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Abstract: In orthopedics, bone drilling is a crucial part of a surgical method commonly carried out for internal
fixation in bone fracture treatment. The primary purpose of bone drilling is the creation of holes for screw
insertion to immobilize fractured parts. The bone drilling task depends on the orthopedist and surgeon’s high
level of skill and experience. This paper aimed to provide a summary of previously published review studies
in the field of bone drilling. This review paper also presents a comprehensive review of the application of
machine learning for bone drilling and as a future direction for the automation system. This review can also
help medical surgeons and bone drillers understand the latest improvements through parameter selection and
optimization strategies to reduce bone damage in bone drilling procedures. Apart from the review study, bone
drilling vibration data collected in the University laboratory experiment is also presented in this study. The
vibration data consist of three different layers of femur cow bone which are processed and classified using
several machine learning methods. LSTM is, used in the bone drilling classification study to prove that the
layers of the bone drilling are associated with the vibration signal and can be classified and predicted using the
machine learning method.

Keywords: bone drilling parameters; bone drilling vibration; bone layer classification; machine learning.

1. Introduction

Bone drilling is a medical procedure that involves the creation of small holes or drilling into
bones for various purposes, including diagnosis, treatment, and research. Although bone drilling
may be invasive, this technique has become an integral part of modern medical science and offers
various important benefits. Bone drilling plays a crucial role in accurately diagnosing various
diseases and conditions. In addition to diagnosis, bone drilling also makes a significant contribution
to medical research. The development of safer and more precise drilling equipment and techniques
has become possible because of the efforts of scientists and doctors. These innovations have a positive
impact on patient safety and the effectiveness of medical procedures and can help reduce the risk of
complications and speed up the healing process. In bone drilling, bone structures that are examined
and treated with nails and screws are generally composed of three layers of the inner base bone,
namely the first cortical bone, spongy bone, and second cortical bone layer [1].

Currently, in orthopedic surgery, bone drilling is carried out using a manual hand drill, and the
speed at which the drill bit moves into the bone is controlled by the surgeon. The bone drilling task
depends on a high level of dexterity and experience of the orthopedist and surgeon. The drilling
procedures are performed without visual guidance, making it difficult for surgeons to determine the
depth of the holes they are creating [2]. Thus, the effectiveness of the drilling largely relies on the
surgeon’s skill and their ability to gauge the drilling process based on their perception [3]. The force
experienced by the surgeon during drilling is subjective, as it depends on factors such as the speed
of the drill bit, the condition of the bone, and the type of drill bit employed [4,5].

© 2024 by the author(s). Distributed under a Creative Commons CC BY license.
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A recent study that compares ultrasonic-assisted drilling to conventional drilling in bone
surgeries is presented in [6]. The study examines optimal drilling parameters such as drilling force,
temperature elevation, osteonecrosis, and micro-crack formation. The study found that the ultrasonic
drilling resulted in less force and did not produce micro-cracks in cortical bone compared to the
conventional drilling. However, it has the side effect that the temperature elevation is higher than the
conventional drilling. In addition, histopathological and Scanning Electron Microscopic (SEM)
analysis is conducted to evaluate the osteonecrosis and structural damage. The result shows that
ultrasonic-assisted drilling is more advantageous for bone surgeries than the conventional method
because it can reduce tissue damage. Another comparison study of conventional and ultrasonic-
assisted drilling techniques is presented in [7]. In detail, the study presents the comparative analysis
of diametric delamination in the drilling of cortical bone using conventional drilling and ultrasonic-
assisted drilling techniques. A coordinate measuring machine (CMM) is used in the study to
characterize delamination during bone drilling. A quantitative comparison was also presented in this
study with the finding that ultrasonic-assisted drilling causes less delamination than conventional
drilling, with maximum delamination for ultrasonic-assisted drilling and for conventional drilling of
8.54% and 9.15%, respectively. Ultrasonic actuation application in bone drilling is also presented in
[8]. The objective is to reduce the cutting force and temperature during the bone drilling. The
comparison between conventional drilling and ultrasonic-assisted drilling. The study found that
ultrasonic-assisted drilling has a higher viability and greater pullout strength which can be potential
for low-trauma surgeries.

