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ABSTRACT

Fall detection for elderly is one of the most important areas in el-
derly healthcare. Both video and radar based detections are being
developed for this purpose. This paper presents a new approach
to classify different human motions through machine learning. In
particular, our objective is to achieve high-accuracy fall detection
through the exploitation of both video and radar data. Motion history
image is applied to extract temporal features from video clips, and
hidden Markov models are trained with the features extracted from
both video and radar data to discern the types of motion. Experiment
results indicate that the proposed approach provides improved per-
formance in distinguishing falls from other motions such as sitting.

1. INTRODUCTION

Falls are the leading cause of injuries for elderly. Prompt fall
detection saves lives and leads to effective treatment and cost reduc-
tion [1, 2]. As such, development of new techniques for prompt fall
detection has attracted significant interests. Different sensing modal-
ities, including inertial measurement unit-based wearable devices,
video camera, and radar, have been proposed for this purpose [3–8].
Because wearable devices have shortcomings that they are intrusive,
easily broken and must be worn or carried, we focus on non-invasive
vision and radar modalities in this paper.

Video provides a non-invasive modality for motion classification
and fall detection. In the field of human motion research, video-
based classification is widely used with the advantage of direct per-
ceiving and simplicity. Recognition of human motion within a video
is considered a key problem in computer vision. Vision based ap-
proaches generally use videos or images to analyze motion features
of a human body, and to distinguish features of fall activities from
those of non-falls so as to achieve the function of fall detection.

Motion capture systems provide accurate three-dimensional (3-
D) information of different human motions such as walking, running
and crawling [9]. A Microsoft Kinect sensor is one such type of sen-
sors with an attractive price [10]. However, in addition to privacy
concerns, vision-based approaches have other limitations in the real
life applications, e.g., the line-of-sight can be easily obstructed by
walls and furniture. The Kinect sensor is also sensitive to external
infrared sources which can significantly influence the captured depth
of the video images. Furthermore, visual image data are sensitive to
cluttered backgrounds. On the other hand, radar carries great po-
tential to be one of the leading technologies due to its advantages
of non-obstructive illumination, insensitivity to lighting conditions,
privacy preservation and safety [8] [11]. The ultra-wideband (UWB)
radars provide useful features about the spatial distribution of a target
for human motion classification and fall detection [12]. In addition,

radar can obtain indirect but meaningful characteristics representing
the moving trajectories [13].

In this paper, we examine and compare the above two different
sensing modalities for fall detection. A Microsoft Kinect sensor
is utilized to record human motions using RGB images, whereas a
Time Domain PulsON UWB radar is employed in the experimental
configuration to collect radar echo signals corresponding to the same
human motions. The video and radar data are then used to examine
and compare for their motion classification and fall detection perfor-
mance. In the proposed approach, the motion history image (MHI)
method is used to describe motion patterns, and the Hu Moments are
exploited to scale the images into eight orders. In addition, princi-
pal component analysis (PCA) is used to reduce the dimension of
radar data, and the k-means clustering algorithm is applied to extract
useful data from both sensors. Finally, the hidden Markov model
(HMM) is employed to build two motion models.

The rest of the paper is organized as follows. Section 2 describes
the experiment scenario and procedures. In Section3, we introduce
vision and radar based models, and the proposed method is pre-
sented. Section 4 provides the experimental results with helpful dis-
cussions. At last, concluding remarks are presented in Section 5.

2. EXPERIMENT SETTING

In this work, a Microsft Xbox 360 Kinect sensor is utilized as a
camera to capture human motions and output RGB and depth im-
ages. A Time Domain PulsON P410 UWB radar, with a center fre-
quency of 4.3 GHz and bandwidth of 2.2 GHz, is synchronized with
and closely placed to the Kinect sensor. Figure 1 depicts the ex-
perimental environment. A stunt actor stands in front of the Kinect
sensor and the radar with a horizontal distance of approximately 2
meters and performs falling and sitting facing the Kinect sensor and
the radar.

The Kinect sensor generates video recordings whereas the UWB
radar receives the reflection of radar signal from the human body.
The stunt actor’s motions cause changes in characteristics of both
video and radar signals, which contain adequate information of the
motions. The expected range change of a fall is approximately be-
tween 2 and 3 meters, whereas that of sitting is between 0.5 and 1
meter.

