlation is en-
hanced thanks to the ceramic tiles, which spatially smooth
the sensor response. Let C(Ψi,Ψj , R) be a compatibility
metric estimated between the two tiles, given the spatial re-
lation R. The compatibility of two tiles can be computed as
a function of their dissimilarity [7]:

C(Ψi,Ψj , R) ∝ exp

(
− D(Ψi,Ψj , R)

quartile(i, R)

)
, (4)

where quartile(i, R) is the quartile of the dissimilarity be-
tween all other parts in relation R to part Ψi.

In case of images, the dissimilarity D(·) of two tiles can
be measured by summing up the color differences of the
pixels along the parts’ abutting boundaries [1]. Since floor
tiles are temporal sequences, their dissimilarity metric could
take into account temporal as well as spatial data missing
correlations along the parts’ abutting boundaries.

5.1. Dissimilarity metrics

The first Dissimilarity metric D1 for floor data can be
defined as following, where the right (’r’) relation is used:

D1(Ψi,Ψj , r) =

T∑
t=1

K∑
x=1

d (ψi(x,K, t), ψj(x, 1, t)), (5)

where d(·, ·) is a distance function between two sensor val-
ues. The Euclidean distance has been used to this aim in our
system, but more complex may improve the results in some
particular cases [7].

Figure 4 shows the subset of sensors (colored in green)
used in the computation of the Dissimilarity metric in the
case of right relation.

1 2

d(∙,∙)

i j

x

y

t

1

2

K

…

… K

x

y

t

1

2

K

…

1 2 … K

Relation = right (‘r’)

Figure 4. Computation of the Dissimilarity metric in the case of
right relation. The temporal series of each sensor colored in green
are taken into account.

The Dissimilarity metric D1 does not take into account
some useful information available thanks to the automatic
calibration step described in Section 4. Thus, we propose
and test other two dissimilarity metrics. Exploiting the lin-
ear filtering, Equation 5 can be modified to compute the
distances between the normalized sensor values:

D2(Ψi,Ψj , r) =

T∑
t=1

K∑
x=1

d
(
ψ̂i(x,K, t), ψ̂j(x, 1, t)

)
. (6)

Furthermore, the automatic calibration step indicates the
best threshold values to classify each floor data element into
background/foreground.

If available, the binarized values of Equation 2 allow to
define a suitable Dissimilarity metric D3:

D3(Ψi,Ψj , r) = 1− CoOcc(Fi, Fj , r)

Occ(Fi, Fj , r) + ε
, (7)

where CoOcc and Occ are the number of CoOccurrences
and Occurrences of foreground pixels at the selected bor-
ders of Ψi and Ψj and are computes as:

CoOcc(Fi, Fj , r) =
∑
t,x Fi(x,K, t) ∧ Fj(x, 1, t)

Occ(Fi, Fj , r) =
∑
t,x Fi(x,K, t) ∨ Fj(x, 1, t),

(8)

where the sum limits are omitted for the sake of readability.
The ε term as been included in Equation 7 to avoid division
by zero.

The dissimilarity D3 is related to the number of
times two neighbor sensors are contemporaneously excited
(i.e.,when they are synchronously stepped by a person), but
it does not handle temporal causalities (i.e., when they are
stepped by a person one immediately after the other). Com-
mon correlation and convolution filters are able to discover



uni-directional relations and are time consuming. The al-
ternative we propose is based on binary morphological op-
erations. In particular, we have applied a binary dilation
of the foreground multidimensional matrices F using a cu-
bic structuring element of size 3. In addition to temporal
causalities, the dilation operation allows to spatially enlarge
the neighborhood of each sensor during the computation
of the number of CoOccurrences and Occurrences. In the
experimental section, we call D4 the Dissimilarity metric
computed as in Equation 7 but on the dilated foreground
matrices.

6. Experimental evaluation
The automatic configuration and calibration system has

been tested on different sequences captured from a Florim-
Age setup installed in our laboratory. The floor is composed
by 12 independent modules of 8x8 sensors each, placed as
in Figure 1. The whole floor data is thus a grid of 32x24
sensors. To increase the number and difficulty of the tests,
we have also split each modules into many finer modules.
In particular, we tested the system with K = 2, 4 and
8, generating M = 12, 48 and 192 blocks, respectively.
The blocks are randomly scrambled before the tests, keep-
ing their original position as ground truth.

We have collected 14 sequences, characterized by dif-
ferent durations, people weight, count and motion patterns.
These sequences were collected emulating real conditions.
For example, to simulate a calibration phase during a sens-
ing floor installation, we collected 2 sequences with a per-
son following a preset pattern to completely scan all the
sensor units under the floor. To simulate a crowd situa-
tion, 9 sequences with walking/standing people have been
acquired, involving 1 to 6 individuals randomly moving on
the sensing floor. The individuals were also free to leave
the sensorized area. Finally, to emulate the use of the sys-
tem in points of passage such as corridors or gangways, 3
sequences have been collected with people walking accord-
ing to a predefined unidirectional flow. Table 1 reports a
summary of the adopted dataset.

Performance evaluation metrics: the Direct Compar-
ison (DC) is the most important metric for the evaluation
of the proposed system. Given an output layout assign-
ment, the DC value indicates the fraction of blocks correctly
placed over the total number of blocks. A perfect match
leads to a DC value equal to 1. As stated in [1], this score
is not complete and can be misleading. DC is equal to zero
even if the layout has been shifted by one row or column
only. In these cases, the Neighbor Comparison (NC) metric
provides a better performance evaluation. NC is computed
as the fraction of mutual relations correctly found between
couples of blocks.

Figure 5 shows the DC and NC scores obtained on each
sequence using the four proposed metrics D1-D4. The cor-

Table 1. Dataset summary
# Duration1 Duration1 People Description

seq. [mm:ss] frames count 2

1 06:13 3731 1 Complete scan of the
floor by a single person2 05:05 3051 1

3 02:23 1436 2 Unidirectional flow of
people4-5 01:00 600 1

6 00:23 236 1 Random walk of a single
person7-11 01:17 776 1

12-13 01:50 1200 2 Random walk of groups
of people14 02:15 1356 6

1 For aggregate rows, duration and frames are average values.
2 Number of people simultaneously on the floor

rect layout is always discovered using the original block size
(K = 8) and exploiting the foreground metrics D3 or D4.
The other metrics reach good results only on sequences 1
and 2, which contain a lot of handoffs between tiles. Us-
ing smaller block sizes, the system performance decreases.
However, if the training sequence is complete enough (se-
quences 1 and 2), the proposed system is still able to find the
correct tile placement. Average performances are reported
in the last bin of each graph. The metric D4 has provided
the best average result in all the cases.

Since the sensor calibration and layout discovery need
to be computed only once, no time constraints are usually
imposed in real application. On average, the solver took
less than one second to provide a solution with K = 8,
while about 100 seconds to place the 192 tiles obtained with
K = 2. The code has been written using Matlab and with-
out including specific code optimization.

7. Conclusions

We have proposed an automatic system to configure a
wide area sensing floor. In particular, the framework finds
the correct spatial placement of sub-modules using a train-
ing sequence instead of needing a manual configuration. In
addition, a sensor-wise calibration and automatic threshold
finding procedure is applied to binarize the sensor data into
the common background-foreground masks used in surveil-
lance applications. The provided tests on a real setup con-
firm the effectiveness of the method. In the future, we aim
at removing the assumption of grid distribution of the mod-
ules, to allow an automatic localization of a free distribution
of sub-modules on the floor.
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Figure 5. Performance evaluation of the proposed system in terms of DC and NC metrics for each video sequence and block size K.
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