In recent years, bone drilling research mostly presented monitoring techniques and drilling
parameters. An automated system is the future direction of this research area. An idea is to create a
bone-drilling medical training system [9]. The bone drilling medical training system is a sophisticated
tool designed to train medical professionals in the application of force during bone drilling
procedures. This system operates in virtual environments (VEs) and aims to teach users how to apply
force within a specific range, thereby maintaining a constant drilling thrust velocity. The virtual
reality simulator consists of visual, acoustic, and haptic warning signals [9]. Another study that
presents the training system with 3 degrees of freedom (DOF) force feedback is presented in [10]. A
proposed medical training system (MTS) concept is presented in [11]. The concept generally consists
of (1) the system architecture based on haptic display (HD) and graphical user interface (GUI); and
(2) a control system using proportional derivative (PD) position control.

A comprehensive review of surgical simulators for orthopedic and neurosurgeries which
focuses on haptic and virtual reality technologies is presented in [12]. The review paper informs that
the main part of the orthopedic simulator is the haptic system. The haptic system in the simulator is
expected to provide tactile sensations that mimic the real-life feel of orthopedic surgery. The haptic
system is supported by the force feedback which is calculated based on the interaction between
virtual tools and the simulated anatomy [12]. More detail of the review study on medical training
systems and potential automated systems in bone drilling is presented in Chapter 3.

A current review paper provides a different side of bone drilling which discussed the vibration
analysis of different bone layers. The structure of the paper is as follows: Chapter 2 presents a
summary of the previously published review paper on bone drilling. Chapter 3 presents the review
of published papers on bone drilling vibration analysis and the application of machine learning for
bone layer classifications. Chapter 4 presents the lab experimental setup. Chapter 5 presents the
machine learning used in the paper and its classification results. Chapter 6 presents the conclusions
and the future direction of the study.

2. Previous review studies on bone drilling

Extensive review studies related to bone drilling have been presented. Information about what
is the difference between the present review paper and other published review papers is presented
in Table 1. The following is a more detailed description of Table 1:

A detailed review paper of various studies on bone drilling is presented in [4]. The paper
compares various studies on bone drilling, highlighting the influence of bone drilling parameters and
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drill specifications to find the optimized bone drill specifications for a better outcome. The study
described that a significant risk during drilling is the increase in bone temperature, which can lead to
osteonecrosis and can affect the stability and strength of the bone fixation. In the future direction, the
authors, emphasize the need for more advanced drilling methods, precise experimental setups, and
automated systems to minimize human error and reduce associated risks. At the end of the paper,
the authors provided eight points for future works. One of which is to improve the control
penetration of the manual skill in typical bone drilling by developing automated drilling systems
using a fuzzy logic controller that analyzes the current consumption by the DC motor.

A study that presents practicality, limitations, and complications related to surgical drill bits in
bone drilling is discussed in [13]. The study starts with the types and anatomy of surgical drill bits
followed by the cutting operation which caused heat generation. Mechanical properties of the drill
bit such as moment of inertia, wear, and dulling of the cutting face are also explained. Intraoperative
and post-operative complications of the drill bit during surgical bone drilling are also presented
comprehensively. A study also summarizes the previous research related to the thermonecrosis
biological models. In the future direction, the study mentioned that ultrasonic or vibration-assisted
drilling is one technology to reduce both axial thrust force and drilling torque.

The study that reviews the importance of maintaining temperature during drilling is presented
in [14]. Drill design, drill parameters, and coolant were reported as the important factors for
controlling heat in the bone drilling. Other factors such as spindle speed and feed rate are also
important to avoid bone damage.

