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Abstract. Vision-based fall detection is a challenging problem in pattern recog-
nition. This paper introduces an approach to detect a fall as well as its type in
infrared video sequences. The regions of interest of the segmented humans are
examined image by image though calculating geometrical and kinematic features.
The human fall pattern recognition system identifies true and false falls. The fall
indicators used as well as their fuzzy model are explained in detail. The fuzzy
model has been tested for a wide number of static and dynamic falls.

1 Introduction

Human posture recognition is one of the core problems in computer vision and pattern
recognition. It has become a basic component of a greater part of application problems
such as ambient intelligence, surveillance, action recognition, human-computer interac-
tion, elderly health care, among others [12]. One particular human posture recognition
task is fall detection. A correct and rapid recognition of a fall is essential in assisted
living applications. This is specially true in case of elderly people monitoring [10].

There are various fall detection methods. Some make use of wearing devices; other
approaches are sensor-based (smart rooms, sensible floors) or process visual data [2].
The first group of methods suppose that a person wears a miniaturized device that
collects parameters and launches an alarm in case a fall is detected. A wide type of
accelerometers or movement/vibration sensors belong to this group [1]. Although the
usage of wearable devices provides many advantages, some authors point out the short-
comings of this approach, namely, reluctance and negligence to wear sensors, and the
tendency of wearing devices to produce false alarms [6]. The second group includes
various solutions which imply sensors placed in the user’s environment. It includes so-
lutions based on floor vibration and acoustic sensing [8], and even on installation of
sensitive floor tiles [7], [13]. As these sensors are fixed or integrated into a given envi-
ronment, they can not easily be moved when a person changes his/her position. In gen-
eral, acoustic and vibration sensors are expensive and fragile. They may as well request
special conditions for a correct functioning. On their side, visual data processing meth-
ods are free from the limitations of the previously described groups of methods. This
class combines various solutions, such as head motion analysis, shape motion analysis,
and inactivity detection [15], [16].
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In this paper an approach for human fall recognition is introduced. It is based on
fuzzy patterns dedicated to detect several fall types in segmented infrared video se-
quences. The segmentation phase is based on the accumulative computation approach
and some infrared spectrum processing algorithms, which segment the original image,
detect candidate to human blobs, and define and confirm region of interest (ROI) for
segmented human [3]-[5]. The paper focuses on a novel fuzzy model which obtains
fall patterns as function of geometrical, temporal and kinematic parameters of humans
previously detected in video sequences [18], [11], [14].

2 Fall Pattern Recognition

The proposed fuzzy model detects falls and their fall pattern. The objective of the paper
is to recognize falls from a “standing” position, from a “sitting” position and from
a “lying” position. Indeed, these are the most usual human positions. The proposal
includes the indication of the direction (lateral right, lateral left, backward, forward) and
the velocity of the fall. The system is capable of detecting false falls which correspond
to other human positions such as “kneeling”, “crouching” and “squatting”.

2.1 Determination of Fall Indicators

A fall is determined as dropping or freely coming down under the influence of gravity,
and is described by several parameters that describe the spatial and temporal position
of a person in a video sequence. We consider that the parameter fall time, t f , lies in
the interval ranging from 1 to 3 seconds [17]. For n consecutive ROIs corresponding
to a same human (in n consecutive images of a sequence), let ytr,1 and ydl,1 be the
top-right and down-left Y-coordinates of the ROI in the first image, and let ytr,n and
ydl,n be the top-right and down-left corner Y-coordinates of the ROI in the last (n-th)
image , respectively. In the same sense, let xtr,1 and xdl,1 be the top-right and down-left
X-coordinates of the ROI in the first image, and let xtr,n and xdl,n be the top-right and
down-left corner X-coordinates of the ROI in the n-th image. Let us also define xtr,
xdl , ytr and yld as the top-right and down-left coordinates of the current ROI. Also, let
w = xtr − xdl and h = xtr − xdl be the width and the height, respectively, of the current
ROI. The following spatial parameters are considered:

– The width-to-height ratio parameter, Rwh, is calculated for each ROI. In the case of
a standing person Rwh it is usually less than a “0”. When a person starts loosing an
erect position, falling down, or bending, this parameter increases. Our experiments
have shown that Rwh for a lying person belongs to interval ∈ [1.5 . . .7.0].

