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Abstract

Aging of the population revealed that people of younger generation are facing to take care of
more of old generation. It may not be satisfactory to arrange enough number of nursing staffs
even in late-evening in hospitals or nursing and personal care facility, or it is not possible to
watch every old people continuously in daytime. Detecting anomaly of human motion such as
falling down, while no personal care assistant or nurse is accompanied, is expected to comple-
ment the insufficiency or lack of care by such staff. However, simple detection of anomaly of
human motion such as falling down or sudden stoppage of the staff should be ignored as ‘false
positive’ but adaptive detection of such motion by the persons who need assistance is preferable,
in order to improve the operability of a system. This paper presents human anomaly detection
based on human posture recognition by means of two-stage classification for the solution of
above-mentioned issues. Proposed method first classifies a person appeared in video into two
classes, one corresponds to caregiver and another corresponds to aged people to be taken care of,
and then detects anomaly motion only for the latters.
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1 Introduction

A point of view for observing the maturity of country can be seen in the age structure of citizen: it
is often changing from young generation centric to elderly generation centric. In recent years,
birth rate is declining trend in some countries especially in Asia or Europe. Japan is also one of
such countries, and it revealed that less younger generation of people need to sustain increasing
cost of social welfare than before. In another word, the capacity of social infrastructure for el-
derly people such as elderly care facilities is considered to be less than it is demanded. It results
insufficient number of caregiver in elderly care facilities, or the family of younger generation
needs to take care of their parents of old age by themselves, balancing their work and care.

In these circumstances it is not easy to watch the elderly people who need assistance by ac-
companying caregiver or physically unimpaired family all the time. Detecting anomaly status of
elderly person, while no person is available for assistance, is one of the urgent issues to be re-
solved. Applying deep neural network (DNN) for object detection or identification in im-
age/video made a breakthrough to achieve remarkable improvement in accuracy and flexibility
for various cases in real occasions. Anomaly detection is one of the objectives in surveillance
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video, and DNN based method is also applied in this domain as well [1]. In general, anomaly
detection with DNN needs training process which requires a large number of training data prior
to detection, and collecting a number of anomaly data for training is not easy in many cases. Not
only in the above-mentioned example of anomaly detection but also in other studies on anomaly
detection, main focuses are in achieving the improvement of accuracy or wider coverage of
detection for various types of anomaly.

In general, anomaly detection of human motion is applied for every person appeared in video.
In case where anomaly detection is targeted for specific type of person, there is another direction
for improving usability or operability of a system in addition to pursuing higher precision, recall,
or accuracy. Here, assume that a system is employed, which detects anomaly motion of “falling
down” in a nursing and personal care facility. Even a caregiver may fall down occasionally, but
most of the cases it does not results serious injury and he/she can recover by him/herself. In this
scenario, detecting such anomaly motion is not considered to be the target of the operation of the
system, and therefore such the anomaly motion may be ignored. As shown in this example,
another direction for the improvement of operability of anomaly detection system is to classify
the target person whether he/she is elderly person to be taken care of or caregiver prior to
anomaly detection, then anomaly detection is applied only for the motion which is classified into
“elderly person being taken care of”. The class of a person whether he/she is caregiver or
care-receiver is mentioned as attribute of a person hereafter.

Based on above mentioned consideration, we propose a method of anomaly detection of
human motion integrated with human attribute classification, which is assumed to be operated to
detect anomaly motion (e.g., falling down) of elderly person in hospitals or nursing and personal
care facilities. The objective of the method is to detect anomaly motion of elderly person ex-
cluding to detect that of nursing staff or caregiver. There are possible solutions for this objective,
i.e., supervised learning-based method, unsupervised learning-based, and so on. Our proposed
method is unsupervised learning based, considering to adapt various circumstances or envi-
ronments without preparation of large amount of data for training.

Proposed method consists of human posture inference, feature representation and time series
data pooling, and 2-stage clustering. After human posture is inferred, a sequence of features that
corresponds to human motion is represented based on distances between joints. Then 1* stage of
clustering is applied in order to classify the motion by caregiver (nursing staff) or care-receiver
(elderly person). After that, anomaly motion is detected by applying 2™ stage of clustering for
the cluster that corresponds to the motion of elderly person, i.e., care-receiver.

