
Received October 26, 2020, accepted October 27, 2020, date of publication November 3, 2020, date of current version November 16, 2020.

Digital Object Identifier 10.1109/ACCESS.2020.3035637

KEBOT: An Artificial Intelligence Based
Comprehensive Analysis System for
FUE Based Hair Transplantation
KORAY ERDOĞAN 1, ONUR ACUN 2,3, AYHAN KÜÇÜKMANİSA 2,3, RAMAZAN DUVAR 3,4,
ALP BAYRAMOĞLU 5, AND OĞUZHAN URHAN 2,3, (Senior Member, IEEE)
1ASMED Hair Transplant Center, 34758 Istanbul, Turkey
2Department of Electronics and Telecommunications Engineering, University of Kocaeli, 41001 Kocaeli, Turkey
3EVSTEK Information Technologies Ltd., 41275 Kocaeli, Turkey
4Aircraft Electrical and Electronics Department, University of Kocaeli, 41001 Kocaeli, Turkey
5Department of Anatomy, School of Medicine, Acıbadem Mehmet Ali Aydınlar University, 34755 Istanbul, Turkey

Corresponding author: Ayhan Küçükmanisa (ayhan.kucukmanisa@kocaeli.edu.tr)

This work was supported in part by the Scientific and Technological Research Council of Turkey (TUBITAK) under Grant 7170660.

ABSTRACT Robots and artificial intelligence technologies have become very important in the health
applications as in many other fields. The proposed system in this work aims to provide detailed analysis
of pre-op and post-op stage of FUE hair transplant procedures to enable surgeon to plan and assess success
of the operations. In order to achieve this target, a robotic and vision-based system imaging and AI based
analysis approach is developed. The proposed system performs analyses in three main stages: initialization,
scanning, and analysis. At the initialization stage, 3Dmodel of the patient’s head generated at first by locating
a depth camera in various positions around the patient by the help of a collaborative robot. At the second
stage, where high resolution image capturing is performed in a loop with the usage of the 3D model,
raw images are processed by a deep learning based object detection algorithm where follicles in pre-
op and extracted follicle positions (i.e. holes) and placed grafts in post-op is detected. At the last stage,
thickness of each hair is computed at the detected hair follicle positions using another deep learning-based
segmentation approach. These data are combined to obtain objective evaluation criteria to generate patient
report. Experimental results show that the developed system can be used successfully in hair transplantation
operations.

INDEX TERMS FUE, hair transplantation, deep learning, artificial intelligence.

I. INTRODUCTION
Androgenetic alopecia (AGA) is the most common type of
hair loss in males. Almost 75 % of males is affected by
AGA during their lives and seek for treatment [1]. Minoxidil
and finasteride are widely used therapeutics for the treat-
ment of hair loss. However, hair transplantation surgery still
remains as the gold standard solution for the management
of AGA. Follicular unit extraction (FUE) is an extensively
used hair transplantation surgery technique. In this tech-
nique Follicular units (FU) are harvested from the donor area
directly through small circular incisions [2]. A successful
FUE surgery depends on many factors including proper con-
sultation, an adequate pre-surgery plan, quality of grafts and
skin. Donor area management and recipient area design are
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the main concerns in planning FUE surgery. Knowing the
mean hair diameter, hair density in each donor area, size of
recipient area and number of grafts required for an acceptable
coverage are essential parameters for achieving the goals of
pre-surgery plan [3]. If these numbers are not taken into con-
sideration, risk of over harvesting donor area increases, and
furthermore unsatisfying coverage of the recipient area might
be the result. CoverageValue (CV) introduced byDr. Erdoğan
is the mathematical formula of the minimum acceptable
coverage of the recipient site in 1cm2. This index is cal-
culated by multiplying hair diameter with number of hairs
located in 1 cm2 [4]. Another determinant of hair transplan-
tation planning is the identification of donor capacity. Donor
capacity is the maximum number of follicular units that can
be extracted without creating a density problem. CV also
plays a crucial role in calculating the maximum donor
capacity.
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Post-operative evaluation of a hair transplanted patients is
also very important. Almost all the patients who have FUE
surgery asks physicians how many grafts are placed, and the
size of punch used in surgery. Up to date hair transplant
surgeons do not have any proper instrument to answer these
questions.

Robots in vision have many different applications
areas [5], [6]. They were first used medically in 1985, can
now be used in many different types of operations such as
laparoscopy, neurosurgery, orthopedic surgery. In [7]–[9],
studies are carried out about the accuracy of the robot which
named Pathfinder used in neurosurgery operations. A robot
system named Renaissance is proposed in [10] for brain
operations such as spinal surgery. Several medical robots
[11]–[13] are proposed to use in orthopedic operations.
In [14]–[16] studies are carried out on the use of robots in
laparoscopy operations.

In recent years, the use of robots has started in the
hair transplantation. The robotic system called Artas, devel-
oped by Restoration Robotics, can perform hair transplanta-
tion [17]. This system includes a 7-axis KUKA robotic arm
and multi-camera based stereoscopic vision system. Studies
are carried out on the performance and accuracy of this
system in [18]–[20]. The system used in Artas aims to per-
form FUE based hair transplantation in a semi-automatic way
without in-depth analysis of whole head.

In recent years, artificial intelligence has achieved out-
standing success in healthcare. There are lots of success-
ful application in many sub-fields in healthcare as disease
diagnosis in radiology field, drug development in medicine,
robotic operation in surgery etc. The increasing of digi-
tal healthcare data and rapid development of new methods
increase the use of AI in healthcare [21].

