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Abstract. Human activity recognition(HAR) targets the methodologies to rec-
ognize the different actions from a sequence of observations. Vision-based ac-
tivity recognition is among the most popular unobtrusive technique for activity
recognition. Caring for elderly, living alone from remotely is one of the biggest
challenges of modern human society and is an area of active research. The us-
age of smart homes with increasing number of cameras in our daily environ-
ment provides the platform to use that technology for activity recognition also.
The usage of omnidirectional cameras for fall detection activity minimizes the
requirement of multiple cameras for fall detection in the living scenario. Conse-
quently, wc proposc a vision-based solution using convolutional neural net-
works and long short-term memory networks using 360-degree videos for hu-
man fall detection. We have constructed an omnidirectional video dataset by re-
cording a set of activities performed by different people as no such 360-degree
video datasct is available for human activity recognition in public domain. Our
results prove the suitability of 3DCNN and LSTM techniques for fall detection
activity for cven omnidirectional vidcos.

Keywords: Activity Recognition, Omnidirectional Video, 3D Convolutional
networks, Long short-term memory networks. Fall Activity, Daily Activity.

1 Introduction

Human Fall is onc of the major health risks in modern life style particularly for old
people who arc living alone, which may cause death in some situations if proper med-
ication is not followed after the event. Along with this, it may result in post-fall syn-
drome such as permanent immobilization, depression, etc. which further restrict the
movement. As reported, approximately 40 % of deaths due to injury are primarily
caused duc to fall only. So, carly detection of fall is an important step so as to timely
support the clderly by warning or informing their family members. The fall accidents
cannot be completely prevented but fall detection system can save lives if it can iden-
tify a fall cvent and an alert has been gencrated instantancously.

In this paper, we focus on vision-based approaches for fall detection. The cameras
have now become omnipresent as they provide very rich information about persons
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and their environment. The complete view of living room is provided using single
omnidirectional camera installed in room ceiling with downward facing arrangement.
So, vision-based fall detection systems prove to be reliable and play a major role in
future health care and assistance systems. Due to rapid rise in neural network archi-
tectures, deep learning has improved the results obtained in many techniques such as
image classification, object detection, segmentation, and image captioning. In this
paper, we present an approach using 3DCNN and LSTM techniques for fall detection.
More specifically, we propose architectures which detect fall in 360 degree videos
which take advantage of the capacity of CNN's to be sequentially trained on the gen-
erated 360-degree dataset. First of all, we have generated an Omnidircctional dataset
in lab environment. It is then subsequently used to acquire the relevant features for
activity recognition. As an outcome of this research carried out, this paper presents
the following main contributions:

1. To the best of our knowledge, this is the first time that fall activity has been tar-
geted on 360 videos using deep learning approach. In that respect, it is crucial to ad-
dress this problem as no such video database exists in public domain which boost up
the activity recognition.

2. The techniques such as Frame differencing(FD), Densc optical flow(OF) and
normal RGB has been tested and compared for their suitability for fall detection in
360 degree videos.

3. As fall detection is a sequential activity, so techniques which can model the
temporal relation between frames such as 3DCNN and LSTM have been used and
hyper-tuned for their best utilization in this activity.

2 Related Work

The fall detection activity has been targeted by threc main approachcs, namely ambi-
ent device based, wearable device based and video based. The ambient based ap-
proaches majorly use pressure sensors due to its cost-effective and less intrusive na-
ture, but it has its inherent disadvantages also in terms of falsc alarms and volume
quantity usage for better signal acquisition [1]. The wearablc sensor devices rely on
sensors such as accelerometers [2] or posture sensors [3] to detect the motion and
location of person but are very inconvenient for elderly fall detection due to its intrin-
sic intrusive nature and burden of time for sensor placement. In casc of fall activity,
measures such as vertical acceleration are strictly distinct from other normal daily
activities or confounding events such as bending over or squatting which allows us to
separate fall from other similar events. Video-based methods arc nowadays most pop-
ular detection strategies due to their unobtrusive nature, ¢.g., casy availability, and
wide environment suitability. In most of the video-based techniques, video capture, its
analysis and inference display or communication are majorly involved. In those tech-
niques only frames obtained from video provide the relevant information about activi-
ty performed. From them, the useful features in the form of bounding boxes or silhou-
ette are extracted to facilitate the activity detection. In some techniques such as
Gaussian Mixture Model(GMM), Support Vector Machine(SVM) or Multilayer Per-




