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ABSTRACT Two novel gesture-based Human-UAV Interaction (HUI) systems are proposed to launch and
control a UAV in real-time utilizing a monocular camera and a ground computer. The first proposal is an
end-to-end static Gesture-Based Interaction (GBI) system based on classifying the interacted user poses
while discarding the gesture interpreting component to boost the system performance up to 99 % with a
speed of 28 fps. On the other hand, the second proposal is a dynamic one that adopts a simple model to
detect three parts (face and two hands) of the interacted person and tracks them for a certain number of
frames till a specific dynamic gesture is recognized. The proposed dynamic method is efficient, decreases the
complexity, and speeds the interaction up to 27 fps comparing with the recent multimodel ones. Its backbone
is a simplified Tiny-You Only Look Once (YOLO) network saves the resources and speeds the detection
process up to 120 fps. Moreover, a comprehensive new gestures dataset was established to facilitate the
learning process and aid the research work. A comparative study is carried out to show the performance and
efficiency of the proposed dynamic HUI system in terms of detection accuracy and speed with the baseline
detector on the human gesture public dataset. Finally, a non-expert volunteer examines the proposed HUIs

by launching and driving a Bebop 2 micro UAV through a set of real flights.

INDEX TERMS Gesture dataset, gesture recognition, human-machine interaction, object tracking.

I. INTRODUCTION

Machines became an essential part of humans’ daily life.
Consequently, interacting and dealing with them pushes
to develop and propose different suitable Human-Machine
Interaction (HMI) systems that can detect the interacted
user’s actions and achieve the desired output in real-time.
Systems that respond to external events in a timely fashion
are defined as the real-time systems [1] in which a correct
output or action is needed alongside time constraint with
a certain degree of flexibility. According to that degree of
flexibility, two categories were defined. The first category is
the soft real-time system in which catastrophic consequences
due to a missed time constraint will not happen. In contrast,
the other category is the hard real-time system in which
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catastrophic consequences will happen due to a missed time
constraint.

Interacting and controlling a flying UAV is a hard real-
time system in which the UAV must respond to the interacted
person in a timely fashion without a degree of flexibility in
a missed time constraint. It must detect the different objec-
tives of the interacted person, recognize, distinguish between
them, and produce its correct action in real-time. Otherwise,
catastrophic consequences (human injury, UAV damage, etc.)
will happen [1]. Consequently, diverse researches have been
proposed to improve the controlling task of the UAV flight
control system [2]-[6]. These researches are mostly divided
into two main groups [7]. In the first group, the received mea-
surements data from the onboard sensors are compared with
the user’s objectives within the onboard computer which pro-
duces suitable commands to control the flying UAV [2]-[4].
In the other group, the commanded flight control system
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adopted a ground computer to generate the control law based
on the comparison between the navigation data transmitted
from the onboard sensors to this ground computer with the
interacted user’s objectives through the data communication
link [5], [6].

Both groups can be equipped with different onboard
sensors (inertial measurement units, rate gyroscope units,
pressure sensors, cameras, etc.). These onboard sensors are
responsible for providing information about the state of the
flying UAV and its surroundings. Nowadays, the camera
became the default onboard UAV sensor, it’s a cheap, passive,
and weightless sensor which can provide great information
about the UAV’s surroundings. As a result, diverse researches
have been built to investigate the benefits of using a camera
sensor in different applications, for instance, UAV target
tracking [8], [9], aerial surveillance [10], [11], UAV path
planning [12], fire observation [13], [14], and HMI [15], [16].
These types of researches used image information for impor-
tant and practical applications in our daily life. However, they
still depend on different sensors alongside the camera sensor
for controlling the UAV.

Building a gesture-based HUI system mainly depends
on accurate visual gesture recognition component [26]
that must correctly detect, recognize, and interpret human
gestures in real-time. Detecting the interacted person’s
gestures is the first and the main component in such
systems. The detecting process is an object detection prob-
lem. Many approaches have been presented to handle this
problem including handcrafted features-based approaches
and deep features-based approaches. Handcrafted features-
based approaches are less complex than deep features-
based approaches. However, they suffer from limited
performance.

Convolutional Neural Network (CNN) is a deep features-
based approach that achieves great performance in detection
and classification tasks [38]-[40]. However, it requires more
resources and heavy computations. Motivated by the massive
number of required resources and the heavy computations
of CNNs, a new dataset comprises ten classes (used in the
learning task of the first proposed HUI system) has been
built we called the “one frame gesture” dataset where each
frame is a gesture class e.g. Up, Forward, etc. and a developed
model of Tiny-YOLOV2 [41] (used in the second proposed
HUI system) has been proposed. This proposed model suc-
ceeded in saving some system resources, increased the deep
neural network efficiency, and achieved almost the same
performance.

Human gestures are categorized into two types; static and
dynamic gestures [27]-[30]. In the static gestures, there is no
change in pose across time for a certain number of frames
which means that every gesture should be stationary for a
certain number of frames [22], [31]. On the dynamic ges-
tures side, different poses are collected across time to form
a gesture, which means that every gesture is a combination
of different poses for a certain number of frames [32], [33].
This type is more complex than the static gestures because
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it’s usually handled by multimodel methods [34]-[36]. Both
static and dynamic gestures are important as natural human
interacting methods that can express uninstrumented (a per-
son who is not being equipped with any hardware to help
in the process of interacting and controlling the machine)
person’s demands. Therefore, two novel gesture-based recog-
nition systems are proposed which can be used for HUI
systems to launch and control a UAV in real-time utilizing
only one RGB camera sensor connected to a ground computer
observing the interacted person’s gestures to launch and con-
trol UAV in real-time while utilizing the onboard camera of
the controlled UAV as a feedback sensor. Moreover, the two
proposed interacting systems are dealing with an uninstru-
mented person.

The first proposed HUI system is a novel end-to-end inter-
acting system based on static gesture recognition through
classifying the interacted user poses and it abandoned the
gesture interpreting component (this is the first HMI system
that abandoned the gesture interpreting component) from the
system which leads to highly efficient and accepted inter-
action performance, thus we called “static end-to-end HUI
system”.