There are some AI technologies applied to healthcare.
Machine learning is the most basic form of AI. Machine
learning is using algorithms to learn from data andmake deci-
sion or prediction about a specific task. In learning process,
main aim is the fitting a model with defined features of data.
Therefore, the performance of the model is directly propor-
tional to the specified features. Deep learning is a sub-field of
machine learning that mimics human perception inspired by
human neural system as brain and the connection between
neurons. Most deep learning methods use neural network
architecture. These neural network models have many levels
of features or variables that are used to predict outcomes.
Main difference between machine learning and deep learning
is the learning features stage. While the features to be learned
for machine learning should be given explicitly, deep learning
methods determine the most suitable features for the given
data during the training phase [22].

These data can be 1-dimensional as sounds, 2-dimensional
as images and 3-dimensional like videos. The applications
and approaches to be used may differ depending on the data
type. In this work, deep learning-based image processing
approaches have been used since the images taken from the
camera will be processed. In general, deep learning-based

image processing approaches could be divided to recog-
nition, object detection and segmentation. Recognition is
the identifying the object present in images with its class
label. Object detection approaches produces bounding boxes
with its class label to localize objects in images. As a fur-
ther step to object detection, segmentation approaches aim
to generate pixel-wise masks for each object in images.
Unlike object detection, it is possible to obtain shape
information of objects with this technique. The state-of-
the-art object detection methods are based on deep con-
volutional neural networks. RetinaNet [23], M2Det [24],
YOLO v4 [25] and EfficientDet [26] are the most popular
and successful object detectors in this field. For segmen-
tation approaches, SegNet [27], UNet [28], ERFNet [29]
stand out with their success and processing speed in this area.

In this article, an automated vision based FUE based hair
transplantation system is proposed. The main contributions
of this work are as follows:
• The proposed system is the first study that provides
vision based comprehensive analysis ability for FUE
hair transplantation.

• The proposed system is the first system that can cover
whole head with its robotic arm and can capture every
detail in the head with its camera setup.

• The proposed vision-based system is the first system that
aims to detect all follicles in pre-op and all extracted
follicles and all placed grafts in post-op stages of FUE
based hair transplantation.

• The proposed vision-based system is the first system
determines hair thickness in each follicle and CV for
whole head.

• The proposed system uses deep learning-based tech-
niques in this areas first time and achieve a good accu-
racy with thousands of manually labeled data generated
in this work.

The rest parts are structured as follows: In section 2, The
initialization, scanning and analysis stages of the proposed
method are explained in detail, respectively. Then, the results
of the proposed system have been evaluated in Section 3,
Lastly, the conclusion is summarized in Section 4.

II. PROPOSED SYSTEM
The proposed system in this work aims to provide detailed
analysis of pre-op and post-op stage of FUE hair transplant
procedures to enable surgeon to plan and assess success of
the operations. In order to achieve this target, a robotic and
vision-based system imaging and AI based analysis approach
is developed.

Hardware components of the proposed system is depicted
in Fig 1. Active IR Based Depth Camera is used to gen-
erate 3D model of the patient’s head which is utilized to
plan the route of the collaborative robot. The generated 3D
model of the head is used to decide where high resolution
image capturing will be performed. This data is also used
to compute area of drawn region on the head. The Collab-
orative Robot is controlled by the Computation Unit using
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FIGURE 1. Hardware components of KEBOT.

FIGURE 2. KEBOT system photo.

the Robot Control Unit. Optical System and Light Source are
employed to take pictures during scanning process. Operator
Display and Patient Display allow operator and patient to
monitor process. All system components are controlled by
the Computation Unit. In KEBOT, the patient is positioned
in specially designed chair where the head position is fixed.
The imaging system consisting of two cameras and a light
source aims to capture patient’s head. In order to cover whole
head at a very high resolution both cameras are attached
to a collaborative robot by using a custom designed tool.
A photograph of the developed system and close-up view of
the tool is shown in Fig. 2 and Fig 3, respectively.

KEBOT system has two main usage: pre-op and post-op
analysis. At the pre-op analysis stage, main purpose is to find
out total donor capacity of the patient for an optimum opera-
tion plan. In order to obtain this information, it is required to
count all follicles, number of hairs in each follicle, thickness
of hairs and area of donor and recipient regions. Once all
the information is obtained, it becomes possible to make an
optimum operation plan. At the post-op analysis stage, it is

required to obtain how many follicles are extracted from the
donor region and how many of them are planted. If these
data are obtained, it is possible to evaluate the performance of
surgeon since the difference between this numbers reveals the
number of unused or wasted follicles (i.e. total transections).
KEBOT is designed to obtain these important pre-op and
post-op parameters in accurate and automatic fashion.

At the pre-op stage, the developed system is to detect the
hair follicles and calculate the thickness of these hairs in
shaved head. Although it is possible to capture the whole head
area in one shot, it is not likely to determine the hair follicles
and to calculate thickness of hairs when 40-120µm shaft
diameter is considered by making use of modern image sen-
sors and optics. For this reason, the image of the head should
be taken small region by small region to achieve required
optical resolution. Thus, in this work, a 6-axis collaborative
robot arm is used to ensure the movement of optical systems
which consists of a depth and RGB camera and lighting. The
depth camera is utilized to create 3D patient data to plan the
route of collaborative robot and to perform area computations
on the head. The RGB camera to take the 2D images of
patient’s head in a very high resolution so that in pre-op stage
hair follicle can be detected and in post-op stage extracted and
planted follicles can be determined. It is important to note
that a special bi-telecentric lens is used in order to reduce
the perspective effect to ensure accurate determination hair
thickness.

