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Abstract: For many applications (e.g., surveillance and disaster response), situational awareness is
essential. In these applications, human body posture recognition in real time plays a crucial role
for corresponding response. Traditional posture recognition suffers from accuracy, due to the low
robustness against uncertainty. Those uncertainties include variation from the environment (e.g.,
viewpoint, illumination and occlusion) and the postures (e.g., ambiguous posture and the overlap of
multiple people). This paper proposed a drone surveillance system to distinguish human behaviors
among violent, normal and help needed based on deep learning approach under the influence of
those uncertainties. First, the real-time pose estimation is performed by the OpenPose network, and
then the DeepSort algorithm is applied for tracking multi-person. The deep neural network model
(YOLO) is trained to recognize each person’s postures based on a single frame of joints obtained from
OpenPose. Finally, the fuzzy logic is applied to interpret those postures. The trained deep learning
model is evaluated via the metrics (accuracy, precision, recall, P-R curve and F1 score). The empirical
results show the proposed drone surveillance system can effectively recognize the targeted human
behaviors with strong robustness in the presence of uncertainty and operated efficiently with high

real-time performance.
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1. Introduction

In recent years, there has been an increasing interest in the application of Unmanned
Aerial Vehicles (UAVs). The high maneuverability allows UAV traversing into harsh
environments easily in comparison to humans. Camera is a common sensor on UAV [1-3]
and can be used to monitor and recognize human movements and poses [4-6].

For many applications of UAVs, such as surveillance and disaster response, situational
awareness is essential. In these applications, one of the main tasks is to find a specific
target and respond promptly. Human factors in situational awareness are important topics.
Humans can misjudge images or reduce judgment efficiency due to fatigue and inattention.
An automated surveillance method can help people interpret video feeds and warn them
of people found in the area of interest in real time. Collaboration between humans and
agents, such as robotic agents, interweaving human and machine decisions, allow the
flexible transfer of control between humans and agents as part of a team, in order to
achieve effectiveness that is greater than the sum of the parts of humans and agents’ level.
“Human-Agent Collectives” is a term used to describe such collaborative works [7].

As one of the most popular subjects in recent years, the application of deep learning
is also very suitable for human body pose estimation and posture recognition. Human
posture recognition has been widely used in home security, games, entertainment, medical
systems and other fields. By contrast, there are still some problems in pose estimation.
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First, there is no way of knowing how many people are in the picture that would be
checked. Second, human interaction can result in complex spatial interference and make
identification difficult. Third, the number of individuals in the picture appears to increase
the complexity of the operation, and reduce the efficiency of identification. Two main
methods are applied to detect human body posture. One is the top-down method, in
which all human bodies are detected first, followed by key points on the human body. The
downside is that as the number of individuals in the picture grows, the detection time will
grow linearly. The other is the bottom-up method. The joints of all people are detected first,
and then matched into the human skeleton. The downside is that the information of global
context cannot be used [8].

OpenPose is a library for real-time multi-person keypoint detector [9]. The bottom-up
human pose detection and Convolution Neural Network (CNN) was proposed to provide
developers with data on the human skeleton from images and videos. OpenPose was the
first open-source real-time system for multi-person 2D pose detection, including body, foot,
hand, and facial keypoints.

Developers are increasingly focused on designing successful applications based on
OpenPose. A real-time 2D human gesture grading system from monocular images based on
OpenPose was proposed [10]. The 2D positions of a person’s joints and skeleton wireframe
of the body was captured to generate motion trajectory for every joint. The similarity
metric and scoring formula were proposed for grading the gesture. Other application based
on OpenPose include a markerless system for gait analysis [11], a promotion system for
home-based squat training [12] and robust 3D skeleton tracking [13].

Simple Online and Realtime Tracking (SORT) is an open source for multiple objects
tracking with a focus on simple, effective algorithms [14]. They use geometric cues of
objects instead of motion and appearance cues to tackle the occlusion and re-identification
challenges simultaneously. A Deep SORT algorithm [15] was proposed to extend the SORT
by integrating appearance information. The experiment shows that objects track can be
tracked through longer periods of occlusions and the number of identity switches can be
reduced effectively. It achieved overall competitive performance at high frame rates.

The You Only Look Once (YOLO) is an open-source library for the object detection [16].
The regression approach was proposed for object detection instead of classification. The
single neural network predicted spatially separated bounding boxes and associated class
probabilities. The experiment showed that YOLO can learns very general representations
of objects outperforming other detection methods.