The organization of this paper is as follows: Section 2 describes related work on anomaly
detection. Proposed method that consists of 2-stage clustering is described in section 3. Exper-
imental setup and the result of experiment is shown in section 4. Concluding remarks and re-
maining issues are mentioned in section 5.

2 Related Work

Anomaly detection is one of the major topic in computer vision since the last decades, where
various recent frameworks are employed for pursuing higher detection accuracy or adapting the
variety of visual features. Features such as HOG (Histogram of Gradient), HOF (Histogram of
Optical Flow), MBH (Motion Boundary Histogram) are often applied for human action/motion
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recognition not only with conventional analytic methods but with DNN [2]. As well as other
domains of applications, DNN based methods are recent main stream for action/motion recog-
nition. 3D-CNN is the extension of CNN so that it processes the sequence of images in time
domain, and anomaly detection with the 3D-CNN was also proposed [3]. Another promising
method for handling sequential data is to employ LSTM which handles not only short term
temporal relationship but also long term for anomaly detection [5]. GNN (Graph Neural Net-
work) is employed for representing features found in image sequence as nodes, and relationship
between nodes as links. Detecting anomaly based on GNN is also proposed in [4]. In recent
years, anomaly detection of human motion employs a human posture inference model to acquire
positions of joints in a human body as motion features, and human motion is represented with
GNN [6]. In [6], it is reported that anomaly detection with GNN outperforms straightforward
method of feeding video data directly to CNN based model. Note that above mentioned method
for anomaly motion detection of human concentrates on improving the performance (e.g., ac-
curacy) of detection.

Focusing on tasks of human attribute detection, the definition of attribute differs in each
study, but an attribute is associated with an entity or a feature which is not commonly observed in
all the persons appeared in video. An example of attribute is an object which a person wearing,
holding or carrying [7]. This kind of attribute is referred to for characterizing a person. Human
attribute is referred to as visual feature of human body parts, which is used for human
re-identification [8]. Human re-identification is a task to identify a person appeared in different
video streams (thus taken by different cameras placed at different positions), where the common
visual features are observable in human body parts. In addition to the type of clothing or objects
he/she is holding, Gender and/or age are also the scope of human attribute recognition. Deep
neural network based model is also popular for the solution of this task [10] as well as for object
detection or recognition. Not only image features but motion information such as gait energy is
also referred to for recognizing human attribute of gender or age [11].

However, as far as we know, there is no study which focus on improving the practicability or
operability of anomaly detection of human motion by excluding the anomaly motion of persons
who are out of the target since they are not the persons to be watched (i.e., caregivers in the
scenario of anomaly detection in nursing and personal care facility). Handling this matter is
achieved by human classification by attribute prior to anomaly motion detection.

3 Anomaly Motion Detection

3.1 Assumption and Scenario

We assume that the proposing method is employed in hospital or nursing and personal health
care facility in order to detect anomaly motion of elderly person who is taken care of. Here, we
assume that nursing staff or caregiver is in younger-generation than patient/care-receiver and
physically unimpaired. Footpace between nursing staff/caregiver and care-receiver of elderly
person is considered to be different because of the difference of physical motor function. We
consider this assumption is reasonable in most of the cases observed in hospitals or nursing and
personal health care facilities. The objective of this study is to detect anomaly motion of “falling
down” while a patient/care-receiver is walking down the hallway. The reason why we focus on
the above-mentioned occasion is that there are much less alarm equipment such as emergen-
cy-call buttons or vital sensors while patient or care-receiver is away from his/her room and
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walking down hallway. Therefore, anomaly motion during he/she is lying or sitting on a bed is
out of the scope of this study.