The second proposed HUI system is a novel interact-
ing system that can handle dynamic gesture which is pre-
ferred because it is more natural in human interaction.
It is based on dynamic gesture recognition but without
using the multimodel methods. It adopted a proposed devel-
oped model of tiny-YOLOv2 [41] to detect three parts
(face and two hands) of the interacted person. As a result,
it decreases the complexity, meanwhile improving effi-
ciency and ensures high performance. Moreover, this system
handles dynamic gesture as a tracking problem in which
the three detected parts are tracked using Kalman Filter
(KF) [42] tracker for a certain number of frames till a specific
dynamic gesture is recognized, thus we called “dynamic HUI
system” .

Although the two proposed systems have a great depen-
dency on a recognition model that may fail during the
interaction (we solved this problem by propagating the
default Hovering command when there are no classifica-
tions or no detections) and the distance of the WIFI data
communication link that limits the range between the ground
control computer and the interacted machine, they have six
advantages over existing approaches: (1) They can be easily
modified to interact with a massive number of applications
rather than UAVs. (2) They depend on low-cost equipment
and a reasonable amount of system resources; however, they
achieved promising results in GBI methods. (3) They can con-
trol from another place as long as there is a communication
link between the GBI ground computer and the interacted
machine. (4) The interacted person does not need any special
instruments to control the interacted machine. (5) The static
HUI system is an end-to-end system that does not depend
on the gesture interpreting component. (6) The dynamic HUI
system handles dynamic gestures without using multimodel
methods or special sensors.
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The contributions of this paper are summarized as follows:

o Developing an effective model of Tiny-YOLOV2 that
can achieve the same performance and save resources
with more efficiency.

o Designing and implementing a robust and simple novel
static end-to-end HUI system that abandons the gesture
interpreting component from the system. This is the
first HMI system that abandons the gesture interpreting
component.

« Building a new dataset comprises ten classes represent
ten gestures to help in the learning task of the proposed
static end-to-end HUI system.

o Designing and implementing a robust and simple novel
dynamic HUI system that can handle dynamic gesture
which is preferred because it is more natural in human
interaction without using the multimodel methods.

o Increasing the dynamic gesture recognition efficiency
and performance by incorporating the KF tracker pro-
viding a reduction of both detected frames and miss
detected objects.

The structure of this paper is outlined as follows: the
related work is presented in Section II. The proposed dataset
is designed in Section III. Section IV and V describe the
proposed static end-to-end HUI system and the proposed
dynamic HUI system respectively. The performance and
efficiency of the proposed approaches are demonstrated in
Section VI. Finally, Section VII states the conclusions.

Il. RELATED WORK
Recently, significant HMI methods have been presented

that depend on remote controllers, wearable sensors like
Fly jacket [17], EMG sensor [18], or Hand glove [19].
However, practically these methods suffer from extra diffi-
culties due to the special requirements to interact with the
instrumented person. Therefore, these difficulties encourage
researchers to investigate natural interacting methods like
gestures [20]-[22] and speech recognition [23], [24] to deal
with the uninstrumented person. Although the speech recog-
nition method is a natural interacting method, it is not an
applicable method due to the associated background noise
next to the different accents of different people. As a result,
it requires a compulsory grammar component to facilitate the
complexity of the speech [25]. On the other hand, gesture
has the natural form of communication between people and
it does not require compulsory components, so it’s the most
suitable and intelligent method for HMI systems.

A diverse number of researches has been done to improve
and propose different methods for interacting between
humans’ gestures and machines. Some of these different
interacting methods utilize different sources of informa-
tion to improve the interacting results, for instance, skele-
ton joints or depth, these methods are called multimodel
methods [34], [43], [44]. In [34], Wang et al. used a frequency
modulated continuous wave radar to obtain the hand gesture
row data that facilitated hand gesture recognition task how-
ever their system suffer from dependency on a heavy active
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sensor (radar) whose signal can be jammed by another active
device in comparison with the camera sensor.

Multimodel methods need special sensors to acquire the
additional information. These special sensors maybe the
Microsoft Kinect [33], [45]-[47], Intel Real sense [48]-[51],
or Asus Xlion Pro [52]-[54]. Consequently, depending on
special sensors makes multimodel methods harder to be appli-
cable in all environments, especially with UAVs where the
payload and power consumption are limited.

Recently, with the huge amount of surveillance and dif-
ferent machines’ on-board RGB cameras, different types of
interacting methods have emerged that depend only on image
color information. Some of them used traditional handcrafted
feature-based methods [3], [55], [56]. In [3], Nagi et al
presented an approach based on detecting the interacted
user’s face poses and hands to control a flying UAV. In [55],
Monajjemi et al. presented a Human-UAV Interaction (HUI)
system that can detect and recognize only three dynamic ges-
ture which stimulates a flying UAV to come to the interacted
user and follow him.

In [56], Nagi et al. presented a distributed consensus
protocol that can be used in the controlling process of
Human-Swarm Interaction (HSI). While, the majority used
the deep feature-based methods [22], [35], [36]. In [22],
Zhang et al. presented an approach for moving and con-
trol Automated Guided Vehicle (AGV) with different eight
static gestures based on Mobile Net-SSD CNN [57]. In [35],
an approach to detect and classify dynamic gestures using
more than one three-dimensional CNN was presented.
In [36], Santos et al. presented an approach to classify
dynamic gestures based on two Resnet CNN [37].

All the aforementioned methods depend on using differ-
ent sources of information to improve gesture recognition,
using traditional handcrafted feature-based methods, or using
only the image’s color information alongside increasing the
number of detection and recognition CNNSs. Practically these
methods suffer from extra difficulties because using different
sources of information is not applicable in all environments,
using the traditional handcrafted feature-based methods deals
with a very limited number of distinguished gestures, and
increasing the number of detection and recognition CNNs
is not recommended in hard real-time scenarios because it
requires more resources and heavy computations.

Therefore, two proposed HUI systems have been proposed
that instead of depending on different sources of information,
they only depend on one RGB camera sensor connected to
a ground computer. Moreover, instead of using multimodel
methods to handle dynamic gestures, only one simple pro-
posed CNN model is used.