Fuzzy logic was proposed as an inference mechanism to expressing qualitative knowl-
edge and experience with unclear boundaries [17]. The membership function is used to
distinguish fuzzy sets. The fuzzy relationships were used to implement rule-based rea-
soning. It contributes to various application (e.g., the description system whose model is
unknown or uncertain and the control object with strong nonlinearity).

However, OpenPose library only estimated the human body pose without posture
recognition. Furthermore, posture recognition also suffer from various uncertainty from
environment (e.g., viewpoint, illumination and obstacles) and posture (ambiguity of posture
and overlap of multiple people). Therefore, in this paper, the information extracted by
OpenPose is input into the deep neural network to train the model for recognizing each
person’s postures. The deep learning model’s predictions are evaluated via the metrics
(e.g., accuracy, precision, recall).

The recognized postures from the scene may or may be a behavior that require atten-
tion (e.g., punch posture can be either a violent “fighting” behavior or just a normal “doing
exercise” behavior, squat posture can be either a help needed injured behavior or just a
normal “tie shoelaces” behavior). Therefore, the fuzzy logic is proposed in this paper for
inferencing/reasoning the behavior category from the recognized posture.

Several practical applications of object recognition and tracking for unmanned vehicle
has been proposed from the same research team in this proposed paper. Those include a
multi-pose face tracking and recognition system using unmanned aerial vehicle [18], face
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recognition and tracking for an indoor security robot [19], detection of temperature, mask
wearing, and recognition of human face for a COVID-19 pandemic response robot [20]
and object tracking for an unmanned surface vehicle [21]. This article proposes an UAV
surveillance system for human body posture recognition and tracking. The proposed
system including human tracking, posture recognition and behavior interpretation.

2. Materials and Methods

The scenario of the proposed system is shown in Figure 1. The postures are classified
into seven categories. The procedure of the proposed system is illustrated in Figure 2.
The image is obtained from the UAV’s camera. The proposed system first detects and
tracks the people in the image. Then, the people’s skeleton is extracted for further postures
recognition. Finally, those postures are inferenced for the behavior recognition (normal,
violent or need help).
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Figure 1. The scenario of the proposed system.
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Figure 2. The flowchart of proposed system.
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2.1. Human Tracking

Object tracking consists of two parts: object detection and tracking. Simple online
and real-time tracking (SORT) [14] uses the Hungarian Algorithm and the Kalman Filter to
measure the overlap degree of the frame, which surrounds the object in image space and
links data frame by frame. This simple solution shows good results at high frame rates.
SORT returns a disproportionately high number of identity transitions, despite its overall
good precision and accuracy. Since the used association metric is only reliable when state
estimation uncertainty is minimal, therefore SORT tracking suffers from in the presence
of occlusions.

Deep SORT is a refinement of the SORT target tracking algorithm. It creates features for
subjects using a pre-trained neural network, allowing relations to be made based on feature
similarities rather than overlapping. The deep SORT algorithm is extremely powerful and
fast, making it the most popular object detection and tracking algorithm [15]. The flow
chart of human tracking is shown in Figure 3. Deep SORT processes each frame as follows:

1.  The detector gets the bounding box.

2. To generate detection.

3.  Kalman quantization prediction.

4. Uses the Hungarian Algorithm to match the predicted track with the detection in the
current frame.

5. Kalman Filter update.

Object Tracking == Object Detection + Tracking
y

Yolov3 Kalman Filter
Unmatched Unmatched —» Deleted

Tracks Tracks
. Matching Unmatched 10U Unmatched
Detections = ¢ cade Detections > Matching Detections

Matched Matched
Tracks Kalman Filter Tracks Tracks
A Predict New
Tracks

Kalman Filter
Update

Figure 3. Flow chart of human tracking.

The You Only Look Once (YOLO) framework [16] is adopted for the object detection.
The YOLO is one-stage and end-to-end target detection framework with fast speed and
good generalization ability. This paper applied YOLOv3, an improved version of YOLOv2
with a similar detection rate from the aspect of accuracy and a three-fold faster. Darknet-53
was used to replace Darknet-19, which used a large number of residual jump layer designs
to generate three feature maps of various scales. Furthermore, YOLOv3 performed multi-
tag classification using logistic regression, rather than softmax.