Rwh =
xtr − xdl

ytr − ydl
(1)

– The height change parameter, Δh, is calculated for the first and the last images in a
sequence of images stored for a given t f . It is a relation of the height of the ROI of
the last image to the ROI of the first image.

Δh =
ytr,1 − ydl,1

ytr,n − ydl,n
(2)
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– The fall direction parameter, dir f , is calculated for the first and the last images
in a sequence of images stored for a given t f . It returns a sign of the difference
between the upper left corner of the ROI from the first image and the corresponding
coordinate of the ROI from the last image. In case of a negative value, dir f means
“to the left”, and in case of a positive value, the dir f is “to the right”.

dir f =
{

1, if (xtr,2 − xtr,1) ≥ 0
0, otherwise

(3)

– The position change parameter, Δ p, indicates, in first place, if the upper left corner
of the ROI of the last image of the sequence is greater that the corresponding ROI of
the first image. Position change is equal to “1” in case these statements are true and
to “0” otherwise. This parameter is introduced in order to facilitate the detection of
a fall from a bed, or, in other words, falls from a lying position.

Δ p =
{

1, if (ytr,2 ≥ (ydl,1 −0.35 · ydl,1))
0, otherwise

(4)

We also consider the following kinetic parameters, which are calculated between the
ROIs of the first and the last images in a sequence of images stored for a given t f :

– Horizontal fall velocity, vh, describes a ratio between the real horizontal velocity
(equal to the factual height change between the first and the last images’ ROIs) and
the maximum possible horizontal velocity (equal to the height of the ROI of the
first image).

vh =

√
[(xtr,1 − xdl,1)− (xtr,n − xdl,n)]2√

w2 + h2
(5)

– Vertical fall velocity, vv, describes a ratio between the real vertical velocity (equal
to the factual width change between the first and the last images’ ROIs) and the
maximum possible vertical velocity (equal to the width of the ROI of the first im-
age).

vv =

√
[(ytr,n − ydl,n)− (ytr,n − ydl,n)]2√

w2 + h2
(6)

Notice that the denominator in formulae (6) and (5) is the maximum possible fall ve-
locity.

2.2 Fuzzy System Design

After the previous parameters (fall indicators) have been calculated, fuzzy logic is used
for fall detection to determine the ranges of the fall indicators and to classify the possi-
ble fall patterns. Fuzzy logic eases the problem of fall detection, on the one hand, and
facilitates recognition of fall patterns, on the other. Fig. 1 provides a schematic view
of the proposed fuzzy inference system which executes as follows. Initially, input crisp
variables are transformed into fuzzy sets within the “Fuzzification block”. Next, the
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Fig. 1. Fuzzy inference system for fall pattern recognition

“Fuzzy inference engine” simulates the reasoning process by making fuzzy inference
on the inputs and fuzzy “IF-THEN” rules that are stored within the “Knowledge base”.
The “Knowledge base” includes fuzzy rules and cases from “Fuzzy data base”. Lastly,
the fuzzy set obtained by the “Fuzzy inference engine” is transformed into crisp values
corresponding to the output variables.

The fuzzy logic library “fuzzylite” (see http://code.google.com/p/fuzzy
-lite/), which provides a set of classes and methods for fuzzy inference system cre-
ation and manipulation, is used. The fuzzy system is codified in agreement with the
Fuzzy Control Language which is a standard for Fuzzy Control Programming published
by the International Electrotechnical Commission (IEC) (see http://www.ansi.
org/). The linguistic variables describe the spatial and kinetic properties of ROIs cor-
responding to humans. The proposed fuzzy model for fall detection includes six input
linguistic variables corresponding to the indicators described, that is, HeightChange
(Δh), HorizontalVelocity (vh), VerticalVelocity (vv), WidthToHeightRatio (Rwh), Po-
sitionChange (Δ p) and DirectionChange (dir f ), and two output linguistic variables
called FallDetected and FallPattern.