ceptron(MLP) those features are used as input to the classifier to trigger the automatic
detection of fall activity and can be further extended to tracking also as proposed by
Lee [4]. The silhouette information can also be used to detect positions and in combi-
nation with a matching system, the deformation in the shape of the human body can
be utilized [5]. The person’s head can also be tracked to improve the results along
with Gaussian classifier [6]. Vallejo et al. [7] and A Sengto et al. [8] proposes to fed
the data of 3-axis accelerometer to a Multilayer Perceptron (MLP) for activity recog-
nition. Kepski [9] used the depth maps derived from Kinect in conjunction with the
inertial measurement unit and classifier in the form of a SVM. F. Harrou[10] used
vision-based approach along with sensor techniques only to ascertain the results. So,
out of three feasible approaches video-based activity recognition is the most widely
used by several researchers. For example, human shape variation is used to detect fall
by Foroughi[11]. Features extracted in form of the best fit ellipse around the human
body, histograms of silhouette and temporal changes in head pose, are fed to a tradi-
tional classifier such as SVM [12] or an MLP ANN [13] for classification of motion
and detection of fall action. People have targeted the fall detection using combinations
of time motion images and also using Eigen space methods [14]. The bounding boxes
of the objects have also been computed to find out if they contain a human and the fall
event has been detected by means of features extracted from it [15,16]. Wang [17]
formed a PCAnet to generate features from RGB images which are then used the
input to a SVM classifier to detect falls. A similar approach has been targeted by
vishwakarma[18] in which bounding boxes are used to compute the aspect ratio fol-
lowed by horizontal and vertical gradients of a human along with the fall angle and
are fed into a GMM for final event detection.

Fall activity has also been targeted by using supervised learning methods in which
features are extracted from raw data and using them as input to a classifier to learn
class decision for example charfi[19] derived 14 features from raw data and applied
some transformations to them and used SVM as a classifier. The occupancy areas
around body’s gravity center followed by angle extraction and subsequently to SVM
is proposed by zerrouki [20]. Curvelet coefficients are also used in the form of fea-
tures and HMM is used to model different body poses as proposed by zerrouki[20].
Vision-based fall detection techniques also include using 3D information about the
environment in which fall event takes place by using depth cameras such as Microsoft
Kinect or time-of-flight cameras. 3D silhouette based analysis of events have been
proposed by Auvinet et al [21] for subsequent analysis in the form of volume distribu-
tion along an axis. Extraction of 3D features using Kinect and then using it in a track-
ing system to detect the falls is also proposed by Gasparrini et al [22] for detecting the
orientation of major axis and depth maps to compute 3D features by Diraco et al [23].
People such as mastorakis [24] have adapted the 3D bounding box strategy to harness
the 3D information. The major drawback of 3D based approaches is in terms of the
system deployment due to their narrow field of view and limited depth and require-
ment of multiple synchronized cameras focused on the same area.

The present research focus is mainly directed along usage of deep learning based
methods for vision-based inputs in several applications such as feature combination in




form of Histogram of Oriented Gradient(HoG), Local Binary Patterns(LBP) and fea-
tures generated from caffe[25] neural networks are used to recognize a silhouette and
then used as SVM classifier. The motion in the video was also targeted by using opti-
cal flow algorithm and to avoid the influence of static image features [26]. However,
instead of doing feature engineering ourselves the deep learning based approaches
provides end to end learning in terms of feature extraction and classification to be
handled on their own.

3 Database and Techniques

3‘] Dataset

To facilitate the learning and testing of any model and classifier we need a large
amount of data. As fall event is multi-frame based activity so a set of frames are re-
quired for learning by a model. Based on current literature, it was found that out of
the vision based databases which are publically available none of those belong to 360-
degree category. 360-degree fisheye cameras are a popular topic in the security indus-
try today and offer a 360-degree view from just single lens, and give users the ability
to digitally pan, tilt and zoom in the live and stored video along with the widest field-
of-view available without blind spots making them ideal for wide areas. Since 360-
degree cameras have no moving parts, they avoid the lag (latency) associated with
PTZ devices. In addition, fisheye cameras tend to have a longer life, since all of their
parts are stationary and do not wear out as quickly. The specifications of camera used
in database preparation are: Camera Model: D3D 360 Degree, Height: 960, Width:
1280, Frame Rate: 20 fps.