YOLO-block, Residual block (resblock-body), 2D convolution layer (conv2D), batch
normalization (BN), leaky rectified linear unit (Leaky-ReLU) module and an upsampling
layer are the basic modules. The use of the BN layer instead of the dropout, which is used on
each conv2D BN Leaky-ReLU (DBL) module, is one of the most noticeable improvements
in the YOLOV3 network structure. The YOLOv3 network structure is shown in Figure 4.
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Type Filters Size Output
Convolutional 32 3%3 256%256
Convolutional 64 3x3/2 128x128
Convolutional 32 1x1
1 | Convolutional 64 3x3 [ DBL j: [ Conv2D ][ BN j[Leaky—ReLUj
Residual 128x128
Convolutional 128 3x3/2 64x64
Convolutional 64 1x1
2x | Convolutional 128 3x3
Residual 64x64
Convolutional 256 3%3/2 32x32
Convolutional 128 1x1
8x | Convolutional 256 3x3 { concat H Conv2D ]
Residual 32x32
Convolutional 512 3x3/2 16x16 Upsampling
Convolutional 256 1x1
8x | Convolutional 512 3x3 ‘{ concat H Conv2D ]
Residual 16x16
Convolutional 1024 3x3/2 8x8 Upsampling DBL*6+conv
Convolutional 512 1x1
4x| Convolutional 1024 3x3 —b( concat H Conv2D HDBL*6+con\rj
Residual 8x8
Connected 1000
Softmax
[ detection j

Figure 4. YOLOV3 network structure.

The DBL module, on the other hand, is made up of a conv2D convolution layer, a BN
layer and a Leaky-ReLU activation feature, which serves as the foundation for the entire
network module. The resblock-body, as the Darknet-53 network’s core module, is made
up of a zero-padding layer, a DBL module and residual units. The Daknet-53 network
is made up of five residual bodies and a DBL module, with each subject in the residual
stack having a different coefficient. The feature maps are output to the next residual body
after the stacking residuals operation is completed and the feature extraction operation
is continued.

Cross-scale prediction, which offers three prediction boxes of varying sizes, is a major
advance in YOLOV3. The feature map is generated by the Darknet-53 network’s last three
residual subjects, which are combined with the feature map in the latter stage through the
serrate convolution stack module.

In this way, more features of the detected object can be extracted, reducing the occur-
rence of detection errors. The YOLOv3 algorithm achieves the advantages of fast detection
speed and good generalization ability. Each bounding box is predicted to have four offset
coordinates (tx, ty, tw, t;). The prior value of the bounding box’s width and height are
linearly connected. The predicted coordinates (by, by, bw, by,) can be obtained as follows:

by = U(tx) + Cx, (1)
by = U'(ty) + Cy, (2)
by = pwe'™, ®3)
by = pre’t, 4)

where ¢ and ¢y are the offset coordinates of the image’s upper left corner and p;, and p, are
the bounding box’s width and height. These parameters are used to represent the value of
the bounding box.

The detector obtains the bounding box, generates the detection result and then uses the
Kalman filter to make predictions. The prediction and calculation phases are the two main
stages in the Kalman filter. The prediction stage is a method for predicting state variables in
a system of interest based on prior knowledge of the state variables and their corresponding
prediction noise. It also entails calculating the variance associated with the state variable es-
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timation. The measurement level, on the other hand, is a procedure for reading information
about state variables at present, while taking measurement noise into account. The next
state variable of the system of interest is estimated using a combination of information from
the prediction and measurement stages. It also entails calculating a variance correlated
with the state variable measurements. The procedure happens recursively.

In the development of an optimization algorithm, a Kalman filter is viewed as a single
agent that searches for theoretical global optima solutions. Any agent carries information
about the state variable of a system. It represents an individual agent’s location in the
search space [22]. The equation is shown as follows

Xi(t=1) = {x}(t=1), 2t -2)---xP(t-1)}, (5)

where xP(t — 1) is a position of an agent, i is a number of an agent, D is a search space
dimension and ¢ are a number of an iteration. In the prediction stage, the equations are
shown as follows

Xi(t) =X;(t—1), (6)

P(t)y=P(t-1)+0Q, ?)

where X(t) is an agent’s expected location. A current variance associated with the predic-
tion, a previous variance associated with the prediction and a prediction noise covariance,
which is known as a constant, are P(t), P(t — 1) and Q, respectively. The search agents are
set to move randomly by the use of the predicted location in the measurement point, which
is implemented using the equation as follows

Zl'(t) = }A{l’ + A, (8)

A =sin(rand x 27t) x (1 —exp(|X;(t)|)), )

where A is used to introduce randomness into the agent’s movement. Equation (8) also cal-
culates the quest agent’s new location. Equations (10)—(12) are applied, and thus complete
the algorithm’s cycle.

Xi(t) = Xi(t) + K x (z(t) = (1X:(1)])), (10)
_ P

Mw_f@:E’ (11)

P(t) = (1 - K(t)) x P(t), (12)

where X;(t) is the current position of the i agent and K is a Kalman gain, which is defined as
in (11). R is a constant that represents the estimation noise covariance. P(t) is the current
variance associated with the estimation.