The fuzzy sets for input linguistic variables HeightChange, HorizontalVelocity,
VerticalVelocityand WidthToHeightRatio include three fuzzy terms, namely LOW,
MEDIUM and HIGH. Precisely, Fig. 2 shows the linguistic variables. Variable Height-
Change is calculated as the relation of the initial height to the final height of the ROI.
As stated in [9], the width of a human’s body is around 25 percent of his/her height.
Taking into account different human builds, we have experimentally decided to set up
a value of 30 percent of a ROI’s height as the highest boundary for the HIGH term of
linguistic variable HeightChange. Variables VerticalVelocity and HorizontalVeloc-
ity are calculated as the relation of the real velocity to the maximum possible velocity
through formulae (6) and (5). Thus, in case of a very quick fall with velocity equal or
close to the maximum, the following expressions vv ≈ 1.25 and vh ≈ 1.25 are gotten.
On the contrary, the change of velocity is minimal when velocity is ≈ 0.0. The terms
for these linguistic variables have the following ranges: LOW ∈ [0 . . .0.35], MEDIUM
∈ [0.25 . . .0.65] and HIGH ∈ [0.6 . . .1.25].

The WidthToHeightRatio variable ranges from 0.0 to 6.0. Since a ROI correspond-
ing to a person in a strengthened position is longer in height than in width, the term

http://code.google.com/p/fuzzy-lite/
http://code.google.com/p/fuzzy-lite/
http://www.ansi.org/
http://www.ansi.org/
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Fig. 2. Representation of linguistic variables HeightChange (top left), VerticalVelocity (top
right), HorizontalVelocity (center left), WidthToHeightRatio (center right), PositionChange
(bottom left) and DirectionChange (bottom right)

LOW ∈ [0 . . .0.8], the term MEDIUM ∈ [0.7 . . .2.5] stands for a situation where a ROI
belongs to a fallen person, or, alternatively, to a sitting or bent forward person. Finally,
the term HIGH ∈ [2.1 . . .6.0] describes a ROI of a lying person. The PositionChange
and DirectionChange variables are represented with crisp sets “0” and “1” for each
variable. Output linguistic variable FallDetected is represented with fuzzy terms “NO”
∈ [0 . . .45.0] and “YES” ∈ [35.0 . . .100] (see Fig. 3). The FallPattern linguistic vari-
able is also shown in Fig. 2 and includes a set of seven crisp values which correspond
to the following fall patterns:

(1) Falling backward or forward from a standing position.
(2) Falling to the right from a standing position.
(3) Falling to the left from a standing position.
(4) Falling backward of forward from a sitting position.
(5) Falling on to the right from a sitting position.
(6) Falling on to the left from a sitting position.
(7) Falling backward of forward from a lying position.

The fuzzy system reasons about the state of a person. Thus, the first output variable,
FallDetected, contains the resulting response of the system with two membership val-
ues corresponding to the confidence of a fall. The second output variable, FallPattern,
generates a crisp value ranged from 1 to 7, which indicates the detected fall pattern.
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Fig. 3. Representation of output linguistic variables FallDetected (left) and FallPattern (right)

3 Data and Results

The following experiments were performed to validate the proposal. The experiments
were carried out on an Intel Core i7 PC with 3 GB RAM under Windows XP. The video
sequences were recorded with a FLIR A320 infrared camera at a resolution of 720×480
pixels. Nine series containing a single person were recorded to test the approach. The
results of possible fall types are shown in Table 1. The experiments cover the objectives
established: static and dynamic falls from standing and sitting positions, falls from a
lying position and a false fall. The capture of the videos was performed with an interval
of 200 milliseconds, the fall time was set to 1.2 seconds. Thus, each six consecutive
frames were tested for detecting a fall. Table 1 also contains the values for evaluating
the falls.