However, we prefer 360 videos based fall activity analysis due to its inherent ad-
vantages in terms of very wide angle view thus providing complete living space view
possible to be framed using the only single camera. The database was recorded in a
controlled environment as shown in Fi

(a) Camera installation (b) Periphery data collection (¢) Centralized data collection

Fie. 1. Database preparation environment




The total number of video sequences thus generated is 2718 with 1327 sequences of
AFC and 1391 of ADL. The recording of Activity of Fall category(AFC) and Activity
of daily living(ADL) are shown in Figure 2.

(a) The activity of Fall category(AFC) (b) Activity of daily living(ADL)

Fio. 2. Human Actions representing Activity of Fall Category and Activity of Daily Living

From the videos captured during database preparation, it has been found that on aver-
age a person takes around 3-4 seconds during the fall event. So it has been decided
video clips should be of 5-second duration for uniformity across all instances. All
composite videos of each subject have been segmented in frames and then as per the
ADL and AFC instances regrouped in 5 sec durations.
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The design of our fall detection architecture was driven by objectives such as to min-
imize the hand-engineered image processing steps and to make the system generic
and deployable on a low computational power machine. The first requirement was
met by developing a system which works on human motion without correlating the
image appearance such as fall action can be represented by a stack of frames in which
each frame represents a pose or an instance in fall action. Another requirement of
minimizing the hand-engineered image processing steps was met by using models
which proves to be versatile in automatic feature extraction such as CNN [27] and
LSTM [28].

3D Convorutionar Neurai Necwor ks (3DCNN)

The convolution based neural networks have proved to be convenient tools to
achieve generic features. The convolutional operation can be armed with temporal
information such as 3D convolutional networks [29,30]. Since fall detection is a time
based event so time management is crucial and a way to cope with time and motion
has to be added to CNN's. To incorporate the motion information in video analysis,
3D convolution is performed in the convolutional layers of CNN so that discrimina-
tive features along both the spatial and temporal dimensions are captured as shown in
Figure 3, where (a) shows the architectural details and (b) shows the process flow
details.



Input vicleo
(@ 20 ps)

Action

Subsampied to 4fps

Resized each frame to
32x32

| » Feed fréﬁ':e array to 30-
| CNN

/rime’ Run Train / Testaigorithm

(a) Action Recognition using 3DConvNet (b) Process Flow
Fig. 3. 3D-ConvNet
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tion layers with characteristics as kernel size = (3,3,3), padding= same, activation =
relu/softmax. The max pooling layer is having a pool size of (3.3.3) and dropout
=0.25. The output of the fourth convolution layer is further flattened to 1D array. The
final dense layer produces two class outputs: Fall or Not Fall.
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The hyper parameters used in training are Learning rate: 10e-4, loss function = cate-
gorical cross entropy and train-test split with 60-20-20 proportion for training, valida-
tion and testing.

Long Snore-Term Memory Networks (LSTM)

CNN has demonstrated a great ability to produce a rich representation of input and
achieving promising results on object detection. Recurrent neural networks(RNNs)
are a class of artificial neural networks, where the recurrent architecture allows the
networks to demonstrate the dynamic temporal behavior. So, many researchers
[31,32] have combined RNN with CNN for action recognition with promising results.
In particular, LSTM [33] has been proved by Donahue et al [34], Shi et al. [35] and
Ng et al. [36] to be useful to activity recognition specifically from videos. The pro-
posed model consists of two parts convolution based (Inception V3) feature extraction
and long short term memory(LSTM) based sequence modeling. CNN provides a rich
representation of the input image by embedding it into a fixed feature vector. Since
the video is a sequence of frames, a model with RNN is established and after extract-
ing the features in videos, all features X, are fed as input in LSTMs. Feature lengths of
40 and 20 sequences are experimented but superior results are obtained with sequenc-
es length of 20. The block level composition of LSTM is shown in Figure 5, where (a)
shows the architectural details and (b) shows layer-wise composition and input output
dimensions of the proposed LSTM model.
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(b) Action Recognition using LSTM (b) Procesé Flow
Fig. 5. LSTM Model for Action Recognition
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The deep learning based models which can process the frame sequence based video
events such as 3DCNN and LSTM model has been proposed for fall activity recogni-
tion in this paper. In 3DCNN, the model constructs feature from both spatial and tem-
poral dimensions by performing the 3D convolutions. The developed deep architec-
ture constructs multiple channels of information from neighboring frames and