The Kalman filter is applied for motion prediction in multiple objects tracking, and
then followed by the Hungarian algorithm to associate each object predicted between
frames [23]. The Hungarian Algorithm is a combined optimization algorithm for task
allocation. When applied to the tracking problem, it becomes the match between the objects
of the previous frame and the next frame. The cost matrix is obtained by combining motion
and appearance metrics in deep SORT. The motion metric calculates the difference between
predicted Kalman states and newly arrived measurements using Mahalanobis distance.
The equation represents the Mahalanobis distance between the j-th detection and the i-th
tracker, shown as follows

dW (i, j) = (dj — ]/i)TSiT(dj —Yi), (13)

where d; is the j-th detection bounding box, and y; is the position predicted by the Kalman
filter for the i-th trajectory. S; is the variance matrix of the current measurement space of
the Kalman filter.
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When the uncertainty of the object movement is high, there will be a lot of unmatched
Mahalanobis distances, thus making the motion metric Invalid. This is because as the
uncertainty of Kalman filter prediction increases, the correlation between states becomes
smaller, and the inverse matrix of covariance matrix becomes larger. Therefore, importing
the appearance metric is to compare the similarity of the image between the frame predicted
by the Kalman filter and the frame obtained by the next frame object detection.

The similarity of the image is to embed the image to 128-dimensions space through
the convolutional neural network and limit the length to one, and then calculate the cosine
distance. The equation represents the distance between the j-th detection and the i-th
tracker, shown as follows

d®(i,j) = min{1 — ;7" € R;}, (14)
Re = {nhL, (15)

where r; and 1 are the appearance descriptor and the trajectory descriptor. Ly is a con-
stant and Ry is the gallery to store the latest trajectory descriptors. Equations (13) and (14)
combine as the complete formula for calculating the correlation metric between the i-th
object monitoring and the j-th object detection, shown as follows

¢ij = AW (i, j) + (1= 1)d? (i, j), (16)

where A is the weight. Considering the continuity of motion, the detection result can be
filtered and the combination of threshold functions can be defined (17).

2
bij =TT bi;™, (17)
m=1

where b;; is the threshold function. Next, the cascade matching is for matching and the
algorithm is listed in Algorithm 1.

Algorithm 1: Matching Cascade.

Input: Track indices T = {1, ... , N}, Detection indices D = {1, ... , M}, Maximum age Amax
: Compute cost matrix C = [Ci,j] using Equation (16)
: Compute gate matrix B = [b; ;] using Equation (17)
: Initialize set of matches M < &

: Initialize set of unmatched detections U < D
forne{l,..., Amax} do

Select tracks by age Ty, <~ {i € T | a; = n}
[x,',]-] <+ min_cost_matching (C, Ty, U)

M+ MnN {(Z,]) | bi,j . X,'/j > 0}

U+ U\{] | Zi bi,j . x,-,]f > 0}

10: end for

11: return M, U

Where T is the object tracking set and D is the object detection set. The C matrix stores
the calculation results of the distance between all object tracking and object detection. The
B matrix stores all the judgments of whether the object tracking is related to the object
detection. After calculation, update M to match successfully set. Remove the successfully
matched object detection j from U, and return two sets of M and U. In the final stage, the
intersection of the unions is used to match unconfirmed and unmatched trajectories.
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2.2. Posture Recognition

OpenPose is a pose estimation algorithm that uses CNN to detect multi-person poses
from a single image. It works via the following two branch nets after the extraction feature
map by using a VGG19-like network structure: one is a confidence maps network (CMN);
and the other is a part affinity fields (PAF) network. The CMN uses a heat map format
to predict key points for each body part, while the PAF uses vector maps to reflect the
probability of interaction between those key points. To improve prediction accuracy, these
two branches are replicated as multiple layers. This system uses OpenPose to detect the
skeleton, as shown in Figure 5.

Left shoulder Right shoulder
Left elbow Right elbow
Left wrist Right wrist

Left hip Right hip
Left knee Right knee
Left ankle Right ankle

Figure 5. Human skeletal position.

The accuracy of traditional posture recognition is not high, and it cannot solve the un-
certainty problem, so this paper uses the method of deep learning. Use OpenPose to obtain
the 17 position coordinates of the human skeleton as the input of the CNN. Three mod-
els based on CNN for training, namely MobileNet, AlexNet and Visual Geometry Group
Network (VGGNet), are applied. These models will be introduced in the following sections.

