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ABSTRACT
Emergency departments treat around 2.5 million older peo-
ple for fall injuries each year. Preserving the elderlys’ right
of aging in a home of their own choice is mandatory in to-
day’s world, as more elderly people are willing to live inde-
pendently. Current implementations of fall detection systems
lack accuracy. Despite efforts to detect elderly falls, it is pos-
sible that daily life activities, such as lying down, trigger false
alarms. Moreover, privacy is the main concern for visual cam-
eras. In this research we used deep convolutional neural net-
works to describe the overall space-time appearance pattern
of a fall-event in depth video cameras. We developed a 3D
convolutional neural network to capture both the spatial infor-
mation available in video frames, and the temporal informa-
tion presented through successive video frames. Our method
outperformed the state-of-the art accuracy with a large mar-
gin.

1. INTRODUCTION

Preserving the elderlys’ right of aging in a home of their own
choice is mandatory in today’s world, as more elderly peo-
ple are willing to live independently. But, with the statistics
showing that falling is a major health problem that has a huge
non-desirable impact on elderly lives, fall detection systems
become a necessity.A variety of systems have been developed
to detect falls [1][2]. Most of the available systems are based
on image processing and computer vision algorithms. How-
ever privacy is the main concern for visual cameras. The
advantage that depth cameras provide is preserving the pri-
vacy of people under surveillance, since color images are not
used. The current existing techniques for fall detection based
on computer vision is based on traditional feature engineering
techniques. These features can be as simple as the ratio be-
tween the width and height of the bounding box surrounding
a human [3], and as complicated as the distance of the points
in a human point cloud to the floor [4]. Some other features
include extracting the patterns of change in human curvature
[5], or human silhouette orientation [6] during a fall event.
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Designing the best features in each case is a difficult task and
need extensive knowledge of movement patterns and the en-
vironment. In recent years deep learning algorithm have been
extensively used for hierarchical feature representation and
learning.

Fig. 1. Sample video frames. (a) Bending frames. (b) Falling
frames. (c) Lying frames. (d) Squatting frames. (e) Sitting
frames. (f) Walking frames.

Convolutional neural networks are extensively used for
classification [7, 8, 9, 10], object recognition [11, 12], count-
ing [13, 14], contour and edge detection [15] and semantic
segmentation [16, 17, 18]. Due to the magnificent perfor-
mance of these algorithms, human action recognition has re-
ceived extensive interest by deep learning researchers. More
recently, deep learning techniques have been used to rec-
ognize actions in RGB videos [19]. These applications are
flourishing with the increased processing capabilities avail-
able through GPUs, as well as the large video datasets that
were made available for the research community.

In this research we have used a depth action dataset col-
lected with Kinect camera. A sample of frames for the dif-
ferent actions is shown in Figure 1. For detecting fall events
in depth video cameras, we designed a novel spatial-temporal
convolutional neural network that is able to detect fall actions
with high accuracy in depth video cameras. We outperformed
state-of-the art accuracy with a large margin.
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2. RELATED WORKS

Fall detection systems can be generally categorized under
the following types: context-aware systems, wearable de-
vices, and cellphone based systems [1]. In context-aware
systems, sensors are deployed in the environment to detect
falls. The most commonly used sensors, in more recent
research, are wide angle cameras[20], and depth cameras
[4][21][6][5]. Installing cameras with other sensors such as
microphones [22] and pressure sensors [23] is also a common
approach. Radars are another type of sensor that is used in
context-aware systems to sense motions based on the wavelet
transform [24]. Wearable devices can be defined as minia-
ture electronic sensor-based devices that are worn by the
bearer, under, with, or on top of clothing. For these systems
accelerometers are mainly used [25]. Approaches that uses
cellphones for fall-detection take advantage of the accelerom-
eters embedded in mobile devices. These approaches also use
the built-in communication functionality in cellphones for
designing fall-detection systems [26].

Context-aware systems in general are superior over wear-
able devices in terms of reliability as there are no chances
of forgetting or losing them. Occlusion represents a con-
siderable constraint for systems based on computer vision
[21]. The advantage that depth cameras provide is preserving
the privacy of people under surveillance, since color images
are not used. To classify the events as falls or non-falls,
techniques such as Decision Trees [21], Support Vector Ma-
chine [27], Kalman Filtering [20], Thresholding Techniques
[4], and Nearest-neighbor Rule [4] are used. Overall, the
selection of a classification technique often depends on the
set of features obtained to map an input to an output. For
fall-detection systems that are based on computer vision ap-
proaches, these features can be as simple as the ratio between
the width and height of the bounding box surrounding a hu-
man [3], and as complicated as the distance of the points in
a human point cloud to the floor [4]. Some other features
include extracting the patterns of change in human curvature
[5], or human silhouette orientation [6] during a fall event.
The focus of the research in this area is to design the best
features that would correctly identify fall events, with the
minimum false alarms ratio.