The columns of Table 1 contain the values for the input and output variables of the
fuzzy system, that is, whR, Δh, vh, vv, dir f and Δ p for each time period of a possible
fall t f . The column FallDetected shows the response of the model corresponding to
the confidence of a fall, and the FallPattern column contains the number associated to
the type of recognized fall pattern. Fig. 4 shows the images offering the falls detected in
the experiment. There are red and blue bounding boxes in the images. The red bound-
ing box represents the ROI at the end of the fall time, t f , and the blue bounding box
corresponds to the initial ROI. So, fall indicators are calculated using the red and the
blue bounding boxes.

Detection of Static and Dynamic Falls from a Standing Position. Static falls include
falling from a standing still position and dynamic falls occurs when a person is mov-
ing (walking, running, and so on) before the fall. Falls from a standing position are
characterized by high horizontal velocity and height change. Also the width-to-height
ratio changes significantly. We used a dynamic fall from a walking position to test the
proposal. This type of fall has the same characteristics as a static fall from the stand-
ing position, though velocity values are higher than in case of static falls. Fig. 4a, Fig.
4b, and Fig. 4c show fall instants for three statical falls: for a person falling backward,
falling forward and falling to the left. The fall is detected with a highest value 67.5,
which corresponds to the “YES” fuzzy term of the FallDetected linguistic variable.
FallPattern is recognized correctly as “1”, which corresponds to “Falling backward or
forward from a standing position”. The second fall is again recognized as “1”, although
the fuzzy response for the variable FallDetected descends from 65.44 to 35.81, and,
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Table 1. Experimental results for fall detection and recognition of fall patterns

whR Δh vh vv dir f Δ p FallDetected FallPattern

STATIC FALL 1.14 1.30952 0.055 0.583 0 0 67.5
“STANDING” POSITION 1.44 1.25 0.071 0.571 0 1 67.5 1

Falling backward 1.75 1.40127 0.087 0.610 0 0 67.5
STATIC FALL 1.19 1.019 0.215 0.914 0 0 65.44

“STANDING” POSITION 1.32 1.212 0 0.177 1 0 38.65
Falling forward 1.43 1.125 0 0.322 0 1 39.50 1

1.53 1.117 0.037 0.560 0 1 35.81
1.68 1.075 0.560 0.560 0 0 67.5

STATIC FALL 1.5 1.732 0.024 0.332 0 0 67.49
“STANDING” POSITION 2.54 1.165 0.544 0.072 0 0 66.43

Falling to the left 2.95 1.180 0.550 0.084 0 0 67.5
3.27 1.076 0.847 0.096 0 0 53.59 3
2.93 1.345 0.544 0.151 0 0 67.5
3.31 1.464 0.544 0.163 0 0 67.5
3.38 1.619 0.544 0.181 0 0 67.5
4.53 1 0 0 1 0 67.5

DYNAMIC FALL 1.12 1.626 0.130 0.130 0 0 51.26
“STANDING” POSITION 1.21 1.946 0.134 0.134 0 0 67.5 1

Falling forward 1.97 1.230 0 0 0 1 67.5
2.4 1.671 0 0.215 0 0 67.5

DYNAMIC FALL 1.33 1.416 0.281 0.187 0 0 43.5
“STANDING” POSITION 2.06 1.973 0.391 0.391 0 0 67.5

Falling to the left 2.73 1.826 0.407 0.407 0 0 67.5 3
2.71 1.826 0.317 0.317 0 0 67.5
2.72 1.811 0.328 0.328 0 0 67.5
2.72 1.811 0.340 0.340 0 0 67.5

FALL 2.99 1.040 0 0 0 0 58.05
“SITTING” POSITION 3.0 1.051 0 0 0 0 58.52

Falling backward 2.84 1 0 0.012 0 0 56.44 4
2.63 0.953 0.015 0.015 0 0 54.51
3.89 0.986 0.016 0.016 0 0 55.97
4.89 1.153 0.022 0.029 0 0 64.22