The first model is MobileNet [24], and its basic unit is the depth separable convolution.
Depth separable convolution is actually a factorized convolution, which can be decom-
posed into two smaller operations: depthwise convolution and pointwise convolution.
Depthwise convolution is different from standard convolution. For standard convolution,
the convolution kernel is used on all input channels, while depthwise convolution uses
different convolution kernels for each input channel. That is to say, one convolution kernel
corresponds to one input channel. The pointwise convolution is actually an ordinary
convolution, but it uses a 1 x 1 convolution kernel.

The two operations and standard convolution are shown in Figure 6. For depthwise
separable convolution, it first uses depthwise convolution to convolve different input
channels separately, and then uses pointwise convolution to combine the above outputs, so
that the overall effect is similar to a standard convolution, but will reduce the calculation
and model parameter quantity. Here is an analysis of the difference between the depthwise
separable convolution and the standard convolution in terms of calculation. The input
feature map size is Dr X Dr x M, and the output feature map size is Dr x Df X N, where
Dr is the width and height of the feature map, which are consistent and the same. Kernel
refers to the number of channels. The standard convolution kernel is Dg x Dkg.
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Figure 6. (a) Standard convolution filters; (b) depthwise convolutional filters; and (c) pointwise

convolutional filters.

The calculation amount of standard convolution, depthwise convolution and point-
wise convolution is as follows

Cs = Dg X Dg X M X N X Df X Dr, (18)
Cd:DKXDKXMXDFXDF, (19)
Cp =M X N X Dp x Dp, (20)

where C;, C; and C,, represent the calculation amount of standard convolution, depthwise
convolution and pointwise convolution, respectively. Therefore, the total calculation
amount of depthwise separable convolution is shown as follows

C4s = Dk x Dg X M x Dp x D+ M x N x Dr x D, (21)

where Cy is the calculation amount of depthwise separable convolution. Depthwise
separable convolution can be compared, and the standard convolution is shown as follows

Co 1,1 )
Cs N Dg?
where the N is relatively large, so if a 3 x 3 convolution kernel is used, the depthwise
separable convolution can reduce the calculation amount by about nine times, compared
with the standard convolution. Therefore, MobileNet can be used to reduce the amount of
calculation and shorten the training time. The MobileNet structure is shown in Figure 7.
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Figure 7. MobileNet structure.

The second model is AlexNet [25], which is an older deep network that was applied
to ImageNet and has much higher accuracy than conventional methods. AlexNet demon-
strates that success under dynamic models causes CNN to gain popularity. Before AlexNet,
most networks used tanh(x) or Sigmoid as the activation feature. The mathematical expres-
sion of the two are as follows

F(x) = tanh(x) = m 23)
fx) = 00 = 1 @Y

where x is the input of the neuron.
However, AlexNet discovered that using the ReLU activation feature in the architecture
could speed up the training speed. The mathematical expression of ReLU is as follows

Flx) = {x, ifx >0 25)

0, otherwise,

where x is the input of the neuron.

The architecture of AlexNet is shown in Figure 8. There are eight layers in the model.
Convolution and max-pooling layers make up the first to fifth layers, while totally linked
layers make up the sixth to eighth layers, shown in Figure 9. Dropout is used to minimize
model overfitting in AlexNet'’s first and second layers. The neuron activation value is
disabled in the current layer with a certain probability in the dropout layer, which is useful
to prevent overfitting. Dropout is also beneficial, as neurons are chosen at random and
interdependence between them is minimized, meaning that essential features that are
independent of each other are extracted [26].
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Figure 8. AlexNet architecture.

Block 8 ‘ Full connected layer ‘
Block 7 ‘ Full connected layer ‘
Block 6 ‘ Full connected layer ‘
Max poolin
Block 5 P £
Convolution
Block 4 ‘ Convolution ‘
Block 3 ‘ Convolution ‘
Max pooling
Block 2 Local Response norm
Convolution
B Max pooling
Block 1 Local Response norm
Convolution

Figure 9. AlexNet model.

To improve the model’s generalization ability, AlexNet suggested a local response
normalization approach to smooth the output effects of the current layer. Let 4y, denote
that the kernel I source output is applied at position (x, i), and then the ReLU nonlinearity
is applied, the output of kernel 7 at that position bix,y is given by the expression as follows

i
ax,y

b, =
/]/ . . ‘[_;/
min(N—1,52 : 2
<k +ay, ( 5 )(agcry) )

‘i=max(0,51)

(26)

where N is the total number of kernels, # is the size of the normalization neighborhood and
«, B, k are hyper-parameters.