3.2 Processing Flow of Anomaly Detection and Pre-processing

Processing flow of the proposed method is illustrated in Fig. 1. Proposed method is based on
clustering of motion feature which is defined based on the distances between specific keypoints
of human body. First, key points of human body are inferred with human posture inference
model from every frame in a video stream at 30fps, which is fed from video camera placed at
ceiling in a corridor in the actual operation. In this study, we employed MediaPipe [12] for this
component, which infers and results the position of keypoints on the human body. Though a
number of keypoints are available as the result of MediaPipe, five keypoints, i.e. nose, right and
left wrist, right and left ankle are referred to for calculating the distance between keypoints.
Distances between nose and right/left wrist/ankle are calculated for motion feature representa-
tion. Figure 2 shows an example showing the transition of distances between keypoints. Hori-
zontal axis represents frame number of a video stream (i.e., time, 30 frames correspond to 1
second in this study), and the vertical axis denotes Euclidean distance between keypoints.
Physical configuration of the environment is as follows: a camera is placed at upper corner in a
corridor, and the optical axis of the camera is nearly parallel to the direction of walking. Fluctu-
ation of distance will be smaller as shown in Fig. 2(a) where he/she walks away from the camera,
since the size of a person appeared will be gradually smaller. In case where he/she is walking
toward the camera, the fluctuation is observed as shown in Fig 2(b). After calculating keypoint
distances, they are normalized by dividing the distances between the keypoints of nose and hip in
order to reduce the influence of the change of size appeared in a video frame, since the size of
person will be larger when he/she walks toward camera, and vise versa.

[ Video stream ]

1

| Posture inference | | 1%t-stage clustering |
! i

| Distance Calc. | Feature smoothing |
¥ I

| Distance normalization| | 2"_stage clustering |
!

| PCA | [ result ]
L |

Figure 1: Processing Flow

After that, PCA (Principal Component Analysis) is applied for the four series of temporal
transition of the normalized distance between keypoints in order to obtain primary feature of
human motion, which is to be represented as one dimensional data. Until obtaining one dimen-
sional data of human motion by PCA is pre-processing step for anomaly detection. When a
person is detected as resulting inferred posture by the posture inference module, a sequence of
data resulted through the process of distance calculation, distance normalization, and PCA, is
stored into the pool of motion data. The sequence of motion data is terminated when tracking of a
person (i.e., detection of human posture of the same person) is lost by frame out or at the prede-
fined amount of interval.
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(a) Walking away from camera (b) Walking toward camera
Figure 2: An example of transition of distances between keypoints
3.3 Anomaly Detection based on 2-stage clustering and feature smoothing

After pre-processing, 1%-stage clustering is carried out in order to separate sequences of hu-
man motion of nursing staff/care giver from those of care-receiver of elderly person. This clus-
tering process is expected to separate motion data of caregiver from that of care-receiver, that is
based on the prospective where the feature of footpace of the former differs from the latter.
Based on preliminary evaluation, we employed time series K-means clustering by Euclidean
distance and that by DTW (Dynamic Time Warping) with regard to the performance of separa-
bility on human attribute and anomaly. The preliminary evaluation also revealed that separability
of anomaly from normal motion is degraded for a set of motion sequences that consists of normal
walking and walking accompanied with falling down by the same person. Therefore, the process
of feature smoothing is introduced prior to 2™ stage clustering. The feature smoothing is to cal-
culate simple moving average of the one dimensional time-series feature obtained by PCA, by
following the equation below.

A =7 (Xp—p + x¢— +eet X+ x
t k+ 1( t—k t—(k+1) t t+k)

In this equation, 4, denotes moving average at time ¢, k corresponds to the number of samples to
refer, and x; is the feature value at time ¢ obtained by applying PCA. Strength of smoothness is
adjusted by £: short term rapid change is suppressed when £ is increased.

After the process of feature smoothing, 2™ stage clustering is carried out for detecting
anomaly motion. The 2™ stage clustering is applied for one of the clusters, which corresponds to
the cluster of motion data of care-receiver (i.e. elderly persons) obtained by the 1% stage clus-
tering (but each time-series data is smoothed prior to 2™ stage). The reason why we take this
strategy is as follows. The 1* stage clustering results two clusters: one is expected to consist of
motion data of caregiver and another is expected to consist of care-receiver. One of these cluster,
whose dominant fluctuation of motion feature is smaller, is considered to be the cluster that
corresponds to the motion feature of care receiver (i.e., elderly persons). Since the variance of the
distance between keypoints is considered to be larger in caregiver at fixed amount of time, we
think this criterion is reasonable. Therefore, 2™ stage clustering for the cluster of care-receiver is
expected to separate motion data of normal walking from walking accompanied with anomaly
motion of falling down, and thus anomaly motion is expected to be detected. Finally, one of the
clusters whose member is less than another is identified to the cluster that corresponds to anom-
aly motion. Moreover, if 2™ stage clustering is applied for the cluster of motion by care-giver, it
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is also expected to separate normal walking from anomaly motion. However, this is out of the
objective of this study since a caregiver is able to recover oneself or calling others for help.