3. THEORETIC BACKGROUND

3.1. Motion History Image

The MHI method has been applied as an effective tools to describe
motion shapes and spatial distributions using motion sequences that
imply the recency of human actions [14]. In order to describe the



motion in an image sequence, one can form an MHI of the target
energy, and represent where the motion or a spatial pattern occurs.
The advantages of MHI representations lie in that video images can
be recoded in a single MHI frame. In this way, a small number of
MHIs can span the time scale of human motions.

An MHI Hτ (x, y, t) is given by:

Hτ (x, y, t) =

{
τ, if D(x, y, t) = 1,

max(0, Hτ (x, y, t− 1)− δ), otherwise,

(1)

where x and y describe the two-dimensional (2-D) position, t is
time, and D(x, y, t) is an update function indicating that an object is
present in the current video image. In addition, τ is the duration that
decides the temporal extent of the movement, and δ is the decay.

Figure 2 give examples of falling MHI images with three different
values of τ , i.e., τ = 5, τ = 10 and τ = 20. Proper selection of the
value of τ is important because a small value of τ may lead to loss of
prior information of the motion in MHI, whereas a large value of τ
makes the change of pixel values unapparent in the MHI templates.

3.2. Hu Moments

Moments are widely applied to characterize image patterns [15].
In order to extract features of the segmented MHIs obtained by tem-
poral differencing between consecutive frames, we use the Hu mo-
ments [16], which are invariant to scale, translation and rotation.
Eight statistic descriptors from the Hu moments are calculated for
every MHI frame Hτ (x, y, k), where k is the index of the MHI
frame.

Define a 2-D (i+j)th order moment of the image function f(x, y)
as:

mij =

∫ ∞

−∞

∫ ∞

−∞
xiyjf(x, y)dxdy, i, j = 0, 1, 2, · · · . (2)

If the image function is a sectional function, the moments of all or-
ders exist and the moment sequence mij is determined by f(x, y).
In this case, the image function f(x, y) is characterized by the mo-
ment sequence mij , i, j = 0, 1, 2, · · · . It is noted that the moments
in (2) may vary when f(x, y) changes by translating, rotating or
scaling. The following central moments are used to obtain features
that are invariant to image translation, rotation and scaling:

μij =

∫ ∞

−∞

∫ ∞

−∞
(x− x)i(y − y)jf(x, y)dxdy, i, j = 0, 1, 2, · · · ,

(3)
where x = m10/m00 and y = m01/m00. Eight Hu moments with
i, j = 0, 1, 2, and 3 are used as the length of feature vectors from an
MHI for classification.

3.3. Radar Signal Processing

Detection of human behavior with a radar relies on motion clas-
sification. Human motions cause changes in frequency, phase and
time of arrival [17]. The radio frequency (RF) band of the UWB
radar is 3.1 GHz to 5.3 GHz, which yields a range resolution of
6.8 cm. The kth pulse of the transmitted radar signal is denoted as
sk(t) and its duration as tr . The sampled signal vector consisting
of L time samples is denoted as sk = [sk,1...sk,l...sk,L]

T , where
sk,l = sk(lts + (k − 1)tr), ts = tr/L, ts is the sampling interval,
and (.)T denotes vector or matrix transpose. Concatenating vec-
tors sk, k = 1, 2, · · · ,K, form an L × K received signal matrix

Fig. 1: Experimental scenario.

(a) τ=5 (b) τ=10 (c) τ=20

Fig. 2: Dependence on τ in the yielding MHI.

(a) falling (b) setting

Fig. 3: Range-slow time plots of radar data corresponding to falling
and sitting.

S = [s1...sk...sK ]. A motion filter is first applied to obtain the tar-
get change detection among the data. The filtered radar signal is
expressed as:

rk = [sk,2 − sk,1, ..., sk,L − sk,L−1]
T . (4)

As such, we rebuild the filtered radar signal matrix as R =
[r1, r2, ..., rK ] with L − 1 rows and K columns. Figure 3 shows
the filtered result for falling and sitting.