The third model is VGGNet [27]. This can be thought of as a more advanced version of
AlexNet. A convolutional layer and a completely wired layer make up the whole network.
The usage of consecutive 3 x 3 convolution kernels to replace the larger convolution kernel
in AlexNet (11 x 11,5 x 5) is an upgrade of VGG16 over AlexNet. Convolution impacts
the receptive field, in addition to the amount of calculation. The former is concerned about
whether it is simple to train and process in real time. The latter is linked to parameter
updates, function map size, model complexity, parameter number and whether enough
features are extracted [28].

Since multiple non-linear layers will increase the depth of the network to ensure a
more robust learning mode, and the expense is comparatively small with fewer calculations,
using stacked small convolution kernels is better than using large convolution kernels
for a given receptive area (the local size of the input picture compared to the output).
Furthermore, it is thought that the size of the receptive field obtained by stacking two 3 x 3
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convolutions is equal to a 5 x 5 convolution, and the size of the receptive field obtained by
stacking three 3 x 3 convolutions is equal to a 7 x 7 convolution. Under the same stride,
the function maps and convolution parameters of different convolution kernel sizes are not
significantly different in terms of the amount of calculation, but the larger the convolution
kernel, the greater the amount of calculation.

The VGG’s key contribution is the use of a tiny convolution kernel (3 x 3) to build
and compare convolutional neural network architectures of different depths. A network of
16-19 layers is sufficient to achieve an acceptable recognition accuracy [29]. VGG16 would
finally have j neurons in the last layer to identify j groups. As a result, the total number
of input values would be j. Convert these j input values to the likelihood of each group
(between 0 and 1), and then use the softmax activation function on the final layer, as shown
in the following;:

e%i

= §K
k=1 ek

where j is the number of categories and Z is the output of the previous layer. The denomi-
nator is used as a regular term, and the expression can be obtained as follows:

yi=0c(Z2); Jorj=1,... K (27)

Yyi=1, (28)

where y is the output layer of the neural network. The structure diagram for VGG16/VGG19
shows 16 layers (including 13 convolutional layers and 3 completely connected layers) and
19 layers (including 16 convolutional layers and 3 fully connected layers). The structure
diagram is shown in Figure 10.

Figure 10. VGG architecture.
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2.3. Behaviour Interprtation

The fuzzy logic is applied to infer the poses detected and recognized as shown in
Figure 11, whether the pose is normal, needs help or is violent behavior.

1
Rule 1 IFE Pose 1 is Punch or Pose 2 is Kick THEN | Behavior is Violent
|

i
Rule2 IF|Pose 1is Wave and Pose 2 is Squat
|

THENEBchaVior is Need Help,

i ]
|
T T
| i
i i
| i
T T
1 I
| I
i )
|
T T T
| I I
i I i
i i |
I I :
: . L Output
T T
| THEN | Behavior is Normal | Behaviour
| i i
T T T
| ] |
i I i
I I |
I i i
i i i
| : i
T .
1
|
i
1

Rule 11 IF:Pose 1 is Stand or Pose 2 is Fall down

Violent, Need Help or Normal

Rule 22 IFE Pose 1 is Fall down and Pose 2 is Kicki THENEBehavior is Violent

@ Input @ Antecedent ® Consequence @ Aggregation (® Output
Fuzzification AND - OR ~ NOT IF-THEN Fuzzification

Figure 11. The fuzzy inference processes.
The rules of inference are shown in Table 1. The strength of the antecedent (IF) is
obtained by applying the fuzzy operator (AND, OR and NOT). The consequence is further

inferred by applying the fuzzy operator IF-THEN (Implication) between the strength of the
antecedent and the output membership function.

Table 1. The rules of fuzzy logic.

IF (Antecedent) THEN (Consequence)
Input; Operation Input, Output
Punch or Kick Violent
Wave and Squat Help
Wave and Fall down Help
Stand or Walk Normal
Punch and Fall down Help
Punch and Squat Violent
Kick and Fall down Help
Kick and Squat Violent
Stand or Wave Normal
Stand or Squat Normal
Stand or Fall down Normal
Fall down and Squat Help
Squat or Stand Normal
Walk and Punch Normal
Stand and Punch Normal
Fall down and Wave Help
Walk or Kick Normal
Squat and Punch Violent
Squat and Walk Normal
Walk or Squat Normal
Fall down or Squat Help
Fall down and Kick Violent

3. Results

The proposed system is tested in an on-shelf and DIY UAV (refer to the Section 5).
Yolov3 framework is applied for the human body detection with a bounding box indicating
position of human body and a number represents the number of people detected, and deep
SORT algorithm is applied for the continuous tracking.