The proposed system performs abovementioned analyses
in three main stages: initialization, scanning, and analysis.
The flowchart of processing stages of the proposed system is
given in Fig. 4. First, at the Initialization Stage the 3D model
generation is carried out at first by locating depth camera in
various positions by the help of the collaborative robot. At the
second, the Scanning Stage, once the 3D model is generated
an operator determines ROI in 3D data and this cropped 3D
data is used to generate the route for high resolution image
capturing. The generated 3D data is also utilized to compute
area of drawn regions in 3D space.
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FIGURE 3. Close-up view of the tool designed to carry optical systems (a) Side view (b) Front view.

FIGURE 4. Flowchart of KEBOT system.

At the last stage, which named with AI based Analysis
System, where high resolution image capturing is performed
in a loop, raw images are processed by a deep learning-
based object detection algorithm where follicles in pre-op

and extracted follicle positions (i.e. holes) and placed grafts
in post-op is detected. These detection results are displayed
to the patient in real-time on patient LCD monitor. Once the
scanning procedure is finalized, stored raw images together
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FIGURE 5. Initialization and scanning processes flowchart.

with object detection results are handled analysis software
where hair thickness is computed at the detected hair follicle
positions using another deep learning-based segmentation
approach. After the hair thickness is obtained, all data are
integrated to obtain objective evaluation metrics to generate
patient report.

A. KEBOT INITIALIZATION AND SCANNING PROCESSES
Collaborative robots generally operate on routes which are
manually taught. However, since shape and size of the
patient’s head differs, the route that the robot will follow
during the 2D image acquisition must be computed specif-
ically for each patient since the distance between the RGB
camera and the captured head region must be within a certain
range. This is mainly because of limited depth of field of
the imaging system. Thus, we generate 3D model of the
patient’s heads by making used of the depth camera at the
initialization stage and the route for the optical system for
scanning procedure is computed according to the 3D model
of each patient. The block diagram of the scanning process
which includes Initialization and Scanning Procedure stages
is given in Fig. 5.

The purpose of the initialization stage is to generate 3D
model of the patient’s head and to determine the areas to be
captured on the head with the help of this 3D data. In the
Scanning Procedure, the inverse kinematic calculations of
the collaborative robot are performed for the positions deter-
mined in the previous stage, and image capture and saving
operations are carried out. The data collected at this stage are
sent to the AI Based Analysis System.

In the first stage of the initialization stage, a 3D model of
the patient’s head is created by moving the depth camera on
a pre-determined fixed route. An example 3D model created
after this operation is given in Fig. 6.

While creating a 3D model by depth cameras, these cam-
eras employ the starting point as the center of the coordinate
space. Therefore, the 3D model created, and the origin of
the robot are different from each other. In the next step,
the coordinate system of the 3Dmodel is transformed consid-
ering the position and orientation information of the robot’s
first position on the fixed route. In the next step, region of
interest (ROI) is determined on the 3Dmodel of the patient by
manually marking certain points with the help of an operator.
With the camera and lens system used, 2.5 cm horizontal
FoV (Field of View) and 2 cm vertical FoV are obtained.
Considering these distances, the points where the camera will
take capture on the 3Dmodel are determined by sub-sampling
(Fig. 7).

In Fig. 7, the red dots represent the center points of the
areas where the camera will take images. Optical systems that
uses bi-telecentric lenses must have a fixed distance to the
area they will capture due to their internal structures in order
to avoid blurry (out of focus) images. The optical system
used in this work must be 10 cm away from the object to
obtain in-focus images. Our optical system needs to located
perpendicular to area to be captured to eliminate possible
blurry images and perspective effects.

Thus, orientation of the area (2.5cm × 2cm) of the head
that will be captured has be known. In order to calculate the
orientation, the triangles that make up the 3Dmodel are used.
Using this distance, orientation and the points calculated in
the previous step, the positions of the robot to capture images
are computed (see Fig. 8). Using these positions and orien-
tation values, robot joint angles are computed with inverse
kinematic and sent to the robot controller. After the robot
updates its position, the light source is turned on, the image
is captured and stored.

B. AREA MEASUREMENT
One of the information that need to be used for the CV
calculation is the area measurements of the regions where
hair follicles extraction and plantation will be performed.
Areas such as occipital, parietal, frontal etc. are marked by
the doctor using a whiteboard marker before the operation.
An example is given in Fig. 9.

In order to calculate the CV, the regions marked by the
doctor are marked manually on the colored 3D model with
a software module developed in this work. In the next step,
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FIGURE 6. Examples of 3D model.

FIGURE 7. Visualization of the center point of areas where the camera will capture.

the area of these marked surfaces calculated by the sum of the
areas of the triangles that make up the three-dimensional sur-
faces. Example screenshots of the GUI showing this process
are given in Fig. 10.

C. AI BASED ANALYSIS SYSTEM
The proposed deep learning-based hair analysis system con-
sist of three main stages: deep learning-based object detec-
tion, deep learning-based hair thickness calculation and met-
rical analysis. Results of first two stages are combined at the
last stage. As explained before, KEBOT system can perform
pre-op and post-op analysis using AI based algorithms.