A comprehensive review study of the mechanical and thermal responses in bone drilling, which
is a critical aspect of various procedures is presented in [15]. The discussion of the paper includes the
bone structure, drill-bit geometry, operating conditions of bone drilling, and techniques and
optimization. In bone structure, it discusses the inhomogeneity and anisotropy of bone tissues and
their impact on drilling outcomes. The influence of drill-bit design on the efficiency and safety of
bone drilling is a part of the drill-bit geometry section. The effect of drilling parameters such as
spindle speed and feed rate on the mechanical and thermal responses during drilling is presented in
the operating condition of the bone drilling section. Current techniques used in bone drilling and
parameters optimization are presented in the last part of the review paper. However, future works
or future direction was not provided.

Another review that discusses the factors affecting heat generation in bone drilling is presented
in [16]. The paper focused on the thermal osteonecrosis that occurred during the bone drilling. The
study suggests the need for more in vivo studies on human bone and how drilling parameters interact
to influence heat generation. However, there is a challenge in the measurement method of bone
temperature due to the complex properties of bone tissue and the lack of a standard method.

Another comprehensive review study on the bone drilling process investigation and possible
research is presented in [17]. A typical schematic diagram of the bone drilling process is discussed.
Factors influencing bone drilling efficiency and temperature rise are also discussed. The study mainly
focused on the investigations on conventional bone drilling to obtain a few of information such as
bone type, experimental type, experimental details, and research outcome. To complement the
conventional bone drilling review, the authors also provided the investigations on non-conventional
bone drilling studies such as ultrasonic-assisted drilling (UAD) [18], vibrational drilling technique
[19], water-jet drilling [20], automatic drilling process [21], and acoustic emission (AE) based
monitoring process [22]. In the summary section, the Authors highlight that most of the previously
published research articles presented the temperature measurement and analysis during orthopedic
drilling. Another summary can be read in detail in the paper.

Heat is one of the major issues in the bone drilling procedure and the study in [23] presents the
factors affecting drilling behavior to prevent excessive heat generation. The study also presents a
model of bone drilling to find the relationships between the drilling parameters. The study also
highlights the necessity of the improved drill bit to minimize thermal and mechanical damage to the
bone in the future direction. The development and application of a robotic bone drilling system as an
advanced bone drilling procedure is also necessary and emphasized in the paper.
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A state-of-the-art review and comprehensive analysis of orthopedic drilling are presented in [24].
The review study summarized numerous articles on conventional and non-conventional drilling
parameters and technologies. Bone drilling characteristics and control variables were presented in
very detail and inclusively. Apart from the detailed review, non-conventional techniques in
orthopedic drilling are also described. It includes water-jet-assisted drilling, laser-assisted drilling,
and ultrasonic-assisted drilling. Design of experiments and modeling in orthopedic drilling based on
the Taguchi method, ANOVA, and fuzzy logic is also presented. The review paper also provided
several future directions, two of which are (1) the vibrational bone drilling with an internal closed-
loop irrigation system is potentially used to minimize heat and thrust force; and (2) robotic bone
drilling with multiobjective optimization can reduce thermal and mechanical damage.

A review paper that particularly highlights the use of robotics and autonomous systems
designed in bone drilling as part of Computer-Aided Orthopedic Surgery (CAOS) is presented in
[25]. The robotic autonomous systems were designed to optimize drilling speed and safety, as well
as the effectiveness of various drilling parameters. The study also reviews several potential signal
processing-based approaches for detecting when a drill bit breaks through bone. Therefore, the
authors mentioned that the signal processing method of the existing signals in conventional drills for
breakthrough detection are potential new research area.

A review study that focuses on the advancements in surgical drill bit design and its impact on
reducing thermomechanical damage during bone drilling is presented in [26]. The paper discusses
how different geometries of drill bits influence bone damage especially the importance of precise
cutting tools to prevent damage to surrounding tissues. The review study explores various drill bit
geometries highlighting how each design influences bone damage. The general objective of the
review study is to provide guidelines for designing drill bits to minimize damage and improve the
safety and effectiveness of bone drilling surgeries. The paper suggests future research directions for
improving surgical drill bit design, including flexible drill bits and chip-breaker designs, to enhance
safety.