The skeleton of the human body is extracted by OpenPose for the classification of
postures of the human body. The skeleton consists of 17 points on the human body labelled
as follows and illustrated in Figure 12.
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1-right ankle
2-right knee
3-right hip
4-left hip

5-left knee
6-left ankle
7-right wrist
8-right elbow
9-right shoulder
10-left shoulder
11-left elbow
12-left wrist
13-neck
14-right ear
15-right eye
16-left eye
17-left ear

15-Right eye

17-Left ear & 14-Right ear

10-Left shoulder 9-Right shoulder

Figure 12. The result of extracting the human skeletal position.

algorithm is applied to track the human after detection.

y 8-Right elbow

7-Right wrist
' 3-Right hip

2-Right knee

6-Left ankle 2 I-Right ankle

The postures are classified into seven categories as follows and the posture label
number indicated the degree of danger (larger the number, more dangerous). The YOLOv3
object detection framework is adopted to detect the people in the image, and the Deep sort

7-kick
6-punch
5-fall down
4-wave
3-squat
2-walk
1-stand

The training data collected for each posture are listed in Table 2. Each data is an image
contains 17 points as in Figure 12, and each point is composed of position in x-axis and
y-axis. Therefore total 35 values for each data (17 point’s position (x, ) plus the category
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label) fed as the inputs to the neural network model. The output of the neural network
model is the seven classes of postures.

Table 2. Number of data used for training and testing.

Class No. of Training Data No. of Testing Data
Stand 591 253
Walk 543 379
Squat 714 194
Fall down 590 278
Wave 619 273
Punch 690 305
Kick 835 438

The metrics to evaluate model’s predictions are applied using the testing data. Those
common metrics include accuracy, precision, recall, F; score. The precision shows the ratio
of correct prediction of positive over all prediction as positive. The recall shows the ratio of
correct prediction of positive over actual is positive. These evaluation metrics are obtained
from a confusion matrix, as shown in Figure 13. The optimal value for each of those metrics

is listed in Table 3.
Prediction
Positive Negative
Actual
Positive True Positive (TP) | False Negative (FN)
correct incorrect
Negative False Positive (FP) | True Negative (TN)
incorrect correct

Figure 13. Confusion matrix.

TP + TN
Accuracy = TP+ TN - FP + EN’ (29)
.. TP
Precision = TP + FD’ (30)
TP
Recall = ———— 1
T TP ENY (1)
Precision ! + Recall ™' .~ 2 x Precision x Recall
F1=( ) = — , (32)
2 Precision + Recall

Table 3. The optimal values for each evaluation metric of the model.

Class Precision Recall F1-Score
Stand 0.725 0.846 0.781
Walk 0.804 0.858 0.83
Squat 0.611 0.825 0.702
Fall down 0.908 0.654 0.719
Wave 0.697 0.868 0.773
Punch 0.661 0.889 0.758
Kick 0.999 0.511 0.676

The results from the training and testing stage show the model is fitted (good gen-
eralization capability, neither underfitting nor over fitting) as shown in Figure 14. The
confusion matrix of the model is shown in Figure 15.



Processes 2022, 10, 2295 16 of 22

model loss model accuracy
1.6 { — train 101 — train
= test —— test
1.4 091
1.2 4
0.8
1.0
@ § 0.7
8 08 H
8
0.6 0.6
0.4 05
0.2 1
0.4
0.0
0 2 4 6 8 10 12 14 T T T - . - - T
epoch 0 2 4 6 8 10 12 14

epoch

(a) (b)
Figure 14. Performance of model during training and testing stage as: (a) Loss; (b) Accuracy.

Confusion Matrix
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Figure 15. The confusion matrix of the model.

The resultant P-R (Precision-Recall) curve is generated by moving the classification
threshold from high to low as shown in Figure 16. Using only precision and recall corre-
sponding to a certain point (classification threshold) cannot fully measure effectiveness of
model. Only through overall performance of P-R curve, the model can be more comprehen-
sively evaluated

10 "‘—“'\_\_‘ — A
0.8 1 W
0.6 L"/
=
g
&
3
£ Precision-recall ~ stand  (area = 0.99)
04 ~—— Precision-recall walk (area=0.96)
~— Precision-recall squat (area = 0.89)
= Precision-recall fall down (area =0.84)
0.2 1 ——— Precision-recall wave (arca=0.81)
Precision-recall  punch (area = 0.80)
Precision-recall  kick (area = 0.89)
0.0 T T T r
0.0 0.2 0.4 0.6 0.8 1.0

Recall

Figure 16. P-R curve of the model.
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The ROC (Receiver Operating Characteristic) curve plots TPR (True Positive Rate) vs.
FPR (False Positive Rate) under different classification thresholds as shown in Figure 17.
The AUC (Area Under ROC Curve) provides an aggregate measure of performance across
all possible classification thresholds as listed in Table 4. Larger the AUC, classifier is more
likely to rank real positive samples in the front to achieve better classification performance.