IlIl. THE PROPOSED DATASET

A. DATASET COLLECTION

A “‘one frame gesture” dataset has been built from 38 videos
taken by 12 volunteers in different environments indoor
(22 videos) and outdoor (16 videos) and comprises ten
classes, in which each frame is a gesture class e.g. Up,
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TABLE 1. The different class labels and some examples from the
proposed dataset.

Label Class Name Some Examples

0 Backward

1 CcCcwW

2 CcwW

3 Down

4 Forward

5 Takeoff / Land
[§ Left

7 Right

8 Up

Forward, etc., each video duration was about 25 s with
1920 x 1080 image’s resolution at 30 fps. Then every
5 frames, one frame from each video was selected. After
removing the similar frames, we got 3861 images. To focus
on the human body gesture in each image, the background of
all images was cropped which produced an image’s resolution
of 420 x 1040 in JPG format.

Images were manually labeled with a code from O to 8 by
some experts. Then these labels were revised by another
team. Table 1 shows class labels, names, and some examples
from the proposed dataset demonstrating each class with
the corresponding human body gesture. Then, ten different
human body gestures were generated by defining ten different
classes. These classes include Backward, CCW (Counter
Clock Wise), CW (Clock Wise), Down, Forward, Takeoff /
Land, Left, Right, Up and the transition frames between
any two successive gestures are represented by the Hovering
class. Fig.1 shows the distribution of each class.

B. DATASET EVALUATION
The proposed dataset was divided into 2058 and 432 images
for training and validation respectively. While the remaining
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FIGURE 1. The distribution of the proposed dataset’s samples reveals its
balance.
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FIGURE 2. The number of images for training, validation, and testing
samples for each class.

1371 images were used for the testing phase. This division
process was performed according to each class distribution to
ensure the overall balance as shown in Fig. 2. In the training
phase, a Deep Learning GPU Training System (DIGITS) was
used which allows a real-time network behavior visualization
through an interactive browser-based interface. This training
system was introduced by Nvidia in 2015 to develop, train,
and visualize different Deep Neural Network (DNN) models.
Fig. 3 shows three classes (Up, Down, and Forward) from
the proposed dataset and the corresponding visualization of
the first three convolutional layers’ feature maps of each
class.

Three deep classification frameworks were used for
the proposed dataset evaluation. These deep classification
frameworks were the Faster R-CNN backbone (RPN) [38],
the VGG-16 [58], and the YOLOv2 backbone (Darknet-19)
[41]. The results after testing these three CNN proves
the effectiveness of our proposed dataset. Where the RPN
achieved 100 % accuracy with 1 mean Average Preci-
sion (mAP), the VGG-16 achieved 98.76 % accuracy with
0.9999 mAP, and the Darknet-19 achieved 99.92 % accuracy
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FIGURE 3. Samples (Up, Down, and Forward) from the proposed dataset’s
classes and the corresponding visualization of the first three
convolutional layers’ feature maps (FM).

with 1 mAP. The testing phase is explained in detail in
Section VL.

IV. THE PROPOSED STATIC END-TO-END HUI SYSTEM
Traditional gesture-based HUI systems mainly consist of two
components: a gesture recognition component and a ges-
ture interpreting component. The first proposed HUI system
is based on abandoning the gesture interpreting component
from the system. Therefore, a novel static end-to-end inter-
acting system has been introduced. It depends only on the
gesture recognition component by classifying the interacted
person’s poses throw a deep CNN after training on the pro-
posed one frame-gesture dataset (Section III). Consequently,
the classification of each frame is used to propagate a com-
mand that will control the flying UAV. Therefore, choosing
this deep CNN is very critical in this proposed system.

As concluded from the experimental results (Section VI-A),
the RPN cannot be utilized for real-time applications because
it classifies frames with 4.08 fps. While the VGG-16 clas-
sifies frames with 26.4 fps and the Darknet-19 classifies
frames with 28.3 fps. Consequently, the last two models can
be utilized in real-time applications.

As to the performance of these two models, the VGG-16
achieved 98.76 % accuracy and mAP = 0.9999, and the
Darknet-19 achieved 99.92 % accuracy and mAP = 1. The
total accuracy and the mAP of the Darknet-19 model are
better than VGG-16. Then the Darknet-19 was utilized in this
proposed system as the deep classification network.

The architecture of this proposed system is shown in Fig. 4.
A camera sensor is connected to a ground computer hav-
ing Intel® Core™ i7-7700HQ CPU @ 2.8 GHz x 8 with
NVIDIA GPU GeForce GTX 1050 Ti which communicates
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with the Bebop 2 UAV (Bebop 2 UAV is designed to digitally
stabilize, rectify the live video stream of its onboard camera
then transmit it at 30 fps) via a wireless communication link.
On this ground computer, there are three nodes: input camera
node, deep classification node, and monitoring camera node.
These three nodes were implemented in the Robot Operating
System (ROS) framework [59], nodes in ROS can communi-
cate with each other by publishing (sending) or subscribing
(receiving) according to the ROS transport protocol. The
monitoring camera node is used only to monitor the received
frames from the UAV. These frames are used as feedback that
will be seen by the user to decide the suitable gesture for
the UAV controlling. The input camera node and the deep
classification node form the gesture recognition component
of this proposed system.

The ground computer’s camera sensor observes the inter-
acted person’s gestures and provides frames at 30 fps to the
ground computer, the input camera node subscribes these
frames and publishes them. Then, the deep classification
node subscribes them frame by frame, classifies each frame
with a class, and uses this class as a posture to publish
the corresponding command that will be transmitted via the
wireless communication link to control the flying UAV. Ten
commands are corresponding to the ten gestures from the
proposed one frame-gesture dataset: Backward, CCW, CW,
Down, Forward, Takeoff / Land, Left, Right, Up, and the
default Hovering. Fig. 5 shows some frames from the pro-
posed dataset with the corresponding controlling commands
where each human body gesture indicates a different control
command.

The Takeoff command will be propagated only if the
gesture recognition component recognizes a certain gesture
sequence from two successive frames. This sequence must be
the Down class followed by the Takeoff class (e.g., see Fig. 6)
to inform the proposed system that the user attends to start the
interaction and overcome the False Positives (FP) problem.