1) DEEP LEARNING BASED OBJECT DETECTION APPROACH
In the developed KEBOT system, detection and counting hair
follicles and post-operative placed graft and scar traces are
considered as an object detection problem. In order to solve

this object detection problem, a deep learning-based approach
is used.

The KEBOT system collects images in 18 Mpixel reso-
lution from patients during scanning for training and test.
Thousands of pre-op and post-op images are collected from
real patients and these aremanually labeled by the nurses who
work and expert in hair transplantation. The labeled examples
are shown in Fig. 11. There are approximately 250 to 450 fol-
licle or extraction trace samples to be detected in every single
image. There are 7 classes in pre-op images and 2 classes
in post-op images. In pre-op these are the numbers between
1 to 7 and corresponds to the number of hairs in that hair
follicle and in post-op these 2 classes correspond to placed
graft and scar traces.

RetinaNet [23] M2Det [24], YOLO V4 [25] and Efficient-
Det [26] are recently proposed state of the art deep learning-
based object detectors. Their performance is reported inmany
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FIGURE 8. Visualization of the robot points to capture images.

FIGURE 9. Manual area marking process in pre-op stage.

FIGURE 10. Area computation module.
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FIGURE 11. Labeled examples of Pre-Op and Post-op images. (a) Pre-op
(b) Post-op: Extracted (c) Post-op: Planted.

different applications. These methods are able to provide
a good balance between processing speed and accuracy.
Among these methods RetinaNet is preferred for the pro-
posed system.

RetinaNet, a deep learning-based object detection network
with ResNet-101 backbone is used to detect follicles and
transplanted graft and scar traces. RetinaNet network archi-
tecture is shown in Figure 12. Two different networks have
been trained for post-op and pre-op detections. Both networks
used the pretrained weights of ImageNet for ResNet-
101 backbone at start and uses Focal Loss as a loss func-
tion. Since the 18Mpixel resolution images are large for
the input of the object detection networks, the input images
are resized to 1000 × 1333. The output class numbers are
set to 7 in pre-op training and set to 2 in post-op train-
ing. Networks hyperparameters and anchor sizes are updated
due to small size the follicles and transplanted graft and
scar traces. Training and test images are resized as they are
large for network and virtually augmented using horizontal
flip.

2) DEEP LEARNING BASED HAIR THICKNESS
CALCULATION APPROACH
In the KEBOT system, hair thickness calculation approach
has two steps as deep learning-based segmentation and novel
thickness computation method. First, the deep segmenta-
tion approach is used to separate hairs from background to
measure the hair thickness. Labeled pre-op object detection
images are used to create a segmentation dataset. Every box
that labeled in object detection dataset are cut from the whole
image and label-wise annotated manually by the nurses.
Pixel-wise segmented samples are shown in Figure 13. The
segmentation dataset contains 2 classes. Segmented hair area
pixels are labeled as hair and remaining pixels are labeled as
background.

SegNet [27], UNet [28], ERFNet [29] are recently pro-
posed state of the art deep learning-based segmentation meth-
ods. When evaluated in terms of performance and processing
speed, SegNet stands out among these methods and is used
in this work. SegNet a deep convolutional encoder-decoder
network is used to segment the given hair samples. SegNet
architecture is shown in Fig. 14. The hyperparameters of the
network have been updated and the input image size of the
network have been set to be 120 × 120 pixels due to small
size of the input images. The network uses the ImageNet
pretrained weights for VGG16 backbone. Training and test
images are resized according to the input dimensions of the
network.

After segmentation step, in order to compute the hair thick-
ness in real-work dimensions (i.e. in micrometer scale), the
pixel thickness of the hair strand should be computed from
segmented images. A novel algorithm has been developed
for hair thickness analysis for this purpose. Only single hair
strands are used in computation to prevents possible errors
originating from the occluded hairs in a follicle.

In the first step of this procedure, the segmented image
is converted to a binary image. The pixels that cover the
hair strand take the value ‘‘1’’, and the others take the
value ‘‘0’’.

Then, distance transform [30] is applied to the binary
image and the pixel distance values of each pixel in the image
are obtained. In the image obtained after the distance trans-
form, each line in the image is examined with a certain step
interval. Themaximum distance values in the relevant line are
obtained. Using the median of the obtained values, very large
and very small values that may be erroneous are eliminated
and the thickness is obtained by calculating the mean of the
remaining values. Since this value is in pixels, it is multiplied
with a pixel to micron conversation value namedwith Camera
Pixel Physical Resolution (CPPR). This conversation value is
calculated using FoV and resolution information of camera
and lens system. The sample workflow of the algorithm is
shown in Fig. 15. Fig. 15(b) shows segmented binary image
and Fig. 15(c) shows distance transformed image with exam-
ination lines. This process is repeated for each single hair
follicle and the hair thickness of the patient are calculated.
A thickness histogram is created for each area (Left-Right
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FIGURE 12. RetinaNet network architecture.

FIGURE 13. Pixel-wise segmented hair follicles (a) Original image
(b) Segmented image.

Temporal, Left-Right Parietal and Occipital) using the thick-
ness values of each calculated hair follicle and the values
that could be erroneous in the lower and upper parts of the
histogram are eliminated.