It is still difficult to clearly classify falling versus sitting from the
filtered results as those depicted in Figure 3. In order to enhance
the contrast between these motions, a threshold is set to discard the
values below it. The radar image is then converted to a 2-D logical
matrix with its (k, l)th element expressed as

Rk,l =

{
0, Rk,l ≤ Thk,

1, otherwise,
(5)

for k = 1, 2, · · · ,K and l = 1, 2, · · · , L − 1, where Thk =√
1

L−1

∑L−1
l=1 R2

k,l is the quadratic mean of each row, and Rk,l is

the (k, l)th element of matrix R. This process eliminates the influ-
ence of low reflective body scatterers which may contaminate the
received signals, and forms a new radar signal matrix R̃.



Signal processing is carried out based on this filtered matrix aim-
ing at detecting moving targets and identifying the specific range
between the targets and the radar. To reduce the dimension of the
radar data matrix while preserving the motion characteristics, the
PCA is used for dimension reduction. PCA performs an orthogonal
transformation to convert radar signal R̃ to a new coordinate sys-
tem that consists of linearly uncorrelated variables. The new vari-
ables are referred to as the principal components. By choosing the
first M principal components, we can reduce data dimension from
(L − 1) × K of R̃ to M × K of R̄ while most of the information

in R̃ is preserved. The singular-value decomposition of matrix R̄ is
given by

R̄ = AΛB, (6)

where A is the M × M left-singular matrix, Λ is an M × K rect-
angular diagonal matrix containing the singular values, and B is the
K × K right-singular matrix. The number of the principal compo-
nents, M , is determined according to their total cumulative eigen-
values as the smallest integer that satisfies the following criterion,∑M

k=1 λk∑K
k=1 λk

≥ 85%, (7)

where λk is the kth eigenvalue of covariance matrix R̄R̄H , and (.)H

denotes conjugate transpose. In this paper, we select the value of M
to be 60 to satisfy the above criterion.

3.4. K-means Clustering

Clustering is an important procedure for data mining, which plays
a momentous role for extracting meaningful information from data
sources. The k-means clustering is a simple learning algorithm for
clustering. The feature vectors from video and radar data corre-
sponding to all the motion classes are partitioned into c clusters
S = S1, S2, ..., Sc by the k-means clustering algorithm. Figure 4
shows the output radar based scatter plots of falling and sitting mo-
tions. These figures indicate that the features for these two types of
motions are much better distinguished as compared with the radar
imaging depicted in Figure 3.

3.5. Hidden Markov Model

HMMs, which use observable variables to learn the way of ob-
jectives, are known for their effectiveness in temporal pattern recog-
nition. An HMM describes stochastic sequences as Markov chains
where the states are related to a probability function. Consider an
N -state HMM described as

λ = {X, Y, π} , (8)

where X is the probability of transferring to another state q at next
time t + 1 given the current state p at current time t, and Y is the
probability of being observing symbol at state q. In the proposed
approach, two HMM models are respectively designated as falling
and sitting models. Testing sequence ϑ is classified in model λî with

î = 1 denoting falling and î = 2 denoting sitting. That is,

î = argmax P (ϑ|λî), (9)

where P (ϑ|λî) is the likelihood probability, which implies that the
HMM-based classification is based on the maximum probability.

The frame frequency of Kinect sensor is 30 frames/second and
the duration for temporal extent in an MHI is 10 frames. As a result,
1/3 of the time duration is used to apply HMM.
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Fig. 4: Scatter plots of radar falling and sitting.

Table 1: Selection of training and testing data

Training Testing

96 60

falling sitting falling sitting

49 47 27 33

Table 2: Confusion matrix of video based approach

Activities falling sitting

falling 26 1

sitting 9 25

Table 3: Confusion matrix of radar based approach

Activities falling sitting

falling 27 0

sitting 4 29

4. EXPERIMENTAL RESULTS

Experiments as described in Section 2 are performed for data
collection in order to verify the effectiveness of the proposed ap-
proaches. A Microsoft Kinect sensor is used to record the RGB
video images, whereas a Time Domain UWB radar is used to col-
lect radar reflections. Data collection using the Kinect sensor and
the radar is performed simultaneously and synchronously. We pro-
duce the MHI with τ value equals to 10. In the series of experiments,
the subjects fall towards the Kinect camera and the radar. There are
seven subjects for fallings and six subjects for sittings. Specifically,
49 falling and 47 sitting are used as training data. These data are
utilized to build the two types of motion models. In order to evaluate
the accuracy of the built models, we used the other 27 falling and
33 sitting motions to be tested in each of the trained HMMs. The
motion activities are listed in Table 1.