Four rules were defined to ensure the robustness of this
proposed system, which are:

1) The confidence score of accepted classification should

be more than 90 %.

2) The commands must follow a specific order, which
means that the controlling commands or the Landing
command can be propagated only after the Takeoff
command.

3) The last command is the propagated command until
recognizing another valid one.

4) The default Hovering command will be propagated
if there are no valid classifications or more than one
classification.

During the interaction, the flying UAV sends frames (we use
these frames as feedback) at 30 fps from its onboard camera
via the wireless communication link to the ground com-
puter. The monitoring camera node subscribes these frames
and publishes them on the ground computer screen. Conse-
quently, the user sees them and decides a suitable gesture to
control the UAV.
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FIGURE 5. Some frames from our proposed dataset with the
corresponding controlling commands.

V. THE PROPOSED DYNAMIC HUI SYSTEM

A. OVERVIEW

Traditional dynamic gesture-based HUI systems are usually
based on using the multimodel methods, or dealing with the
instrumented person as illustrated in Section II. Practically
these methods suffer from extra difficulties and not appli-
cable in all environments. Therefore, the second proposed
HUI system is based on a simple proposed object detection
model. This proposed system can handle the dynamic gesture
by detecting three parts (face and two hands) of the inter-
acted person using our simple proposed developed model of
Tiny-YOLOV2 [41]. Then tracking these detected parts using
the simple KF [42] tracker for a certain number of frames till
a specific dynamic gesture is recognized. Therefore, a novel
dynamic interacting system has been introduced that can deal
with the uninstrumented person without using the multimodel
methods.
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FIGURE 6. Two successive frames to indicate the start of the interaction.
The left is a sample of Down class while the right is a sample of Takeoff /
Land class.

The architecture of this proposed system is shown in Fig. 7.
Note: The camera sensor and the ground computer in this
proposed system have the same properties as the first pro-
posed static HUI system. Also, all nodes were implemented
in ROS. However, in this proposed system, there are five
ROS nodes: input camera node, deep detection node, tracker
node, interpreter node, and monitoring camera node. The
monitoring camera node is used only to monitor the received
frames from the UAV as illustrated in the first proposed static
HUI system (Section IV). The input camera node, the deep
detection node, the tracker node, and the interpreter node
form the gesture recognition component of this proposed
system.

The ground computer’s camera sensor observes the inter-
acted person’s gestures and provides frames at 30 fps to the
ground computer, the input camera node subscribes these
frames and publishes them. Then, the deep detection node
subscribes them frame by frame, detects objects inside each
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FIGURE 7. The proposed dynamic gesture HUI system architecture with bebop 2 drone.
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FIGURE 8. The Tiny-YOLOV2 and the proposed model architectures with the number of reduced parameters.

frame, and check these detections until finding three detec-
tions of one face and two hands to publish them. After
that, the tracker node subscribes these three detections and
publishes three tracks. Then, the interpreter node subscribes
these tracks for every five frames to form a sequence of
postures that represents a dynamic gesture. Consequently,
the interpreter node publishes the corresponding command
that will be transmitted via the wireless communication link
to control the flying UAV.

There are ten commands in this proposed system, eight of
them: Hovering, Fly forward, Fly backward, Fly right, Fly
left, Fly up, Yaw CW, and Yaw CCW are corresponding to
eight dynamic gestures while the Takeoff and the Landing
commands are corresponding to static gestures (gesture from
only one posture) because these two commands have spe-
cial issues which are the Takeoff command is followed by
the default Hovering command and no commands will be
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propagated after the Landing command except the Takeoff
command.

During the interaction, the flying UAV sends frames
(we use these frames as feedback) at 30 fps from its onboard
camera via the wireless communication link to the ground
computer for the same purpose as illustrated in the first static
proposed HUI system (Section IV).

B. DYNAMIC GESTURE DEEP DETECTION NETWORK

To detect objects with high speed, and preserve the detec-
tion accuracy, a developed model of Tiny-YOLOV2 [41]
has been proposed. The proposed model reduced the
number of the required parameters and saved more sys-
tem resources. Fig. 8 shows the Tiny-YOLOvV2 and the
proposed model architectures and indicates the num-
ber of reduced parameters. In Table 2, the comparison
results between the two models demonstrate the resources
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TABLE 2. Comparison results between the Tiny-YOLOv2 and the proposed
model with the resources optimization in terms of the GPU RAM and the
weight file size.

Method GPU Weight file
DRAM size (MB)
(GB)
Tiny-YOLOV2 1.12 64.2
Proposed model 0.853 9.9
TABLE 3. The proposed model architecture.
Layer Filters Size  Stride Input Output
CI 16 3x3 1 416x416x3  416x416x16
MPI 2x2 2 416x416x16  208x208x16
c2 32 3x3 1 208%x208x16  208x208x32
MP2 2x2 2 208x208x32  104x104x32
c3 64 3x3 1 104x104x32  104x104x64
MP3 2x2 2 104x104x64  52x52x64
Cc4 128  3x3 1 52x52x64 52x52x128
MP4 2x2 2 52x52x128  26x26x128
cs 1024  3x3 1 26x26x128  26x26x1024
c6 1024 3x3 1 26%x26x1024  26x26x1024
Cc7 14 Ix1 1 26%x26x1024  26x26x14

optimization in terms of the GPU RAM and the weight file
size.

Tiny-YOLOV2 utilizes nine convolutional layers and six
polling layers for downsampling, it needs 45089 parameters
(see Fig. 8) and requires 1.12 GB of GPU DRAM and a size
of 64.2 MB for weight file (see Table 2). It is fast, but it took
about 11.36 ms for detecting objects in one frame on our
ground computer. Consequently, it took about 56.8 ms for
detecting objects in five frames to form a sequence of pos-
tures that represents a dynamic gesture. Therefore, it reached
a speed of 17.26 fps for dynamic gesture recognition (see
Table 12).