4 [Experimental Results

4.1 Test Scenario and Data

In order to evaluate the proposed method, test data is prepared as follows. A camera is placed
around the upper corner above a corridor, whose position, direction and angle is similar to that of
security camera in a building. Three persons, who consisted of two males and one female and
they are in their 20s to 50s, are instructed to walk toward or away from the camera (optical axis
of the camera and his/her direction of walking is nearly parallel). One sequence of video data
consists of a scene where one of the persons is walking normally (i.e., walking at average speed),
walking slowly as if he/she is elderly person, or falling down after walking slowly. In total, 56
normal walking data, 22 normal slow walking data, and 3 motion of falling down accompanied
with slow walking are used for the experiment. In the actual operation of the proposed method,
motion feature data of a person is segmented at fixed amount of interval (e.g., in every five
seconds), and stored into a stream data pool for clustering.

In the experiment, 7 cases of stream data mixture are prepared. More specifically, each of
them is prepared as follows. Here, NW stands for normal walking, SW for slow walking, and FD
for slow walking accompanied with falling down as anomaly motion.

Case 1: 56 NW, 22 SW, SW+FD by person 1

Case 2: 56 NW, 22 SW, SW+FD by person 2

Case 3: 56 NW, 22 SW, SW+FD by person 3

Case 4: 56 NW, 22 SW, SW+FED by person 1 and 2
Case 5: 56 NW, 22 SW, SW+FD by person 1 and 3
Case 6: 56 NW, 22 SW, SW+FD by person 2 and 3
Case 7: 56 NW, 22 SW, SW+FD by person 1, 2, 3

Note that one anomaly motion is captured for each of the person 1, 2, and 3. That is, case 1 to 3
includes one anomaly motion data, case 4 to 6 includes two anomaly motion data, and Case 7
includes three anomaly motion data.

Figure 3 shows sequences of motion feature after applying PCA. Fig. 3(a) shows motion
feature of normal walking toward a camera, while Fig. 3(b) shows that of slow walking. We can
observe that the fluctuation of 1 dimensional motion feature is larger in normal walking (Fig.
3(a)) than that in slow walking (Fig. 3(b)). Moreover, steep slope as seen in Fig. 3(a) is not ob-
served in Fig. 3(b), which is considered to be due to the lower motion velocity than normal
walking. Figure 4 shows motion feature of three cases of anomaly motion, each of which con-
sists of falling down accompanied with slow walking. These sequences of motion feature in Fig.
4 correspond to anomaly motions to be detected, since it corresponds to the situation where a
care-receiver of elderly person accidentally falls down. Fluctuation of motion feature observed in
Figure 4 is more drastic than those observed in Fig. 3(b), which correspond to slow walking
without falling down. Note that the preliminary experiment of applying time series K-means by

Copyright © by IIAI. Unauthorized reproduction of this article is prohibited.



How Computer Vision Complements Health Care/Nursing Environment

Euclidean distance where K=3, expecting three clusters consisting of normal walking, slow
walking, and falling down accompanied by slow walking, revealed that it was not able to classify
anomaly motion into a cluster without the other two kinds of instances.

(a) normal walking (b) slow walking
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Figure 3: Motion Feature after applying PCA
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Figure 4: Motion Feature of slow walking with falling down
4.2 Result of 1% stage clustering

The 1% stage clustering, aiming at separating one cluster consisting of normal walking from
another consisting of slow walking as well as falling down accompanied with slow walking, was
evaluated by applying time series K-means by the metric of Euclidean distance and DTW. We
tested 7 cases of mixture of normal and anomaly motion. As a result, both K-means by Euclidean
distance and DTW showed good separation of normal and slow walking. More precisely, clus-
tering by DTW failed to make an anomaly motion accompanied with slow walking be included
in the cluster consisting of normal walking in Case 1, while K-means by Euclidean distance
correctly clustered all the seven cases into the cluster consisting of only normal walking and
another consisting of slow walking and slow walking accompanied with falling down. Figure
5(a) shows the result of 1* stage clustering by Euclidean distance and Fig. 5(b) is that by DTW in
the Case 1, where the blue curves correspond to normal walking whereas green curves corre-
spond to slow walking except one indicated with red arrow. Only the difference is the curve
indicated with red arrow, which corresponds to falling down accompanied with slow walking,
and therefore it should be classified into the cluster of curves colored with green.