3) INTEGRATION AND METRIC COMPUTATIONS
Detected hair follicles, calculated hair thickness, and mea-
sured area size are integrated and used in performance calcu-
lation at the last stage. For performance calculation FU/cm2,
Diameter size (hair thickness) and Calculated Density is used
in KEBOT system. FU/cm2 is total follicular unit in a 1 cm2

area. Diameter size is average hair thickness of the patient.
Calculated Density is average hairs in one follicle. Using
these 3 metrics, the CV, which is a general performance

evaluation criterion, is computed using the equation given
in (1).

CV =
FU
cm2
× Calc.Dens.× Diameter (1)

CV provides information as quality of the donor area,
required grafts count for minimal coverage in a certain area
and total donor capacity for a patient. Since this information
are important, CV should be calculated correctly.

First FU/cm2 is calculated using area computation
(Section 2.2) and total detected follicles in this area
(Section 2.3.1). Area sizes are determined using the drawn
area by the operator on 3D model (see Fig. 10) which is the
areas drawn by the doctor using a board marker. These areas
are left-right temporal, left-right parietal and occipital. Then,
detected follicles in these areas are determined and divided
to the corresponding area size. As a result of this operation
FU/cm2 is computed for each area separately.
Secondly, Calculated Density is computed from same fol-

licles used in the first step. Total hair count in these follicles
are divided to follicle count to obtain this metric. At last,
Diameter value is obtained from hair thickness calculated
on the hairs in the selected area. These hair thicknesses are
calculated as described in Section 2.3.2. In this step, only the
value belonging to the selected area is used. Finally, all these
three computed parameters are used in CV computation for
each area that is being analyzed. At the end of this processing
pipeline, a report for each patient is generated. An example
report is shown in Fig 16.

III. EXPERIMENTAL RESULTS
A. DATASET GENERATION
The images used for object detection and segmentation algo-
rithms are created using real patient’s data scanned by the
KEBOT system. KEBOT system captures hundreds of high-
resolution images from each patient during pre-op and post-
op scanning. Each image of the patients is examined, and
a few appropriate images are selected for the training of
the object detection algorithm by considering diversity of
samples. Selected images are marked manually by the nurses
using a custom designed object detection labeling program.
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FIGURE 14. SegNet network architecture.

FIGURE 15. Hair thickness algorithm workflow (a) Original image (b) Segmentation result (c) Distance transformed image.

GUI of the custom designed object detection labeling pro-
gram is shown in Fig. 17. Nurses annotate the hair follicles
for pre-op and the areas where transplantation and extraction
are carried out for post-op using the labeling program. The
labeling program saves the coordinates and class label of the
marked objects in each image to a log file.

The hair follicles in the pre-op images labeled for the object
detection dataset are cut from the images and saved. These
saved images are examined, and appropriate samples are
selected for the segmentation algorithm. All selected samples
are manually segmented as hair and other non-segmented
parts automatically segmented as background by the nurses
using a custom designed labeling tool. Sample images from
segmentation labeling process are shown in Fig. 18. The
labeling tool saves the segmented data as a new image which
has a class label in every segmented pixel.

The total number of images are used for object detection
and segmentation in the KEBOT system is given in Table 1.
Detailed number of hairs in hair follicles and extracted and
planted places numbers, which means class labels, are given
in Table 2 and Table 3 for Pre-op and Post-op dataset, respec-
tively.

B. TRAINING
Object detection and segmentation algorithms that used for
analysis in KEBOT system have been trained offline on a

TABLE 1. Dataset specifications.

TABLE 2. Pre-op detailed dataset specifications.

TABLE 3. Pre-op detailed dataset specifications.

workstation. Since the images used for object detection are
in 1000×1333 pixel resolution and there are many objects to
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FIGURE 16. An example patient report.

VOLUME 8, 2020 200471



K. Erdoğan et al.: KEBOT: An Artificial Intelligence Based Comprehensive Analysis System for FUE Based Hair Transplantation

FIGURE 17. Custom labeling program.

FIGURE 18. Segmentation annotation of hair samples.

be detected and segmented in one image, a powerful system
is needed for training. The workstation used in training and

test has 3.3GHz 10 Core intel Core i9-7900X Processor,
Titan XP Graphics Card and 64 GB RAM. Since the number
of images in the data sets increased over time, many train-
ings are performed in different number of training samples.
In the first few training processes, parameters of deep net-
works have been optimized to give targeted object detection
and segmentation results. As the number of images and the
variety of data increased, new trainings are carried out and
it is aimed to increase the performance of the algorithms.
The best pre-op and post-op training loss curves are given
in Fig.19.

RetinaNet object detection network is trained 200 epochs
both for pre-op and post-op and learning rate is initialized
1 × 10.3, which is the divided by 10 at 160 and again at
190 epochs. Both networks trained with batch size 2. SegNet
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FIGURE 19. Loss curves of object detection training (a) Pre-op training (b) Post-op training.

segmentation network are trained 200 epoch and learning
rate is initialized 1 × 10.3 and with a batch size of 8. The
network is trained using stochastic gradient descent (SGD)
optimizer.