Deep learning algorithms allow the system to learn the
best features to recognize human actions in videos. One
class for human action recognition using deep learning re-
lies on applying convolutional neural networks to process
video frames [19][28][29]. The work presented in [19] uses
Sports-1M dataset with one million videos representing 487
human action classes. In their work, the authors stack the
video frames and feed them to a multi-resolution CNN. The
multi-resolution network has two streams for processing;
a low-resolution stream and a high-resolution stream. The
authors also have investigated multiple approaches for fus-
ing temporal data in the convolutional neural network. The

approaches include a single-frame model, early-fusion, late-
fusion and slow-fusion. In [28], the authors use two-stream
convolutional neural network. One stream is used to capture
the spatial information by processing single frames. The
other stream is used to capture the temporal information by
processing multi-frame optical flow representations. A 3D
convolutional neural network was used in [29] to extract the
spatial and temporal information encoded in successive video
frames. The datasets used to test this 3D architecture are the
TRECVID 2008 and the KTH with more than 49-hour videos.
Bounding boxes were drawn around humans in the scene to
keep track of them. Video frames were fed into the network
which consists of two 3D convolutional layers, two pooling
layers, one 2D convolutional layer, and one fully connected
layer. In most cases, the classification based on the CNN
approach achieves good results. For RGB video frames, these
results can be due to the association of human actions with
the presence of certain objects in the scene. For example, for
a human action to be classified as swimming, a water surface
needs to be present in the scene.

3. METHODOLOGY

Convolutional Neural Networks, (CNNs), are a subclass of
feedforward neural networks that are mainly used for process-
ing images. The building block of a CNN is the convolutional
layer. This layer has neurons connected to local regions in
the input image and it is where most of the computations are
performed. The convolutional layer represents filters whose
parameters are learned by the network. The pooling layer of
the CNN is used to down sample the activation volume that re-
sults from the convolutional layer. This has an important role
for reducing the amount of computations. For image classifi-
cation problems, the fully connected layer is used to compute
the scores of classes. The neurons of this layer are connected
to all activations in the previous layer. The output of this layer
is a vector holding the class prediction for an input image. To
turn these predictions into class probabilities, a softmax func-
tion is applied.

In this study we designed a spatial-temporal 3D convo-
lutional neural network for fall-detection. The input to the
network is a video of size 99 × 160 × 120 × 3. The video
is then goes through the first 3D convolutional layer. This
layer has 96 filters each of size 25× 11× 11, where the filter
spans the videos with a stride of 3 in the spatial domain and a
stride of 3 in the temporal domain. The size of the filter in the
temporal domain was chosen such that the network looks at
sufficient number of frames before updating it’s parameters.
So, based on the conducted experiments using around one-
fourth the number of video frames served this purpose. Next,
we have a max-pooling layer that down-samples the resulting
activation volume by 2 in every dimension. Following this
pooling layer we have a second convolutional layer of 256 fil-
ters each of size 15×5×5 that span the video with a stride of 2
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in both spatial and temporal domains. Again, a pooling layer,
with the same properties as the first pooling layer, follows this
convolutional layer. We then have three convolutional layers
of sizes 5 × 3 × 3, 1 × 3 × 3 and 1 × 3 × 3 respectively.
These convolutional layers are followed by a pooling layer. A
summary of the filter sizes and strides for each layer is listed
in table 1. Finally, a fully-connected layer of 128 neurons is
followed by another fully connected layer whose number of
neurons is associated with the number of classes in the prob-
lem are used. A softmax function is applied to the output of
the last fully-connected layer to compute the classes’ proba-
bilities.

Layer
Spatial Filter Temporal Filter

Size Stride Size Stride

Conv1 11 3 25 3

Pool1 2 2 2 2

Conv2 5 2 15 2

Pool2 2 2 2 2

Conv3 3 1 5 3

Conv4 3 1 1 2

Conv5 3 1 1 2

Pool3 2 2 1 2

Table 1. A summary of the filter sizes and strides for each
layer in the deep fall-detection system.

To train the network, Adam Optimizer algorithm was
used. This is a gradient-based algorithm which requires lit-
tle memory and is very efficient in terms of computations.
The use of Adam optimizer fits problems of large data and
parameters. Practically, this optimizer works well compared
to other stochastic optimization methods [30]. The loss func-
tion used is the cross-entropy function given by equation 1.
Using this function the optimizer minimizes the sum of the
difference between labels and predictions of all samples in a
batch.