FALL 1.04 1.012 0.086 0.021 1 0 42.10
“SITTING” POSITION 1.36 1.081 0.077 0.077 1 0 60.02

Falling to the right 1.43 0.905 0 0.045 1 0 53.59
1.71 1.136 0.025 0.051 1 0 63.11 5
2.1 1.794 0.226 0.226 1 0 67.5
2.26 1.83 0.177 0.249 1 0 67.5
2.31 1.776 0.135 0.226 1 0 67.5

FALL 3.03 1.212 0 0.182 1 1 38.65
“LYING” POSITION 3.02 1.125 0 0.317 0 1 39.50

3.56 1.119 0.816 0.633 0 1 67.5 7
4.14 1.271 1.014 0.713 0 1 67.5
4.15 0.979 0 0.013 0 1 53.00
4.22 1.052 0 0.032 0 1 58.03

FALSE FALL 2.1 2.165 1.141 0.439 0 0 32.5
Kneeling 1.93 2.018 1.117 0.465 0 0 35.9

1.95 1 0.602 0.200 0 0 33.7
1.97 1.006 0.731 0.285 0 0 22.45
2.04 1.040 0.731 0.303 0 0 0
2.27 0.776 0.423 0.141 1 0 0
1.92 0.678 0.507 0.282 1 0 0

finally, stabilizes in “YES” fuzzy term (67.5). The fall to the left is also detected and
recognized correctly (marked as “3” in FallPattern variable). Fig. 4d shows frames
with an instant of a fall for a walking person who is falling forward. The fall is detected
correctly with the MEDIUM values for horizontal fall velocity, vertical fall velocity and
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Fig. 4. True and false falls. Static falls from a standing position: (a) falling backward, (b) falling
forward, (c) falling to the left. Dynamic falls from a standing position: (d) falling forward, (e)
falling to the left. Falls from a sitting position: (f) falling backward, (g) falling to the right. (h)
Falling from the lying position. (i) False fall: kneeling.
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width-to-height ratio parameters, as shown in Table 1. The dynamic fall to the left is
correctly classified as “3”, that is “Falling to the left from a standing position” (see Fig.
4e).

Detection of Falls from a Sitting Position. A couple of falls from a sitting position
are provided in Fig. 4f and Fig. 4g. The first fall is characterized by a rapid increase
of horizontal fall velocity and vertical fall velocity. The fall to the right is classified
correctly, taking a value of “1” for the fall direction variable (see Table 1).

Detection of Falls from a Lying Position. This fall (see Fig. 4h) is recognized as “7”
(“Falling to the left from a lying position”), as position change variable takes value “1”
and WidthToHeightRatio input variable takes a value belonging to HIGH range (see
Table 1).

Detection of False Falls. False falls are represented through a kneeling example. As a
general rule, in case of a false fall linguistic variable width-to-height ratio uses to have
LOW or MEDIUM values, and linguistic variables HorizontalVelocity and VerticalVe-
locity are rather LOW. The video sequence shown in this example does not include a de-
tected fall (the variable FallDetected changes from 32.5 to 22.45 , which corresponds
to the “NO” term). Fig. 4i shows an instant of the false fall. In compliance with the
results given in Table 1, a fall is not detected in this case. This example demonstrates
that the proposal is capable of differentiating true from false falls.

4 Conclusions

Elderly fall is an important problem which needs rapid fast and effective solutions. In
this paper we have introduced a fuzzy-based fall detection model for humans segmented
in infrared video. The geometrical characteristics of the region of interest corresponding
to the detected person, and the velocity of the change of his/her bounding box serve as
fall indicators. Additionally, the fuzzy model avoids certain limitations in parameter
evaluation and makes smoother and more flexible decisions.

The proposal is incorporated into a fall detection system for the elderly, and then
tested for a wide number of static and dynamic falls, including a test for false falls. The
infrared camera system has shown to perform both efficiently at daytime and nighttime.
Experimental results, which were carried out for static and dynamic falls, have demon-
strated that the fall detection proposal is able to detect all these cases and to distinguish
real falls from false ones.
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