C. TEST
A total of 200 images, 100 from 19 random pre-op patients
(from each area, Left Temporal, Left Parietal, Occipital, Right
Parietal, Right Temporal), and 100 from 24 post-op patients
(extraction and placed areas) are randomly selected to create
the test set. Each image is labeled manually by nurses for
generation of the ground truth. Each image is given as an
input to the networks and the results are compared against
the ground truths. Pre-op results are analyzed with 3 metrics
(Follicles Unit, Calculated Density and Total Hair Count)
in a manner of patient and region. The obtained results are
given in Table 4 and Table 5. Post-op results are calcu-
lated based on the number of placed and extracted detec-
tions and performance evaluation is given in Table 6. When
Table 4 is examined in detail, it is seen that FUs can be
detected almost without any problems. However, as can be
seen from the maximum difference in CD value in this table,
the classes of the detected FUs can be miss classified with
a high rate of error in some patients. The main reason for
this is that the patient generally moves excessively during
scanning which results in blur effect in captured images.
Table 5 shows that the proposed system can achieve suc-
cessful results regardless of the head structure and region.
In the results of Table 6, EG and PG are below 5% which
means that the patient can be analyzed at a neglectable error
level.

For the training process of the proposed segmentation
approach, 1000 test images annotatedmanually by the nurses.
After the segmentation performance reaches a certain level,
real patient tests are started. CPPR parameter is 5.12 for the
current KEBOT setup. In the process of determining the real
hair thickness of the patients with segmentation algorithm,

FIGURE 20. Visualization of electron microscope measurement of hair
samples.

a total of 270 hair strands from three patients are collected
from the lower, upper and middle parts of the occipital,
parietal and temporal regions. The actual thickness values off
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TABLE 4. Patient based performance evaluation of pre-op detection.

TABLE 5. Region based performance evaluation of pre-op detection.

TABLE 6. Patient based performance evaluation of post-op detection.
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TABLE 7. Performance evaluation of segmentation approach.

all these 270 hair strands have been obtained using a scanning
electron microscope (SEM). Example measurement of hair
samples are shown in Fig. 20. Then, these three patients
are scanned by the KEBOT system and the thickness values
obtained as a result of the scanning are compared with the
thickness values are found by SEM. Performance evaluation
of segmentation approach is given in Table 7. In Table 7, SEM
column considered as ground truth and difference values are
computed using this value. As seen from table, maximum
difference percentage is lower than 5% and, this is considered
an acceptable difference that will not change the patient’s
assessment.

IV. CONCLUSION
In this article, a method and system for comprehensive anal-
ysis for FUE based hair transplantation are proposed. The
proposed system consists of a 6-axis collaborative robot
arm, one depth and one RGB camera, lighting source and
a processing unit. The images captured by the RGB camera
is processed by deep learning-based algorithms in order to
detect follicles count, extracted count and placed counts, and
determine hair thickness. Then all obtained information are
used to compute CV to enable doctor to plan the operation.
The post-op analysis provided by the proposed systems make
the assessment of the operation possible. Extensive exper-
iments and test reveal that the proposed system is able to
provide valuable information regarding to FUE based hair
transplantation operations.

REFERENCES
[1] B. Cohen, ‘‘The cross-section trichometer: A new device for measuring

hair quantity, hair loss, and hair growth,’’ Dermatologic Surg., vol. 34,
no. 7, pp. 900–911, Jul. 2008.

[2] R. S. Haber and D. B. Stough, Eds., Hair Transplantation. Philadelphia,
PA, USA: Elsevier, 2006.

[3] S. Yun, S. J. Park, and Y. Na, ‘‘Hair diameter variation in different vertical
regions of the occipital safe donor area,’’ Arch. Plastic Surg., vol. 44,
pp. 332–336, Jul. 2018.

[4] D. Pathomvanich and K. Imagawa, Practical Aspects of Hair Transplanta-
tion in Asians. Tokyo, Japan: Springer, 2018.

[5] Y. Tang, M. Chen, C. Wang, L. Luo, J. Li, G. Lian, and X. Zou,
‘‘Recognition and localization methods for vision-based fruit pick-
ing robots: A review,’’ Frontiers Plant Sci., vol. 11, May 2020, doi:
10.3389/fpls.2020.00510.

[6] J. Li, Y. Tang, X. Zou, G. Lin, and H. Wang, ‘‘Detection of
fruit-bearing branches and localization of litchi clusters for vision-
based harvesting robots,’’ IEEE Access, vol. 8, pp. 117746–117758,
2020.

[7] P. Morgan, T. Carter, S. Davis, A. Sepehri, J. Punt, P. Byrne, A. Moody,
and P. Finlay, ‘‘The application accuracy of the pathfinder neurosurgical
robot,’’ in Proc. Int. Congr. Ser., vol. 1256. Amsterdam, The Netherlands:
Elsevier, 2003, pp. 561–567.

[8] G. Deacon, A. Harwood, J. Holdback, D. Maiwand, M. Pearce, I. Reid,
M. Street, and J. Taylor, ‘‘The pathfinder image-guided surgical robot,’’
Proc. Inst. Mech. Eng., H, J. Eng. Med., vol. 224, no. 5, pp. 691–713,
May 2010.

[9] J. Brodie and S. Eljamel, ‘‘Evaluation of a neurosurgical robotic system
to make accurate burr holes,’’ Int. J. Med. Robot. Comput. Assist. Surg.,
vol. 7, no. 1, pp. 101–106, Mar. 2011.

[10] L. Joskowicz, R. Shamir, Z. Israel, Y. Shoshan, and M. Shoham, ‘‘Renais-
sance robotic system for keyhole cranial neurosurgery: In-vitro accuracy
study,’’ in Proc. Simposio Mexicano en Ciruga Asistida por Computadora
y Procesamiento de Imgenes Mdicas (MexCAS), 2011, pp. 2–4.