Jung et al. [27] present internal and external factors on heat generation. Drill properties, drill
diameter, drill coating, and wear are categorized as internal factors. The external factors include
drilling speed or feed rate, drilling energy, cooling, drilling depth, methodology used, and patient
individual factors. An almost similar review study that also discussed drill bit heat generation on
surgical bone drilling is presented in [28]. The paper highlights that drill bit design is one of the
important factors in reducing thermal damage during surgical bone drilling. In addition, other key
parameters such as feed rate and applied force also contribute to heat generation. Another review
paper on the impact of temperature on the bone drilling process is presented in [29]. The review paper
encapsulates several related studies that emphasize the critical role of temperature control in the bone
drilling process.

Table 1. Highlight the previously published review papers on bone drilling.

Reference and Content of the review paper Future study and
publication year and significant future direction
Bertollo and - Types and anatomy of surgical
Walsh (2011) [13] drill-bit Improving drill-bit design for better
- Drilling and cutting operations surgical outcomes and patient recovery.
- Mechanical properties Ultrasonic-assisted  drilling reduces
- Complications axial thrust force and drilling torque.

- Drill bit wear or breakage

- Heat generation

- Post-operative complications

- Biological models of bone research
- Measurement methods

Pandey et al. - Thermal osteonecrosis
(2013) [4] - Bone drilling parameters:
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- Drilling parameters, e.g. drilling speed and feed

rate

- Drill specifications, e.g. drill diameter and

cutting face
- Temperature measurement

do0i:10.20944/preprints202406.0440.v1

Predicting model development for the
relationship between drilling force, drill
temperature, and surface roughness .

Ginta et al. - Cutting force in bone drilling

(2014) [14] - Temperature variation in Not available
one drilling

Lee et al. - Experimental conditions:

(2018) [15] - Cutting direction
- Operating condition
- Dill-bit geometry Not available
- Bone chips
- Bone drilling techniques
- Parameter optimization

Timon et al. - Bone drilling parameters

(2019) [16] - Temperature measurement Not available

- Experiment setup
- Thermal osteonecrosis

Bohra etal. (2019) [17] _

Typical bone drilling process
Factors Influencing Bone Drilling
efficiency and temperature rise:

- Drill process variables

- Drill-bit specifications

- Investigations on conventional
drilling studies

- Investigations on non-conventional
drilling studies

- Ultrasonic assisted drilling

- Vibrational drilling technique

- Water-jet drilling

- Automatic drilling process

- Acoustic emission based
monitoring

Acoustic emission (AE) based technique
can improve bone surgical quality in
micro-drilling and support bone
surgery robot systems in the future.

Samarasinghe
etal.
(2020) [23]

- Thermal necrosis

- Factors affecting the drilling process
- Rotational speed and feed rate

- Drill geometry

- Effect of hole depth

- Effect of bone structure

- Modeling of bone drilling

Improve the prediction model using the
force variation based on bone layers.
Enhance hand-held drill with intelligent
sensors and data acquisition system.

- Robotic drilling
Jamil et al. - Bone drilling characteristics: . 1 .
(2020) [24] i Temperature Robotic bone drilling with

- Drilling force and torque

- Surface roughness and drill
Tool wear, etc

- Bone drilling control variables
- Non-conventional techniques:
- Water-jet-assisted drilling

- Laser-assisted drilling

- Ultrasonic-assisted drilling

multiobjective optimization can reduce
thermal and mechanical damage 2.
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6
- Design of experiment and
Modeling in bone drilling
Torun et al. - Breakthrough detection
(2020) [25] - Robotic drilling Signal information and processing to
- Experimental parameters: identify different bone densities from
- Force and moment parameter motor current, drilling sound, and
- Temperature control vibration is one of the future directions.
Akhbar and - Thermomechanical damage
Sulong - Surgical drill bit specifications A flexible drill design.
(2021) [26] - Surgical drill bit design
Jung et al. - Influencing factors in bone drilling
(2021) [27] - Internal factors
- External factors Not available

- Finite element method simulation
- In vivo examination results

Islam et al. - Thermomechanical properties
(2022) [28] - Bone drilling practice
- Conventional vs. non-conventional bo
drilling
- Heat generation in bone drilling
- Bone drilling characterization
- Drill bit geometry

Use more suitable drill bit geometry.
neUse medical-grade material for the drill
bit.