As shown in Fig. 8, the proposed model architecture is
configured as follows: CI, MP1, C2, MP2, C3, MP3, (4,
MP4, C5, C6, C7. Where C stands for the convolutional
layer and MP for the max pooling layer. This model utilizes
only seven convolutional layers and four max pooling layers
for downsampling. The convolutional layers are activated
by Leaky ReLU function. The kernel sizes for the first six
convolutional layers are 3 x 3 with a stride of 1 and is
1 x 1 for the last one (C7). The total number of the feature
maps is 16, 32, 64, 128, 1024, 1024, and 14 for C1, C2, C3,
C4, C5, C6, and C7 respectively as illustrated in Table 3.
Consequently, it needs only 31265 parameters and requires
0.853 GB of GPU DRAM and a size of 9.9 MB for weight
file as mentioned in Table 2.

However, it achieved more efficiency next to preserv-
ing almost the same performance as the Tiny-YOLOV2.
It took about 8.33 ms for detecting objects in one frame.
Consequently, it took about 41.65 ms for detecting objects
in five frames. Therefore, it reached a speed of 23.37 fps
for dynamic gesture recognition. Moreover, by reducing the
polling layers, more spatial information will be preserved
(like face and hand postures) which is essential for this
interacting system. Therefore, the proposed model succeeded
in saving some resources and increasing the deep CNN
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efficiency with achieving the same performance as illustrated
in Table 11 and Table 12.

The human gesture dataset presented by [60] was collected
by taking one frame every 5 frames from 56 videos taken at
30 fps in different environments indoor (18 videos) and out-
door (38 videos). Each video duration was about 30 s. Thus,
it contains 6223 images of human gestures focusing on face
and hand. We used it to train and test the Tiny-YOLOV2 [41]
and the proposed model for detecting certain classes (face
and hand). It was divided into 3733 images for the training
phase where a cross-validation scheme was implicitly carried
out [41] during this phase by utilizing nine classes’ frames for
training while utilizing the rest class’s frames for validation
and keep changing the validation class till utilizing all ten
classes as a validation class and 2490 images for the testing
phase for both models.

According to the testing results demonstrated in Table 11,
the two models almost achieved a similar mAP. However,
the proposed model achieved higher efficiency by increasing
its speed to 120 fps. This speed will aid in dynamic ges-
ture recognition. Therefore, this proposed model was used
in the proposed dynamic HUI system as its deep detection
network to detect human face and hand. These detections are
represented as Bounding Boxes (BB) with labels. Each label
represents a detected object class, and the BB represents a
rectangular around this object with x., y., w, and h. Where x,
and y. are the center values in the horizontal and the vertical
directions respectively, w is the width, and # is the height.

C. DYNAMIC GESTURE TRACKER AND

INTERPRETER NODES

Deep detection node publishes detections of the interacted
person’s face and hands. The tracker node subscribes these
detections, observes them till it finds only one face and two
hands to overcome FP gestures. Then the KF [42] tracker
tracks these detections’ centers (centers of both hands and
face) to estimate their new locations according to the defined
states in (1) and produces tracks for them. Using KF tracker
to track these center points enables the dynamic HUI system
to use tracks’ center points not detections’ center points in the
gesture interpreting component. Consequently, a reduction
in the number of the detector model processed frames is
achieved which increases the system efficiency as illustrated
in (Table 12) in addition to overcome the miss detection
problem produced if the detector fails to detect objects inside
frames while forming the dynamic gestures. Therefore, each
object geometry state will be:

Xg = [u, v, it, V] (D

where (u, v) is the center of the estimated BB.

The interpreter node distinguishes between the two esti-
mated states of both hands of the interacted person by indicat-
ing the hand with smaller u as the right hand (R},) and the other
as the left hand (Ljy,). Then, it collects every estimated center
point from every n (set here to five) frames as a sequence
of postures. These sequences of postures form our three
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dynamic gestures: face dynamic gesture, right-hand dynamic
gesture and left-hand dynamic gesture from (2)

G=Ig g+ - gul’ )

where n is the number of frames to collect the dynamic
gesture, and g; is the gesture estimated center of the i frame
obtained from (3) withi =0,1,...,n— 1.

8i = [ui, vil 3)

After obtaining three dynamic gestures: face dynamic ges-
ture (Gy), right-hand dynamic gesture (Ggp), and left-hand
dynamic gesture (Grj), different commands are produced
according to the dynamic gesture design (explained in detail
in Section V-D). Then the interpreter node publishes these
commands to control the flying UAV by transmitting via the
wireless communication link between the ground computer
and the UAV.

D. DYNAMIC GESTURE DESIGN

From the obtained three dynamic gestures (Gr, Ggy, and
Grh), three difference vectors are calculated. These calcu-
lated vectors indicate the behavior of each dynamic gesture
by calculating the difference between every two successive
frames. These three vectors are: face difference vector (Dy),
right-hand difference vector (Dgy,), and left-hand difference
vector (Dy;) which calculated from (4):

D=1[d; dit dy—2]" 4)

where 7 is the number of frames to form the dynamic gesture,
and d; is the difference between the estimated state’s center
of the i frame and the previous one that was obtained from
(5) withi=0,1,...,n—2and (6).

di = [(uir1 — ui), Viy1 — i) (5)
+ve if (ujr1 —u;) > th

if —th < (uit1—u;)<th (6)

—ve if (ujy1 —u;) < —th

i1 —u; =130

where (u;, v;) is the center of the estimated BB of the i frame
and th is the threshold value which indicates the acceptable
value that defines the stationary object, we adjusted th to a
value of 3.

Therefore, a command is produced according to certain
combinations from those difference calculated vectors. These
combinations indicate dynamic gesture behaviors and can be
obtained from the negative and the positive sign in the values
of the three difference vectors as calculated from (5) and (6).

Four rules were defined to increase the system reliability,
which stated as follows:

1) The interacted person’s face should be stationary,
which means no valid commands will be sent with a
moving face.

2) The commands must follow a specific order, which
means that the controlling commands or the Landing
command can be propagated only after the Takeoff
command.
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3) The last command is the propagated command until
recognizing another valid one.

4) The default Hovering command will be propagated if
there are no detections or more than one face and two
hands.