[11] P. Kazanzides, J. Zuhars, B. Mittelstadt, and R. H. Taylor, ‘‘Force sensing
and control for a surgical robot,’’ in Proc. IEEE Int. Conf. Robot. Autom.,
May 1992, pp. 612–617.

[12] A. D. Pearle, D. Kendoff, V. Stueber, V. Musahl, and J. A. Repicci,
‘‘Perioperative management of unicompartmental knee arthroplasty using
the MAKO robotic arm system (MAKOplasty),’’ Amer. J. Orthopedics,
vol. 38, no. 2, pp. 16–19, 2009.

[13] C. Plaskos, P. Cinquin, S. Lavallée, and A. J. Hodgson, ‘‘Praxiteles:
A miniature bone-mounted robot for minimal access total knee arthro-
plasty,’’ Int. J. Med. Robot. Comput. Assist. Surg., vol. 1, no. 4, pp. 67–79,
Dec. 2005.

[14] G. H. Ballantyne, ‘‘Robotic surgery, telerobotic surgery, telepresence, and
telementoring: Review of early clinical results,’’ Surgical EndoscopyOther
Interventional Techn., vol. 16, no. 10, pp. 1389–1402, 2002.

[15] P. Mozer, J. Troccaz, and D. Stoinaovici, ‘‘Robotics in urology: Past,
present, and future,’’ in Atlas of Robotic Urologic Surgery (Current Clin-
ical Urology), L. Su, Ed., New York, NY, USA: Springer, 2011, ch. 1,
pp. 3–13.

[16] M. Stark, T. Benhidjeb, S. Gidaro, and E. R. Morales, ‘‘The future of
telesurgery: A universal system with haptic sensation,’’ J. Turkish German
Gynecological Assoc., vol. 2012, no. 1, pp. 74–76, Mar. 2012.

[17] ARTAS Robotic Hair Restoration Treatments. Accessed: Sep. 1, 2020.
[Online]. Available: https://www.venustreatments.com/en-gl/artas.htm/

[18] R. M. Bernstein, ‘‘Robotic hair transplants,’’ Link Voice Amer. Hair Loss
Council, vol. 5, no. 1, pp. 6–7, 2013.

[19] J. A. Harris, ‘‘Robotic-assisted follicular unit extraction for hair restora-
tion: Case report,’’ Cosmet Dermatologic, vol. 25, no. 6, pp. 284–287,
2012.

[20] M. Rashid, ‘‘Follicular unit extraction with the Artas robotic hair transplant
system system: An evaluation of FUE yield,’’ Dermatologic Online J.,
vol. 20, no. 4, pp. 1–4, 2014.

[21] F. Jiang, Y. Jiang, H. Zhi, Y. Dong, H. Li, S. Ma, Y. Wang, Q. Dong,
H. Shen, and Y. Wang, ‘‘Artificial intelligence in healthcare: Past, present
and future,’’ Stroke Vascular Neurol., vol. 2, no. 4, pp. 230–243, 2017, doi:
10.1136/svn-2017-000101.

[22] T. Davenport and R. Kalakota, ‘‘The potential for artificial intelligence in
healthcare,’’ Future Healthcare J., vol. 6, no. 2, pp. 94–98, Jun. 2019.

[23] T.-Y. Lin, P. Goyal, R. Girshick, K. He, and P. Dollar, ‘‘Focal loss for dense
object detection,’’ IEEE Trans. Pattern Anal. Mach. Intell., vol. 42, no. 2,
pp. 318–327, Feb. 2020.

[24] Q. Zhao, T. Sheng, Y. Wang, ‘‘M2Det: A single-shot object detector based
on multi-level feature pyramid network,’’ in Proc. AAAI Conf. Artif. Intell.,
Jul. 2019, pp. 9259–9266.

[25] A. Bochkovskiy, C.-Y. Wang, and H.-Y. M. Liao, ‘‘YOLOv4: Opti-
mal speed and accuracy of object detection,’’ 2020, arXiv:2004.10934.
[Online]. Available: http://arxiv.org/abs/2004.10934

[26] M. Tan, R. Pang, and Q. V. Le, ‘‘EfficientDet: Scalable and effi-
cient object detection,’’ 2019, arXiv:1911.09070. [Online]. Available:
http://arxiv.org/abs/1911.09070

[27] V. Badrinarayanan, A. Kendall, and R. Cipolla, ‘‘SegNet: A deep con-
volutional encoder-decoder architecture for image segmentation,’’ IEEE
Trans. Pattern Anal. Mach. Intell., vol. 39, no. 12, pp. 2481–2495,
Dec. 2017.

[28] O. Ronneberger, P. Fischer, and T. Brox, ‘‘U-Net: Convolutional networks
for biomedical image segmentation,’’ in Medical Image Computing and
Computer-Assisted Intervention—MICCAI. Munich, Germany: Springer,
2015, pp. 234–241.

[29] E. Romera, J. M. Álvarez, L. M. Bergasa, and R. Arroyo, ‘‘ERFNet: Effi-
cient residual factorized ConvNet for real-time semantic segmentation,’’
IEEE Trans. Intell. Transp. Syst., vol. 19, no. 1, pp. 263–272, Jan. 2018.

[30] D. Paglieroni, ‘‘Distance transforms: Properties and machine vision appli-
cations,’’ Comput. Vis., Graph., Image Process. Graph. Models Image
Process., vol. 54, no. 1, pp. 57–58, 1992.