performs convolution and subsampling separately in each channel. The final feature
representation is obtained by combining information from all channels.

41 3DCNN performance on 360” videos

Input parameter: Input video Size: 640 x 480, FPS: 30

X shape 1804 x 32x32x5x1

Y shape 1804 x 2

Random state = 46,44
Training parameter: Learning rate: 0.0001, Batch size: 128
The mean Accuracy obtained with RGB videos is 95.3 %.
The model accuracy and loss are shown in Figure 6.
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The classification results of 3DCNN are shown in Figure 7 for ADL and AFC catego-

Fig. 7 Actlvrty classification performance of SDCNN

42 I_STM performance on 36OOVI(YQO§

Input parameter: Input video size: 640 x 480, FPS:30
Feature extraction of size 20 by using InsceptionV3
Input Shape 756x20x2048 for LSTM
Early stopper: Patience = 5
Training parameter: Learning rate = le-5, epoch = 60, Random state = 841.
The mean Accuracy obtained with RGB videos is 91.62 %.
The training model accuracy and loss are shown in Figure 8.




Frg. 8 LSTM model performance

The classification results of 3DCNN are shown in Figure 9 for ADL and AFC catego-
ry.

Fvg‘ 9 A(:hv;ty Classification performance of LSTM
The comparative analysis between the two approaches for activity classification is
presented in Table 1.

Ianie 1. Performance comparison between 3DCNN and LSTM.

Mode! Dpptn luourﬂwm(‘; Rnre Nu mber of Epochs \/alldatlon
Accuracy

3DCNN 20 le-4 300 953 %

LSTM 40,20 le-5 60 91.62 %

5 C()?’\C|US!OIWS and DISCUSSI()nS

In this paper, we presented a successful application of convolutional networks and
Long short-term memory networks to 360-degree videos for activity detection to cre-
ate vision based fall detector system which obtained state-of-art results on benchmark
database created in-house with 22 participants. To the best of our knowledge, this is
the first effort to generate such omnidirectional video database of fall activity. We
have used indoor scenario illustrating activities in real life of elderly people. The
CNN are applicable to wide range of tasks and because of their relatively uniform
architecture. ConvNets are ideal models for hardware implementation and embedded
applications. The ability for real-time processing can be acceptable. The proposed
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3DCNN and LSTM models have been tested with different scenarios of fall event
such as front fall, backward fall, side fall, fall during standing up or sitting on chair,
imbalance resulting in fall and daily activities events such as lying down, sitting on
chair, picking up object and squatting to evaluate its performance. The experiment
results showed that the 3DCNN model trained and validated on both ADL and AFC
activity videos provide 95.3 % accuracy on test set. The LSTM model also suits well
to fall event detection with 91.62 % accuracy for RGB omnidirectional video sam-
ples. Both models are not affected by the position of the person and can face any side,
angle and can also walk around as opposed to the normal RGB camera where better
accuracies are mainly claimed in situations when camera faces the person from front.
In this paper, we have considered 3DCNN and RNN for activity recognition. Apart
from this, there are other deep learning architectures, such as deep belief networks
[37,38] with promising results claimed in object recognition domain. The proposed
models were trained using supervised learning technique which requires a large num-
ber of labeled samples. Previous references in the literature [39] suggests that number
of labeled samples can be significantly reduced if the model is pretrained using unsu-
pervised algorithms. Future research will be targeted to explore the utilization of un-
supervised training of 3DCNN and LSTM models.
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