With the previously mentioned rules, the default com-
mand is the Hovering command that is propagated when the
detected face moves in any direction. The other commands:
Fly forward, Fly backward, Fly right, Fly left, Fly up, Yaw
Clock Wise (CW), and Yaw Counter Clock Wise (CCW) are
propagated only if a stationary face and one or two mov-
ing hands are detected. A certain command from them will
be determined according to the two hands dynamic gesture
behavior.

The commands: Fly forward, Fly right and Yaw CW are
propagated only if the face and the left-hand dynamic gesture
are stationary. If the right-hand dynamic gesture changes only
in the negative vertical direction, the Fly forward command is
propagated, if it changes only in the negative horizontal direc-
tion, the Fly right command is propagated, and if it changes
in both negative horizontal and positive vertical directions,
the Yaw CW command is propagated.

The commands: Fly backward, Fly left, and Yaw CCW are
propagated only if the face and the right-hand dynamic ges-
ture are stationary. If the left-hand dynamic gesture changes
only in the negative vertical direction, the Fly backward
command is propagated, if it changes only in the positive
horizontal direction, the Fly left command is propagated,
and if it changes in both positive horizontal and vertical
directions, the Yaw CCW command is propagated.

The Fly up command is propagated if the face dynamic
gestures are stationary and the two hands dynamic gestures
change at the same time in the negative vertical direction.

Table 4 summarizes the combinations of the three differ-
ence vectors with the movement direction of each gesture and
the corresponding commands where the hand’s movement
speed should be more than 0.25 m/s and less than 0.35 m/s
in the direction of each gesture which allows the interpreter
to form the dynamic gesture and the corresponding command
during interacting. Fig. 9 shows real samples as a detailed
example of the Fly forward command. The frames that indi-
cate the different combinations of the three difference vec-
tors are shown. These combinations generate the controlling
command according to the changes in the dynamic gestures
behaviors. Fig. 10 shows real samples of the frames that
indicate the different combinations of the three difference
vectors of the other controlling commands together in one
figure.

Both Takeoff and Landing commands have a special issue.
The Takeoff command must be followed by the default Hov-
ering command, and there are no commands after the Landing
command except the Takeoff command. Therefore, these two
commands are propagated using only static gesture recogni-
tion, which means that these commands are propagated from
only one posture. To implement these two static commands,
we utilized the formula presented by [60] after we modified
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Frame #i

Frame #i+1

Frame #i+2

Frame #i+3 Frame #i+4 Frame #i+5

FIGURE 9. Real samples of the Fly forward command. A sequence of frames indicates the calculations of the three difference
vectors, dp,;, dg,;, and d,; represent the difference between each vertical component from each BB’ center of the it frame
and the previous one for right-hand dynamic gesture, face dynamic gesture, and left-hand dynamic gesture respectively. It's
clear that the change in the right-hand gesture is in the negative vertical direction as each d,,; value is smaller than the
negative value of th while all d; and dj,; values are bigger than the negative value of th and smaller than the positive value
of th, so the last two are stationary. Note: only the vertical direction is demonstrated on the figure.

TABLE 4. The three dynamic gestures combinations and commands.

TABLE 5. Using the two ratios R; and R, to generate commands.

Face Right-hand dy- Left-hand Movement Command
dynamic namic gesture  dynamic direction
gesture gesture
Changing Do not care Do not care Do not Hovering
in any care
direction
Stationary ~ Changing only Stationary Upward Fly forward
in —ve vertical
direction
Stationary ~ Stationary Changing only Upward Fly
in —ve vertical backward
direction
Stationary ~ Changing only Stationary Rightward Fly right
in —ve hori-
zontal direction
Stationary ~ Stationary Changing only Leftward  Fly left
in +wve hori-
zontal direction
Stationary ~ Changing only Changing only Upward Fly up
in —ve vertical in —ve vertical
direction direction
Stationary ~ Changing Stationary Downward Yaw CW
in —ve with 45
horizontal and degree
+wve  vertical angle to
directions the right
side
Stationary ~ Stationary Changing Downward Yaw CCW
in +ve with 45
horizontal and angle to
+ve  vertical the left
directions side

it to work with our proposed interacting system (see Fig. 11)
where two ratios R; and R, are used to devise commands and

calculated from (7) and (8):

I

Ry = (N
YRh

Ry ==L ®)
YLh

where yr, yrn, and yr; are the detected BB centers in the
vertical component of the face, right hand, and left hand
respectively.

Table 5 summarizes how to use the detected BB centers in
the vertical component to calculate the two ratios: Ry and R»,
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Hands position w.r.t. face position R; Ro Command
The two hands having the same 0.2:0.4 0.2:0.4 Takeoff
value in the vertical direction and
under the face.

The two hands are far and above
the face in the vertical direction.

>2.0 >2.0 Landing

which used to propagate these two commands. The Takeoff
command is propagated if the values of R and R, are between
0.2 and 0.4, which means that the two hands having almost
the same detected BB center’s value in the vertical direction
and under the face. The Landing command is propagated if
the values of Ry and R, are greater than 0.2, which means
that the two hands are far from the face and above.

VI. EXPERIMENTAL RESULTS

This section is organized into three parts: experiments on
classifications, experiments on detections and tracking, and
experiments on real flights. Firstly, the experiments on clas-
sifications investigate the performance after training and
testing three well known CNNs on our proposed one-frame
gesture dataset and the comparison results between the pro-
posed end-to-end static HUI system and the static HUI
system presented by [60]. Secondly, the experiments on
detections and tracking investigate the performance and the
efficiency of the proposed dynamic HUI system, a com-
parison between our proposed developed model and the
Tiny-YOLOV2 model [41] on a public dataset (human gesture
dataset), and the comparison results between the proposed
dynamic HUI system with three recent existing dynamic
approaches. Finally, the experiments on real flights to prove
our proposed HUI system in launching and controlling UAV.