VOLUME 8, 2020 200475

http://dx.doi.org/10.3389/fpls.2020.00510
http://dx.doi.org/10.1136/svn-2017-000101


K. Erdoğan et al.: KEBOT: An Artificial Intelligence Based Comprehensive Analysis System for FUE Based Hair Transplantation

KORAY ERDOĞAN was born in Bursa-Gemlik,
Turkey, in 1968. He graduated from Hacettepe
University. He came to Istanbul for Thoracic
Surgery education, in 1998, and one-year resi-
dency inMarmara University. He came to Istanbul,
in 2001, he founded his own hair transplant clinic.
Since then, he has developed his own unique FUE
system known as the ‘‘Sequential Technique,’’ his
unique calculation method known as the ‘‘Cov-
erage Value Calculation’’ and several FUE inno-

vations; K. E. E. P, Graft Calculator, KE-BOT, KE-BOT Mobile, KE-
HEAD, KE-REST, and KE-PHOTO. He has validated and demonstrated his
techniques, methods and innovations in numerous international congresses
and workshops in Europe, USA, Latin America, and Asia. In 2016, he
founded the World FUE Institute with the other authorities of international
hair transplant society like Dr. Ron Shapiro, Dr. Jose Lorenzo, Dr. Jerry
Wong, Dr. Hussain Rahal, and Dr. Bijan Feriduni, and assumed the Vice-
Presidency. In 2018, he was elected as the President of the World FUE
Institute. He exclusively performs FUE hair transplants at the ASMED
Surgical Center, his personal clinic. His awards and memberships include: a
member of the ESHRS European Society of Hair Restoration Surgery, since
2005, the ISHRSThe International Society of Hair Restoration Surgery, from
2007 to 2015, the ISHR Italian Society of Hair Restoration participant, since
2010, and the IAHRS International Alliance of Hair Restoration Surgeons,
since 2013; the Excellence in Hair Restoration Award, in 2014, and the
President of the WFI World FUE Institute, since February 2018.

ONUR ACUN was born in Kadıköy, İstanbul,
Turkey, in 1995. He received the B.Sc. degree in
electronics and telecommunications engineering
from Kocaeli University, Kocaeli, Turkey, in 2017,
where he is currently pursuing the M.S. degree
in electronics and communications engineering.
Since 2017, he has been working as a Soft-
ware Engineer with EVSTEK Information Tech-
nology Company. His research interests include
machine learning, deep learning, computer vision
applications, and autonomous vehicles.

AYHAN KÜÇÜKMANİSA received the B.Sc.,
M.Sc., and Ph.D. degrees in electronics and
telecommunication engineering fromKocaeli Uni-
versity, Kocaeli, Turkey, in 2010, 2012, and 2018,
respectively. Since 2013, he has been with the
Department of Electronics and Telecommunica-
tions Engineering, Kocaeli University, where he is
currently a Research Assistant. His research inter-
ests include digital signal, image/video process-
ing, machine learning, deep learning, embedded
systems, and intelligent transport systems.

RAMAZAN DUVAR was born in Isparta, Turkey,
in 1988. He received the B.Sc., M.Sc., and
Ph.D. degrees in electronics and telecommunica-
tion engineering fromKocaeli University, Kocaeli,
Turkey, in 2010, 2012, and 2019, respectively.
From 2012 to 2019, he was a Research Assis-
tant with the Department of Electronics and
Telecommunication Engineering, Kocaeli Univer-
sity. Since 2020, he has been an Assistant Pro-
fessor with the Aircraft Electrical and Electronics

Department, Kocaeli University. His research interests include digital signal,
image/video processing, embedded systems, machine learning, and deep
learning.

ALP BAYRAMOĞLU was born in Zongul-
dak, Turkey, in 1969. He graduated from the
TED Zonguldak College, in 1987, and the
Marina High School, Huntington Beach, CA,
in 1988. He received the M.D. degree from the
Hacettepe University Medical School, Ankara,
Turkey, in 1994, and the Ph.D. degree from the
Department of Anatomy, Faculty of Medicine,
Hacettepe University, in 1999. He was a Professor
of anatomy in 2010. From 1994 to 1999, he was

a Research Assistant with the Anatomy Department, Hacettepe University.
He gave lectures about human anatomy at the Faculty ofMedicine, Hacettepe
University, from 2004 to 2013. He has been working as the Head of the
Anatomy Department, AcibademM. Ali Aydinlar University, Istanbul, since
2013. He is the author of chapters in medicine related books, more than
40 articles, and involved in many projects as a Researcher. He has been a
member of World FUE Institutes, since 2018, and the Turkish Association
of Anatomy and Clinical Anatomy, since 2010. He is listed in Advisory
Committee in the International Journal of Anatomical Variations since
2015 and also an Advisory Committee Member of Anatomy journal since
2007.

OĞUZHAN URHAN (Senior Member, IEEE)
received the B.Sc., M.Sc., and Ph.D. degrees
in electronics and telecommunication engineer-
ing from Kocaeli University, Kocaeli, Turkey,
in 2001, 2003, and 2006, respectively. He was
a Visiting Professor with Chung Ang University,
South Korea, from 2006 to 2007. Since 2001,
he has been with the Department of Electron-
ics and Telecommunications Engineering, Kocaeli
University, where he has been a Full Professor,

since 2015. He is also the Director of the Kocaeli University Laboratory
of Embedded and Vision Systems (KULE). His research interests include
digital image/video processing, embedded systems, and machine learning
applications.

200476 VOLUME 8, 2020


