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Abstract—In this paper we are interesting in knowing which
features provide useful information for detecting a fall and how
the set of selected characteristics impact the performance of
detection. Then we define a large set of possible features, which
are extracted from a cloud of points of a person by the kinect
device, some of features were used in previous work, and we
propose to add and evaluate the effect of using 3D moment
invariants translation, scale an rotation, and other geometric
characteristics. Two experiments are carried out to analyze the
effect of using two different subset of features, one of them
selected by a Genetic Algorithm and the second by Principal
Component Analysis (PCA). The obtained results suggest that
the success of detection of fall depends on the selected features,
and the genetic algorithm is a good technique to select them,
when compared with PCA.

I. INTRODUCTION

The elderly population is a sector that can be considered
vulnerable because they are more prone to falls, even when
they are inside the home. According to [1] [2], 65% of falls
occur at home and 26% on public roads. Several works have
been developed for detecting falls events, in [3] it was defined
that a fall is characterized by a large motion combined with a
change in the human shape, for detecting the human shape and
orientation change. The authors approximated an ellipse to a
human and they obtained a fall detection rate with a sensitivity
of 88% and specificity of 87.5%, by using a webcam. In [4]
a depth sensor was used and a fall was detected based on two
features: human centroid height relative to the ground and 3D
person velocity, they reported the success of their method was
98.7%. In [5], a fallen pose in elderly persons was detected
based on the combination of two features: aspects ratio and
fall angle, while the accuracy rate of the system was 92.5%.
In [6] a robust fall detection approach was proposed by the
tracking of the head and hip joints using a single depth camera
and the 3D trajectory of the head joint. The authors calculated
the distance between the joint and the floor. They report an
accuracy of 97.6%. In [7] the detection of the fall was done
by collecting data from an accelerometer and a depth sensor;
they extracted several characteristics like a ratio of width to
height of the persons bounding box, a ratio expressing the
height of the persons surrounding box in the current frame to

the physical height of the person, the distance of the persons
centroid to the floor, standard deviation from the centroid for
the abscissa. They reported an accuracy of 90% using only
data from the depth sensor, and 98.33%, with data from the
depth sensor and the accelerometer.

From the above literature review, it can be noted that,
not all cited works used the same set of features, and they
reported different rates of accuracy. Therefore, the interest
of this work is to evalute which characteristics are those
leading to efficiently detect falls, and compare how different
characteristics affect the results of detecting falls. For this
purpose, the main contributions of this paper is proposing a
set of twenty characteristics that give information about the
human shape and orientation. Table I shows the complete
set and a brief description of each one. Another contribution
is including 3D invariant moments [8], which describe the
objects by a set of scalar quantities that are insensitive to
particular deformations (translation, rotation and scale- TRS)
and that provide enough discrimination power to distinguish
objects belonging to different classes, these, to the best of
the authors’ knowledge, have never been used in previous fall
detecting work. For selecting the optimal subset of characteris-
tics, we propose to use a genetic algorithm, because they have
demonstrated to find good solutions in large search spaces, and
the PCA method which measures the data variances and it is
a well known method. The results of both methods let us to
know the optimal subset of features for detecting a fallen pose.
In this paper the detection of the fall is from a non-intrusive
system for the observed person, then the person should not
be placed sensors on his body, for which a solution based on
computer vision system is used, we use a depht sensor.

The paper is organized as follows: Section II details the
proposed system to detect the fall. Section III shows how to
extract features using a genetic algorithm and the PCA, as
well as the selected features for each method. After that, in
Section IV the experimental design and the obtained results
are presented and discussed. Finally, Section V summarizes
the findings of this research and sets the future work.
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Fig. 1. The computer vision system used in this work consists of the following
phases: Person Detection, Characteristics extraction and Fall detection.

II. PROPOSED SYSTEM

The computer vision system used in this work consists of
the following phases (Fig. 1):

1) Person detection: Our fall detection system is based on
the usage of the Microsoft Kinect depth sensor, it lets
us to capture depth frames from a scene. A reference
frame with no people is generated in order to help
better identification of human subjects. The incoming
depth frame is compared with the reference image for
getting the difference cloud of points, which assumes to
represent a person. The kinect [9] overcome some of the
limitations of images captured by conventional cameras,
for example the background subtraction, it easier to
do with depth sensor and the data can be captured
with different lighting conditions, without change in the
captured information.