Identifying the cluster of normal walking and slow walking is performed based on the vari-
ance of 1 dimensional feature data. Since larger variance corresponds to rapid motion, the cluster
whose variance is smaller is identified to be the cluster of slow walking: it corresponds to motion
data of elderly person. Thus, the 2™ stage of clustering is applied only for this cluster.
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(a) Clusters by Euclidean distance (b) Clusters by DTW
Figure 5: Result of 1% stage clustering by K-means by Euclidean distance and DTW

4.3 Effect of feature smoothing and the result of 2* stage clustering

After 1% stage clustering, each of the sequences of motion feature data is smoothed in order
to emphasize the difference between slow walking and falling down accompanied with slow
walking. In order to show the effect of feature smoothing, result of applying K-means clus-
tering by Euclidean distance and DTW is shown in Figure 6. Figure 6(a) shows the result of
applying K-means by Euclidean distance and Fig. 6(b) show that of DTW for Case 5 that
includes two anomaly motions as an example. Color of curve corresponds to cluster index:
curves of the same color belong to the same cluster. As shown, both of these failed to achieve
clear separation of slow walking with falling down from those without falling down: one of
the clusters consists of the mixture of slow walking and slow walking with falling down,
therefore, clustering without feature smoothing failed to detect anomaly.

Features

(a) Clusters by Euclidean distance (b) Clusters by DTW

Figure 6: Referential result of 2™ stage clustering without feature smoothing

Figure 7 shows the effect of feature smoothing that is obtained by applying moving average.
Each of the sequences of motion features without falling down are more flattened than those
without applying moving average, whereas those with anomaly of falling down shows steep
slopes (curves with arrow).

The 2™ stage clustering is evaluated by K-means with Euclidean distance and DTW for
sequences of data after feature smoothing. K-means by Euclidean distance is carried out for all
the seven cases prior to 2™ stage clustering, which resulted correct separation of slow walking
with/without falling down from normal walking for all the cases. In case of applying
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Figure 7: Motion feature after feature smoothing

K-means by Euclidean distance for 2™ stage clustering, successful classification separating
slow walking with falling down (i.e., anomaly motion) from slow walking succeeded only in
Case 1 and 2. That is, some slow walking without falling down and slow walking with falling
down are clustered into the same cluster: thus it failed detecting anomaly motion without
error. As for the result of applying K-means by DTW, only the anomaly motion(s) is sepa-
rated into a cluster without any slow walking for all the cases of Case 1 through Case 7.

In summary, K-means clustering by Euclidean distance is suitable for classification of
human motion, which is considered to be associated with the attribute of nursing
staff/caregiver or care-receiver as the 1 stage clustering. After that, it is reasonable to apply
K-means by DTW for detecting anomaly motion as the 2™ stage clustering. In addition, we
confirmed that the feature smoothing by moving average prior to the 2™ stage clustering
contributes to emphasize the difference between slow walking and falling down (i.e.,
anomaly motion) accompanied with slow walking, and thus achieves better detection of
anomaly motion.

5 Conclusion

In this paper, we proposed an unsupervised method of anomaly detection aiming at detecting
anomaly motion of falling down caused by elderly person. Detection of this type of anomaly is
important in hospitals or nursing and personal care facilities especially while nursing
staff/caregiver is temporarily unable to watch with care. The proposed method consists of 2 stage
clustering with motion feature smoothing, where the 1* stage clustering is employed for classi-
fying human attribute by motion feature, and the 2™ stage clustering is for detecting anomaly.
Experimental result showed that K-means clustering by Euclidean distance is suitable for 1*
stage, and K-means by DTW for the 2™ stage, with the intermediate process of feature smooth-
ing by moving average. Exploring the applicability of the proposed method for various facilities
is one of the future issues to be investigated.
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