Cost = −
i=N∑
i=2

Labeli − log(Predictioni) (1)

After experimenting with different hyper-parameters, the
hyper-parameters of the network were set as follows: 0.7 for
the dropout rate, 10 for the batch size, and 1e-4 for the learn-
ing rate. Two values for the dropout rate were evaluated; 0.5
and 0.7. Using the dropout technique means that the network
randomly and temporarily removes some of the network units
and their connections. Thus, the higher dropout rate is, the
lower overfitting the network has [31]. Two values for the
learning rate were also used for performance comparison, 1e-
4 and 1e-8. The learning rate is used by the optimizer to adjust
the weights and biases of the network. Different combinations

of these values were tested, with accuracies below 70% for all
combinations other than 0.7 for dropout rate, and 1e-4 for the
learning rate. Several values for the batch size were tested.

The values of the batch size with a training set of 810
videos were: 10, 15, 18, and 30. The values of the batch size
for a testing set of 265 videos was set to 5.

4. EXPERIMENTAL RESULTS

This study uses the SDUFall dataset[5] which contains 6 ac-
tions performed by twenty young people. These action are:
bending, falling down, lying, squatting, sitting and walking.
Men and women participants performed each action multi-
ple times. The conditions under which these actions were
captured are different based on the lighting conditions, and
the direction and position of the stunt relative to the camera.
The Microsoft Kinect sensor was installed at 1.5m height.
The videos were recorded at 30 frames per second, with a
640×480 frame size. On average, the length of a video is 5.6
seconds.

The results for depth videos classification were obtained
based on two methods. One method distinguishes between
all six classes presented in the dataset. The other classifies
fall events among non-fall events. Following are the results in
details.

4.1. Six-Class Classification

In this method, each video was given a label as bending,
falling, lying-down, sitting, squatting, or walking. For the
training phase, 135 videos were used per each action. The
overall training time was around 32 minutes. A total of 265
videos were used for testing. The number of videos used
for testing per class is as follows: 34 videos for bending, 55
videos for falling, 35 videos for lying-down, 57 videos for
sitting, 46 videos for squatting, and 38 videos for walking.

The estimated time for classifying one video is around
23 seconds. So, the system could achieve real time perfor-
mance. The confusion matrix for the 6-class action recogni-
tion is shown in Table 2.

The system could achieve 87.28% accuracy on fall events
classification. The system could also achieve high specificity
by correctly identifying daily life activities as non-falls. In-
terestingly, all lying-down events were correctly classified.
The majority of miss classified falling events are given a
lying-down label. This can be due to the fact that the dataset
have simulated falls. Therefore, some of the fall events were
performed more like lying-down events rather than falling
events.

Samples of the correctly classified and miss classified
falling video frames are shown in Figures 2 and 3, respec-
tively.

It can be seen that the miss-classified video frames share
some patterns with a lying-down action, where the human
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Bending 91.18 0 0 0 8.82 0

Falling 0 87.28 12.72 0 0 0

Lying-Down 0 0 100 0 0 0

Sitting 3.51 0 0 94.74 0 1.75

Squatting 8.70 0 0 0 91.30 0

Walking 2.63 0 0 0 0 97.37

Table 2. The confusion matrix for the 6-class action recogni-
tion. It shows the percentages for accuracies.

Fig. 2. Sample of a correctly classified falling video frames
using the six-class classification method.

bends towards a mattress.

4.2. Fall versus Non-Fall Classification

The goal of this research is to correctly classify fall-events as
fall-events, otherwise, events should be classified as non-fall
events. Using this approach, each video was given a label,
either fall or non-fall. The average accuracy of the system is
97.58%. To the best of our knowledge, this is the highest ac-
curacy reported for fall-event recognition on SDUFall dataset.

Table 3, shows a comparison of our approach to ap-
proaches which uses hand-crafted features such as the ori-
entation volume and the curvature scale space of human
silhouettes.

5. CONCLUSION

In conclusion, the research presented in this study shows that
deep learning based algorithms are suitable for recognizing
fall-event patterns. It is observed that the deep learning based
pattern representations help increasing the accuracy for fall-
detection systems as compared to traditional pattern repre-
sentation techniques such as the orientation volume and the

Fig. 3. Sample of a miss- classified falling video frames using
the six-class classification method.

Methods Accuracy

BoW-VPSO- ELM[5] 86.83

FV-SVM[32] 88.83

BoSOV-Bayes[6] 91.89

Our method 97.58

Table 3. Comparison of the performance of the fall vs. non-
fall action recognition. It shows the percentages for accura-
cies.

curvature scale space of human silhouettes. The main idea
in this research is to identify the aforementioned patterns us-
ing spatio-temporal features. These spatio-temporal features
were automatically learned and extracted using 3D convolu-
tion neural network.
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