2) Feature extraction: from the cloud of points representing
a person, a set of characteristics is obtained, we calcu-
late the feature vector norm to determine if a person
is falling. The features we use are the result of an
extraction process using a genetic algorithm(see section
IIT A). It is important to mention, that in real time only
the selected features in Table V are extracted, in contrast,
during the training stage(off-line), the twenty features in
Table I are calculated in order to select some of them.

3) Fall detection: to detect falling, the system calculates
the feature vector change velocity over time, the feature
vector was extracted in the previous block, if the change
is greater than a defined threshold then the fall is
occurring, otherwise the person is performing another
activity such as walking, sitting, crouching down and
lying, among others.

III. CHARACTERISTICS EXTRACTION AND FALL
DETECTION

We are interesting in evaluating which features are selected
in order to detect a fallen pose efficiently. Then we start

Depth

Fig. 2. Extracted characteristics from the cloud of points of the detected
person.

defining a set of twenty characteristics, some of them are used
in other previous works [3] [5] [7]. Table I shows the complete
set and a brief description of each one. As we mentioned
before, another contribution is including 3D invariant moments
[8]. In our case we use three second order invariant moments
to translation, scale an rotation. The second order moments
describe the distribution of points in the cloud of points with
respect to the coordinate axes. We consider important the
inclusion of these characteristics in order to evaluate if the
distribution of mass and its shape. The 3D TRS invariants 11,
19 and 13 were computed according to the following three
equations:
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Invariance to scaling and translation is achieved by the next
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where (xc, yc, zc) is the centroid of the cloud of points.

The information to calculate all the proposed characteristics
are extracted from the cloud of points of the detected person
(Fig. 2), e.g., to calculate C3, we need to calculate the centroid
(P1) and the highest point (P2) later to calculate the angle
between P1-P2.

Once we define the set of characteristics that allows to
detect a fallen pose, we want to extract the minimal subset of
them in order to increase predictive accuracy of a classifier,
removing irrelevant characteristics, reducing computational



TABLE I
FEATURES PROPOSALS.

[ Feature | Description |
Cl The angle between P3 and P1 in plane X-Y
C2 The angle between P3 and P1 in plane X-Z
C3 The angle between P1 and P2 in plane X-Y
C4 The angle between P1 and P2 in plane X-Y
C5 The Angle from person respect to floor, plane XY
C6 The Angle from person respect to floor, plane YZ
C7 Ratio High/Width of the persons bounding box
C8 Ratio High/Depth of the persons bounding box
Cc9 Ratio Width/Depth of the persons bounding box
C10 The distance P3 to P1
Cl1 The distance P2 to P1
Cl12 The distance of the persons centroid to the floor
C13 The distance of the persons highest point to the floor
Cl4 The width length of the persons bounding box
CI5 The height length of the persons bounding box
Cl6 The depth length of the persons bounding box
C17 The change the centroid position from

the initial person’s highest point in the sequence
Cl18 11 3D Invariant to TRS 1
C19 , Y2 3D Invariant to TRS 2
C20 13 3D Invariant to TRS 3
TABLE II
TRAINIG DATASET.
[ Number of frame [| Pose |

95 walking

55 sitting

118 falling

and storage requirements, making measurements on only those
variables relevant for discrimination, providing an improved
understanding of the data and the model [10] [11].

We use two methods to select the most important charac-
teristics and we compare the results:

o Genetic Algorithm (GA): consist in a adaptive heuristic
search which simulates the processes of natural selection,
where competition among individuals for resources re-
sults in the fittest individuals dominating over the weaker
ones. As in nature, they use selection mechanisms for
mating, recombination and mutation of genetic material
to evolve solutions to a given problem [12] [13]. This
technique is useful when the search space is big and
traditional methods fail to provide competitive solutions.

o Principal component analysis (PCA): [14] this method
captures the most variable data components of samples,
generates a new set of variables, called principal com-
ponents, and eliminate redundant information. The main
characteristic of PCA is that the first principal component
contains the maximum variance of the first axis, and it
is common that sum of the variances of the first few
principal components to exceed 80% of the total variance
of the original data.