FP FP

FPR = N ~ FP+TN’ (33)
TP TP

TPR’?’TPJFFN’ (34)

1.0

=]
)

ROC curve stand (area=0.97)

ROC curve walk (area=0.96)
~— ROC curve squat (area=0.98)
= ROC curve fall_down(area = 0.96)
0.2 1 = ROC curve wave (area=0.88)
ROC curve punch (area=0.83)
ROC curve  kick (area=0.93)

'S
.

True Positive Rate

0.0

0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate

Figure 17. ROC curve of the model.

Table 4. Optimal AUC of the model.

Class AUC
Stand 0.97
Walk 0.96
Squat 0.98
Fall down 0.96
Wave 0.88
Punch 0.83
Kick 0.93

The model is trained offline and deployed to the UAV processor for testing. If the
testing result is not optimal, then the testing data is fed into the training set for offline
training again. The result of posture recognition (seven postures) is shown in Figure 18.

Fuzzy logic process is further applied to interpret those recognized multiple postures
for corresponding behavior (situation) as in Figure 19 (indoor). Three classes of behaviors
as normal in Figure 19a, violent in Figure 19b,c and help needed are shown in in Figure 19d.

Outdoor behavior interpretation is shown as in Figure 20. Three kinds of behaviors as
Normal in Figure 20a, Violent in Figure 20b,c and Need help in Figure 20d.

The results of outdoor posture recognition and tracking upon occlusion are shown as
in Figure 21. The results show the system can continuously recognize and track when there
is partial/full occlusion
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Figure 18. The result of posture recognition. (a) stand; (b) walk; (c) wave; (d) squat; (e) fall down;
(f) punch; and (g) kick.

"WARNING:”soro o) SR C S

]

(d)

Figure 19. Indoor Behavior interpretation from the multiple postures recognized as: (a) Normal

(stand posture); (b) Violent (one is stand and another is punch posture); (c) Violent (one is stand and
another is kick posture); (d) Help needed (one is walk pose and another is fallen down posture).
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Figure 20. Outdoor behavior interpretation from the multiple postures recognized as: (a) Normal
(both persons are walk posture); (b) Violent (one is punch and another is kick posture); (¢) Violent
(one is stand and another is punch posture); (d) Help needed (one is walk pose and another is fallen
down posture).

Figure 21. Outdoor posture recognition and tracking upon occlusion as: (a) Walk before occlusion;
(b) Partial occlusion; (c¢) Full occlusion; (d) Walk out of occlusion.
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4. Discussion Conclusions

UAV¥' situational awareness is important for many applications. In these applications,
one of the critical tasks are to locate and recognize a specific target and respond promptly.
This paper proposes a human posture recognition/tracking and behavior interpretation
system for UAV, which can be used for search, rescue or surveillance tasks.

The skeleton of the human body is extracted by OpenPose and used to for human
posture detection (right ankle, right knee, right hip, left hip, left knee, left ankle, right wrist,
right elbow, right shoulder, left shoulder, left elbow, left wrist, neck, right ear, right eye, left
eye and left ear).

The Yolov3 is adopted for human detection (prior to human posture detection) and
human posture recognition (kick, punch, fall down, wave, squat, walk and stand). The
deep SORT is adopted for human tracking. The fuzzy logic is applied for the behavior
interpretation (normal, violet and help needed) from the recognized postures.

The accuracy of posture recognition achieved results with an accuracy of 95.2% while
maintaining real-time performance. However, the posture is actually a dynamic movement
consisting of sequential static poses, so classification on by single frame is not a good
solution. In the future, the consideration of using recurrent neural network models to
classify postures with dynamic sequential joint data can further improve the performance.

As an important aspect of the deep learning model for human detection, the model in
this paper does not rely on the assumption of the orientation of the bounding box or the
aspect ratio. The deep learning model used for posture recognition does not rely on the
assumption of the orientation of the bounding box or the aspect ratio which outperform
than the traditional approach.

Overall, this paper demonstrated that the system onboard the UAV is a viable and ef-
fective solution for situation-aware tasks which involve the detection/recognition/tracking
of human posture and interpret the behavior. The proposed onboard system of UAV
is compact and efficient which avoid the requirement of a robust network system for
remotely processing.

5. Patents

The patents resulting from the work reported in this manuscript are as follows: “Torque
Generating Device and Multirotor Aerial Vehicle”, Patent No. TW 1749799, Taiwan, Decem-
ber 2021.
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