A. EXPERIMENTS ON CLASSIFICATION

As mentioned in Section III-B, we divided the proposed
dataset into 2058 and 432 images for training and valida-
tion respectively, while the remaining 1371 images were
used for testing. The three deep CNNs: Faster R-CNN
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Frame #i Frame #i+1 Frame #i+2 Frame #i+3 Frame #i+4 Frame #i+5

Frame #i+4 Frame #i+5

Frame #i+3

Frame #i Frame #i+1 Frame #i+2

(b)

dlu4 H,
j =
il

Frame #i+3 Frame #+5

Frame #i+2

Frame #i+1 Frame #i+4

dru(} ?4{

Frame #i+2

Frame #i+4 Frame #i+5

Frame #i+1 Frame #i+3

Frame #i

(d)

B
i
i
||dlv4—

| |

Frame #i+1

Frame #i+4

Frame #i+5

Fra.me #i Frame #i+2 Frame #i+3

|
(e)

FIGURE 10. Real samples of the control commands. Note: only the changed directions are demonstrated on the
figures while the stationary is not demonstrated. (a) The Fly backward command. (b) The Fly right command. (c) The Fly
left command. (d) The Yaw CW command. (e) The Yaw CCW command.

195040

VOLUME 8, 2020



M. A. Kassab et al.: Real-Time Human-UAV Interaction

IEEE Access
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FIGURE 11. Real samples for obtaining the two static commands using
ratios R; and R,. (a) Taking off command when the two detected hands
under the face so R; and R, less than 1. (b) Landing command when the
two detected hands above the face so R; and R, more than 1.

TABLE 6. Confusion matrix for RPN on the proposed one frame-gesture
dataset, “Bd” and “Fd” refer to Backward and Forward respectively.

Class Bd CCW CW  Down Fd Land Left Right Up
Bd 1 0 0 0 0 0 0 0 0
CCW 0 1 0 0 0 0 0 0 0
CW 0 0 1 0 0 0 0 0 0
Down 0 0 0 1 0 0 0 0 0
Fd 0 0 0 0 1 0 0 0 0
Land 0 0 0 0 0 1 0 0 0
Left 0 0 0 0 0 0 1 0 0
Right 0 0 0 0 0 0 0 1 0
Up O 0 0 0 0 0 0 0 1

TABLE 7. Confusion matrix for VGG-16 on the proposed one
frame-gesture dataset, “Bd” and “Fd” refer to Backward and Forward
respectively.

Class Bd CCW CW Down Fd Land Left Right Up
Bd  0.99250 0 0 0.0074 0 0 0 0
CCW 0 0.9933 0 0 0 0 0 0 0

CW 0 0 1 0 0 0 0 0 0
Down 0 0 0 1 0 0 0 0 0

Fd 0 0 0 0 0.9594 0 0 0 0
Land 0 0 0 0 0 1 0 0 0

Left 0 0 0 0 0 0 1 0 0
Right 0 0 0 0 0 0 0 1 0

Up O 0 0 0 0 0 0 0 0.9407

backbone (RPN) [38], VGG-16 [58], and YOLOV2 backbone
(Darknet-19) [41] were used for the evaluation. After testing,
the results prove that the proposed dataset is effective.

As to performance, the RPN achieved 100 % accuracy and
mAP = 1 (see Table 6), the VGG-16 achieved 98.76 % accu-
racy and mAP = 0.9999 (see Table 7), and the Darknet-19
achieved 99.92 % accuracy and mAP = 1 (see Table 8).

As to speed, the RPN classifies frames with 4.08 fps,
the VGG-16 classifies frames with 26.4 fps, and the
Darknet-19 classifies frames with 28.3 fps (see Table 9).

The comparison results between the proposed end-to-end
static HUI system and the static HUI system presented
by [60] are demonstrated in Table 10. In which, both system
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TABLE 8. Confusion matrix for Darknet-19 on the proposed one
frame-gesture dataset, “Bd” and “Fd” refer to Backward and Forward
respectively.

Class Bd CCW CW Down Fd Land Left Right Up
Bd 1 0 0 0 0 0 0 0
CCW 0 0.9933 0 0 0 0 0 0 0
Cw 0 0 1 0 0 0 0 0 0
Down 0 0 0 1 0 0 0 0 0
Fd 0 0 0 0 1 0 0 0 0
Land O 0 0 0 0 1 0 0 0
Left 0 0 0 0 0 0 1 0 0
Right 0 0 0 0 0 0 0 1 0
Up O 0 0 0 0 0 0 0 1

performance and speed have been increased up to 99 % and
28 fps respectively.

B. EXPERIMENTS ON DETECTION AND TRACKING

We used the public human gesture dataset [60] to train and test
the Tiny-YOLOvV2 [41] and the proposed developed model
for detecting certain classes (face and hand). We divided
this dataset into 3733 images for the training process and
2490 images for the testing process for both models. The
detection results after testing the two models according to
the standard object detection evaluation protocol PASCAL
VOC [61] are demonstrated in Table 11. The two mod-
els almost achieved a similar mAP. However, the proposed
model achieved higher efficiency by increasing its speed
up to 120 fps. Therefore, we used this proposed developed
Tiny-YOLOV?2 as the deep detection network of the proposed
dynamic HUI system.

Table 12 demonstrates the speed calculations of the
proposed dynamic HUI system. The system achieved a
speed up to 27.52 fps based on our proposed developed
Tiny-YOLOV2 with the KF [42] tracker component and pre-
served almost the same detecting accuracy with mAP =
0.9089. While it achieved a speed of 17.26 fps based on
the Tiny-YOLOV2 [41], and a speed of 23.37 fps based on
our proposed developed Tiny-YOLOvV?2 without using the KF
tracker.

Table 13 illustrates the comparison results between the
proposed dynamic HUI system with three recent existing
dynamic approaches. Multimodel methods were used to han-
dle dynamic gestures in [5], [16]. In [16], Zhang et al. used the
Kinect sensor to utilize depth information with RGB infor-
mation in recognizing only six dynamic gestures of a person
who wears a 3D shutter glass. In [5], Chen et al. used the
key skeleton points with RGB information in recognizing also
six dynamic gestures of a person who wears yellow gloves.
While in [55], Monajjemi et al. used only RGB information
in recognizing the dynamic gestures of an uninstrumented
person but only three dynamic gestures were recognized. The
proposed dynamic HUI system used only RGB information
in recognizing ten dynamic gestures of an uninstrumented
person without utilizing special sensors.