To select the subset of characteristics to distinguish a fallen
pose with respect to a non-fallen pose, we use a sequence of
268 frames, which contain several poses as we decribe in the
Table II.

TABLE III
SOLUTION ENCODING FOR THE GA.
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Before selecting the characteristics’ subset using GA or
PCA, we extract the set of twenty features from every frame
from the training dataset, and we classify them manually in
two groups, a group which contains the frame of falls and
the second one containing non-fall frames.

A. Genetic Algorithm
The GA performs the following steps

1) Create a random population with ten individuals, every
individual contain twenty binary aleles, if the alele
gets a 1 value the characteristic must be considered to
detect fallen pose, and if gets a O value the feature is
not present. Table III present 2 possible individuals,for
example in I1 the characteristics C1, C2, C5, C6, C10,
Cl11, C12, C13, C14, C15 and C19 are included in the
subset of optimal characteristics, and in the case of 12
we only include C1, C2, C5, C6, C10, C14, C15, C19
and C20.

2) Calculate the fitness for each individual in the popula-
tion. For each individual, the K-means algorithm is used
to classify training frames in two groups, for which only
the characteristics that have value 1 in the individual
are used, Then the confusion matrix is obtained, and we
calculate the percentage of correctly classified frames,
and this percentage represents the individual fitness.

3) Select the best individual for elitism

4) Select individuals in order to create new population
using two-point crossover, and simple mutation.

5) Apply elitism: transfer the best individual to the popu-
lation for the next generation.

6) Go to step 2, repeat for 100 generations

The genetic algorithm was run 35 times. Table IV shows the

statisticals results, the best fit is 99.62%, then the GA did not
find a global optimum. The best set with 6 characteristics (C2,
C3, C5, C7, C8, C19) is enough for discriminate a fallen pose
from others. With the feature vector, we calculate its norm for
each frame. In Fig. 3 the norm of fall frames are plotted by a
cross '+, and all of them have a value less than 2.5. Next for
all fall frames, the threshold for detecting them was calculated
by averaging the feature vectors norm, it resulted in 1.7.

B. Principal Component analysis

With the 268 frames and using Matlab we perfomed the
PCA analysis. The PCA reported that the first component
describes 82% of the total information, and the characteristics
that contribute with the maximum variance information are C7,
C8, C10, C11, C13, C15 and C18. Using these characteristics
and K means classify with the training frames and we obtained
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Fig. 3. For the selected features by GA, the norm is plotted for each frame,
the frames that include a fallen pose are represented by a cross '+, and all
of them have a value less than 2.5, then it is possible to set a threshold to
differentiate a fallen pose from non-fallen pose.

TABLE IV
GA STATISTICALS RESULTS.
[ Metric [[ Value ] Indivdual ]

Mean 98.91
Median 98.88
Standard Deviation 0.29

Best Fit 9962 [ 01101011000000000010

Worst Fit 98.13 | 000010111001001110T11

a 78.87% classification rate. With the feature vector, we
calculated its norm for each frame, in (Fig. 4) the norm of
fall frames are plotted by a cross ’+°. Such results indicate
that there does not exist a threshold for discriminating a fallen
pose from non-fallen poses.
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Fig. 4. For the selected features by PCA, the norm is plotted for each frame,
the frames that include a fallen pose are represented by a cross ’+’, but it is
not possible to set a threshold to differentiate a fallen pose from non-fallen
pose.

TABLE V
VECTOR OF SELECTED FEATURES.