Table 2 shows the result for video-based classification. 26 in 27
falling motions are correctly classified and 9 sitting motions are mis-
classified. Video-based recognition rate is 96.30% for falling de-
tection and 75.76% for sitting detection. Table 3 shows the results
obtained from the radar data that all the falling motions are classified
correctly, and 29 in 33 sitting motions are successfully recognized.
The radar-based recognition rate is 100% for falling and 87.88% for
sitting. The results imply that the radar based approach give us better
recognition especially for sitting motions.

In order to demonstrate the confidence of the classification mod-
els, cross validation has also been implemented for training and test-



Table 4: Cross validation results for video-based approach

Fall Sit Fall Recog-
nition Rate

Sit Recog-
nition Rate

Group 1
Fall 9 1

90.00% 85.71%
Sit 1 6

Group 2
Fall 6 1

85.71% 87.50%
Sit 1 7

Group 3
Fall 6 0

100.00% 88.89%
Sit 1 8

Group 4
Fall 7 0

100.00% 87.50%
Sit 1 7

Group 5
Fall 5 0

100.00% 81.82%
Sit 2 9

Group 6
Fall 6 1

85.71% 75.00%
Sit 2 6

Group 7
Fall 4 1

80.00% 70.00%
Sit 3 7

Group 8
Fall 8 0

100.00% 87.50%
Sit 1 7

Group 9
Fall 10 2

83.33% 80.00%
Sit 1 4

Group 10
Fall 9 2

81.81% 100.00%
Sit 0 6

Average Accuracy 90.66% 84.39%

Table 5: Cross validation results for radar-based approach

Fall Sit Fall Recog-
nition Rate

Sit Recog-
nition Rate

Group 1
Fall 10 0

100.00% 85.71%
Sit 1 6

Group 2
Fall 6 1

85.71% 100.00%
Sit 0 8

Group 3
Fall 6 0

100.00% 88.89%
Sit 1 8

Group 4
Fall 7 0

100.00% 75.00%
Sit 2 6

Group 5
Fall 5 0

100.00% 90.91%
Sit 1 10

Group 6
Fall 6 1

85.71% 87.50%
Sit 1 7

Group 7
Fall 5 0

100.00% 80.00%
Sit 2 8

Group 8
Fall 8 0

100.00% 100.00%
Sit 0 8

Group 9
Fall 10 2

83.33% 80.00%
Sit 1 4

Group 10
Fall 11 0

100.00% 100.00%
Sit 0 6

Average Accuracy 95.48% 88.80%

ing. All data have been randomly grouped into ten folds. We run
10 separate learning experiments in total to evaluate the recognition
accuracy. For each experiment, we use 9 folds for training and the
remaining one for testing.

Table 4 provides the confusion matrix and recognition rates for all
10 cross-validation experiments in video based approach. The clas-
sification accuracy is estimated as the average which are 90.66% and
84.39%, respectively. The average rates show that, compared with
results in Table 2, the fall motion recognition accuracy drops from
96.30% to 90.66%, and the sit motion recognition rate increases to
84.39%.

Comparing with Table 3, which shows that the recognition rate
for falling is as high as 100%, the average accuracy given by Table 5
shows a more convincing result at 95.48%. Meanwhile, the accuracy
for classifying sit motion has improved from 87.88% to 88.80%.

5. CONCLUSION

In this paper, we have investigated the classification and recogni-
tion of human motions separately using video and UWB radar based
sensing modalities. We proposed the MHI and Hu moment method
to extract features of RGB images. For radar data, we applied motion
filtering and PCA to reduce the data dimension and extract the fea-
tures. The k-means clustering algorithm is utilized for vector quan-
tization. Two HMMs for falling and sitting motions are trained for
vision based and radar based data, respectively. From the classifica-
tion results, we observed that the radar based method achieves higher
classification performance with recognition rate of 95.48% in falling
and 88.80% in sitting. In future work, fusion on these two sensing
modalities will be investigated to further improve the recognition
rate.
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