C. EXPERIMENTS ON REAL FLIGHTS
The proposed HUI systems were tested in real interacting
scenarios by non-expert users to launch and control the bebop
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TABLE 9. Comparison results of total accuracy, mAP, and efficiency for RPN, VGG-16, and Darknet-19 on the proposed one frame-gesture dataset, “Bd”,

“Fd", and “Ta" refer to Backward, Forward, and Total accuracy respectively.

Method Bd CCW CwW Down Fd Land Left Right Up Ta mAP Speed
(fps)

RPN 1 1 1 1 1 1 1 1 1 100 % 1 4.083

VGG- 09925 09933 1 1 09594 1 1 1 0.9407 98.76 % 0.9999 26.43

16

Darknet- 1 0.9933 1 1 1 1 1 1 1 99.92% 1 28.39

19

TABLE 10. Comparison results between the proposed end-to-end static HUI and the static HUI system presented by [60], “DL” refer to Deep Learning.

HUI system  Gesture’s Based on Method Detection or Gesture Total time Total Speed (fps)
type classification interpreting  (ms) accuracy
time (ms) time (ms)
Static  HUI Static Detection Tiny- 11.36 36.25 47.61 90 % 21
System [60] with DL YOLOvV2
Proposed Static Classification YOLOvV2 35.21 No interpret- 35.21 99 % 28
Static  HUI with DL ing
System
TABLE 11. Comparison result on human gesture dataset with the speed
on the ground computer.
Method Face Hand mAP  Speed L
(fps) M
Tiny-YOLOvV2 0909 0909 0.909 88 E 12 B
Proposed model 0.9089 0.9086 0.9087 120 % : S
%_ 0.8
s |
u_>: 0.6
0.4
0.2
0

FIGURE 12. The proposed HUI systems being tested with Bebop 2 in
indoor environment.

2 UAV in an environment without GPS (see Fig. 12) as pre-
sented by [47], [62]. We made indoor real flights in a room of
these dimensions 6.5 m x 15 m x 3.5 m. A certain sequence
of gestures was supposed as a test scenario. This sequence
was Takeoff, Fly up, Fly forward, Fly left, Fly backward, Fly
right, Yaw 180° CCW, Yaw 180° CW, and Land.

During the test, we collected the UAV’s navigation data
that were measured by its onboard navigation sensors. These
collected navigation data were used to investigate the UAV’s
trajectory profile and its response to the proposed HUI sys-
tems. Fig. 13 shows the 3D plot of the x, y, and z navigation
data for about 85 s of interacting with a non-expert user who
performed the test scenario sequence.
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FIGURE 13. The 3D plot of the x, y, and z navigation data during a real
flight test with a non-expert user.
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FIGURE 14. lllustration of the UAV attitude during the real flight test. Roll,
Pitch, and Yaw are presented in degrees.
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Fig. 14 shows the attitude of the UAV while performing
the test scenario sequence. Yaw, pitch, and roll angles are
measured by the UAV’s onboard navigation sensors and
transmitted to the ground computer via the wireless com-
munication link. The pitch angle indicates the Fly forward /
Fly backward commands, and the roll angle indicates the Fly
right / Fly left commands.
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TABLE 12. Comparison result demonstrates the performance and speed improvements for the dynamic HUI system.

Method Dynamic ges- Tracking time Dynamic Total mAP Speed (fps)
ture detection (ms) gestures execution
time (ms) interpreting time (ms)
time (ms)
Tiny-YOLOV2 56.8181 No tracking  1.112 57.9301 0.909 17.2621
Proposed model 41.6666 No tracking  1.112 42.7786 0.9087 23.3761
Proposed model + KF  33.3333 1.879 1.112 36.3243 0.9089 27.5297

TABLE 13. Comparison results between the proposed dynamic HUI system with the existing dynamic approaches.

HMI system Interacted  Used data Based on  Number of Instrumented in- Multimodel Special sen- Real-time
machine DL gestures teracted person  method sors system type
HUI System [55] UAV RGB No 3 No No No Hard real-
time system
H-3DTV Interaction TV Depth  and No 6 Yes (3D Shutter Yes Yes Soft real-time
System [16] RGB glass) (Microsoft  system
Kinect)
Intelligent HUI Sys- UAV Skeleton and Yes 6 Yes (Yellow Yes No Hard real-
tem [5] RGB gloves) time system
Proposed Dynamic UAV RGB Yes 10 No No No Hard real-
HUI System time system
At time t = 67 s and 77 s, we can detect the changes in ACKNOWLEDGMENT

the yaw angle which correspond to the two commands of the
Yaw 180° CCW and Yaw 180° CW respectively.

VII. CONCLUSION

Two novel GBI systems have been proposed to launch and
control a UAV in real-time utilizing a monocular camera and
a ground computer. The two proposed GBI systems can be
modified to interact with a massive number of applications
rather than the UAVs. Moreover, the interacted person is
able to interact with the machine from another place as long
as there is a communication link between the GBI ground
computer and the interacted machine. The first proposal is
an end-to-end static GBI system that has the advantage of
discarding the gesture interpreting component to boost the
system performance up to 99 % with a speed of 28 fps. On the
other hand, the second proposal is a dynamic one which is
preferred because it is more natural in human interaction
without using the multimodel methods in dynamic gesture
recognition. It adopts a simple model to detect three parts
(face and two hands) of the interacted person and tracks them
for a certain number of frames until a specific dynamic ges-
ture is recognized. The proposed dynamic method is efficient
next to decreasing the complexity and speeds the interaction
up to 27 fps comparing with the recent multimodel ones.
To propose these two systems, a new dataset and a developed
simple model of the Tiny-YOLOv2 detection framework
have been proposed. The proposed dataset comprises ten
gesture classes that helps the researchers in GBI systems.
The proposed developed model succeeded in saving some
resources and increasing the deep neural network efficiency
with achieving the same performance which can help in
different deep learning approaches and can be utilized to
work on the micro machines onboard computers due to its
simplicity and efficiency.
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