Featwre | 1|2 [ 3[4SO T8 9[10 11|12 134 ]I15[16]17]18]19]20
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TABLE VI
GA RESULTS.
[ Seq [| Non-Fall Frames | Fall Frames [ FP [ TP [ FN [ TN |
3 166 34 3 34 0 163
4 34 62 5 62 0 29
5 95 25 5 25 0 90
6 29 71 0 62 9 29
7 97 59 1 59 0 96
8 49 42 3 42 0 46
9 131 53 0 50 3 131
10 58 72 13 72 0 45
[TOTAL || 659 [ 418 [ 30 [406 | 12 | 629 |

IV. EXPERIMENTS AND RESULTS

Table V, shows that the GA selected 6 features, three of
them are related with angles in plane X-Y and X-Z, the other
two with ratio of aspects of bounding box, and the last one
is the second moment invariant. On the other hand, the PCA
selected 7 characteristics: the same two ratio aspects selected
features by the GA, others 4 are distances related with P1,
P2 and P3, and the last one is the first moment invariant. As
we can see, each method selected a different set of features,
which allow us to assess what impact have different sets
in the accuracy of the classifier of falls. For this purpose,
three experiments were designed, in which we used several
sequences from a public fall’s datasets in [7]. This repository
contains sequences of 30 falls, fall events were recorded with
2 Microsoft Kinect cameras. In our case, we only used the
dataset recorded with camera 0, which is parallel to the floor,
and 40 sequences of Activities of Daily Living (ADL) recorded
with camera O parallel to the floor. Depth data is stored in
PNG16 format, then we converted them to PCD format using
PCL libraries. After that, we segmented the person manually,
because we didn’t find a frame with a scene without person
to use it as a reference frame.

A. First experiment

In the first experiment, we used 8 sequences from fall, two
types of falls were performed, namely from standing position
and from sitting on the chair, we selected 4 for each type.
We used these sequence for measuring the performance of the
classifier.

To measure the performance we calculated the following
metrics [15]:

o True Positive (TP): Fallen pose was detected correctly

« False Positive (FP): Fallen pose was detected incorrectly

e True Negative (TN): A non-fallen pose was detected

correctly

o False Negative (FN): A non-fallen pose was detected as

fallen pose



TABLE VII
PCA RESULTS.

[ Seq ][ Non-Fall Frames | Fall Frames [ FP [ TP [ FN [ TN |
1 66 34 0 34 | 92 74
3 166 34 92 | 34 0 74
4 34 62 2 62 0 32
5 95 25 3 25 0 92
6 29 71 0 59 12 29
7 97 59 0 59 0 97
8 49 42 0 39 3 49
9 131 53 0 50 3 131
10 58 72 2 72 0 56
[ TOTAL ]| 659 [ 418 [ 99 ] 400 [ 18 ] 560 |
TABLE VIII
PERFORMANCE MEASURES.
[ [ GA [ PCA |
Sensitivity || 97.13 | 95.69
Specificity || 95.45 | 84.98
Accuracy 96.10 | 89.14
Error rate 3.90 10.86

o Sensitivity (Se): the capacity to detect falls correctly
Se=TP/(TP+ FN) @)
o Specificity (Sp): the capacity to detect non-falls correctly
Sp=TN/(TN + FP) (8)
o Accuracy (Ac): the correct classification rate
Ac=(TP+TN)/(TP+TN+FP+FN) (9
o Error rate (ER): the incorrect classification rate

ER=(FP+FN)/(TP+TN +FP+ FN) (10)

In tables VI and VII, the results for detecting a fallen pose by
using the features suggested by the GA and PCA are presented,
respectively. Each table is organized by seven columns, the
first one represents the number of fall sequence, it was taken
from the repository in [7], for our purposes, in every sequence
are identified two kind of frames: non-fall frame and fall
frame; and the quantity of each one of them in every sequence
is showed in the columns two and three, finally, the last four
columns represent the results of evaluating the metrics: True
Positive (TP), False Positive (FP), True Negative (TN) and
False Negative (FN), which let us to calculate the Sensitivity,
Specificity, Accuracy and Error rate using the selected feature
by GA and PCA, the obtained results are in table VIII. The
results using the selected characteristics by GA are better than
those obtained by PCA.

Fig. 5 and Fig. 6 show the results of sequence 3 using the
selected characteristics by the GA and by PCA respectively,
using GA, it can see the fall can detected using the threshold
1.7, which was calculated at the final of section A. In contrast
with PCA it is not possible to identify a threshold, i.e.,the fall
occurs in a value close to 15, but in the next frames it value
increases in average 20.
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Fig. 5. GA chosen features results in sequence 3, the person is walking and
fall, it can be seen for all fall’s frame the value of norm is less than 1.7.
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Fig. 6. PCA chosen features results in sequence 3, the person is walking and
fall, using the vector norm it is no possible to distinguish fallen pose from
others.

TABLE IX
ADL SEQUENCES.

[ Sequence | Description
1 The person is walking and crouch down
4 The person is walking and stops to pick up an object
14 The person is walking and bends down to pick up an object
32 The person is walking and lie down on the floor
40 The person is walking and lie down on the floor

B. Second experiment

In the second experiment, we selected 5 sequences from
”Activity daily living” (ADL), that include postures like
crouching down, picking up an object, lying on the floor, in
order to see if it possible to recognize these postures as non-
fall, although they were not considered in the training set. The
detail is in Table IX, the firts column represents the number
of ADL sequence, it was taken from the repository [7], and
the second column is a description of the action, which was
performed in the sequence.
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Fig. 7. In this sequence the person is walking and crouch down, using the
selected features by the GA, a fall never happens, because the norm vector is
higher than 1.7.
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Fig. 8. In this sequence the person is walking and crouch down, using the
selected features by PCA, it is possible that a false fall is detected, which is
incorrect.

For the first sequence, in Fig. 7 and Fig. 8 the results
using feature vector found by the GA and PCA are shown,
respectively. In Fig. 7 it can be seen the norm vector value is
higher than 1.7, then a fallen pose is never detected, the result
is correct, but in Fig. 8 the norm vector gets values close to
12 and if it is compared with Fig. 6 then it could be detected
as a false negative.

C. Third experiment

The third experiment was designed to test, if the change of
the feature vector over time allows to detect a fall.

With the sequence 40, the selected features by the GA were
adopted, when a person is lying down on the floor is plotted
by a cross ’+’ in Fig. 9. In order to differentiate a fallen pose
of another similar event, it is important remember a fall event
happens in a involuntary way, however when a person is lying
down on the floor is in control of his movements. In Fig. 10 the
norm for fall events is shown in the line with crosses, and in
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Fig. 9. The person is walking and lie down on the floor, using the selected
features by GA, a fall is detected, because the norm vector is less than 1.7, in
this case we have to consider another parameter to differentiate a fall event
that occur involuntarily from another similar that occur in control of our
movements.
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Fig. 10. Feature vector norm for fall events is shown in the line with crosses,
and in the line with circles when a person is lying down on the floor

the line with circles when a person is lying down on the floor.
In the former, it can see the vector change velocity is higher
from the second. Therefore it was measured the feature vector
change velocity over time, considering that the fall happens in
1 or 2 seconds and the adquisicion of images was 30 fps, we
experimentally selected if the norm vector change rate is less
-1.0 every 30 frames and the feature vector norm is less than
1.7 a fall event is happen. All 13 sequences in tables VI and
IX were tested using the thresholds selected, and only in the
sequences in table VI a fall event was detected.

V. CONCLUSION AND FUTURE WORK

In our work we evaluated which of those feature combined
with others not considered in previous works like 3D TRS
moments invariants and others geometric characteristics like
angles or distances were important to distinguish a fallen pose,
and how different subsets of features affected the sensitivity,
specificity of the classification. We tested 2 methods for



selecting the optimal features: GA and PCA, each of them
selected a different subset of characteristics. The result was
that the GA gave us better results, the selected feature vector
let us to establish a threshold to differentiate fallen pose from
non-fallen pose. With PCA we obtained less specificity, i.e.,
more false positive, which could activate an alarm when a fall
does not happen. Based on the obtained results we showed
that the selected features affect the sensitivity, specificity,
accuracy and error of the classification. With the GA we
obtained better performance, which suggest it as a good option
for selecting an optimal subset of features in classification
aplications. Furthermore PCA and GA selected at least one
3D TRS moment invariant for detecting fallen pose. Thus they
proved to capture important information for the classification.
The future work consist in evaluating the selected feautures
by the GA in real time and extending our approach for
action recognition, using skeletal joints and cloud of points
information like invariants.
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