- Temperature measurement
- Challenges in bone drilling

Chouhan - Temperature effect in bone drilling Not available
et al. - Numerical simulation
(2023) [29]

1 A more detail of the future study of Ref. [4] is explained in the paragraph in Section 2. 2 An interested reader

for a detailed future work may read the article in Ref. [24].

3. A brief review of medical training system and robotic drilling

A medical training system development for bone drilling is presented in [9]. The main objective
of the development is to train and enhance the medical professionals’ skills via virtual environments
(VEs). In particular, the training system aims to teach the user during the bone drilling to apply force
in a certain range and maintain the drill thrust velocity constant at a certain given time. Three training
strategies are discussed in the paper i.e. enhanced, multi-user, and training via a training model
which are unique features for each strategy. One of the important parts of the training system is the
haptic feedback for simulating realistic bone drilling sensations. The training system was validated
through user tests and assessed using Euclidean distance.

A virtual training simulation approach called machine learning-based guidance (LbG) was
introduced in [30]. The LbG approach aims for kinesthetic human-robot interaction in virtual training
simulations, particularly for bone surgical drilling. A femur bone drilling simulation is developed
based on haptic feedback and X-ray views to help orthopedic residents practice, train, and improve
their skills. The skill levels of users and to model of surgical expertise were assessed using machine
learning tools. In addition, the virtual training system uses adaptive LbG forces which are informed
by expert surgeon knowledge to enhance the resident’s performance during simulation.

Another study that applied haptic feedback for virtual reality (VR) simulation of surgical drilling
is presented in [ 31]. The general objective of the study is to shift surgical training with VR simulation
for otolaryngology and temporal bone dissection due to the anatomy complexity. The haptic feedback
in the VR simulation is used to provide a realistic sense of touch, especially the rendering of vibrations
during surgical drill use. In detail, the ability of four different haptic hand controllers was evaluated
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to render realistic drill vibrations in VR surgical training. A future application of the study i.e. to
enhance VR surgical simulators by incorporating vibrotactile feedback to improve the training
experience for procedures that involve drilling is also mentioned.

A study that discussed the use of both physical and virtual prototypes for temporal bone drilling
simulation is presented in [32]. The authors mentioned that a combination of physical and virtual
prototypes offers advantages such as ease of access, the possibility of repeated practice, and the
absence of ethical issues. The future work of the study is to develop and use virtual reality in bone
surgical simulation.

4. An application of vibration and machine learning methods for bone drilling

This section presents a review study of the use of vibration signals and techniques in bone
drilling including ultrasonic and acoustic emission signals. This section also presents an application
of various machine learning methods to optimize, regression, and classification in the area of bone
drilling.

4.1. Bone Drilling Vibration

When a drill bit has mechanical contact with bone during bone drilling, the drill bit applies force
to the bone surface causing it to penetrate and trigger a vibration signal. The vibration signal
exhibited from this process can be captured using an accelerometer. A study of vibration signal
characteristics for bone drilling especially for bone layer classification is presented in [33]. The
vibration signal was acquired when the drill bit passed through three different layers i.e. periosteum
(layer 1), first cortical (layer 2), and spongy (layer 3). Time and frequency domain features were
extracted for the acquired vibration signal. The features analysis results of the frequency domain
show outperformed time domain features indicating that frequency domain features have more
information related to the bone layer. This is because the frequency characteristics of bone layer
classification refer to the distinctive patterns or properties exhibited by different layers of bone when
analyzed in terms of frequency. These characteristics can be observed further through various
imaging techniques or signal processing methods.

In another study, it is mentioned that by analyzing the frequency response of bone layers, it is
possible to differentiate between cortical bone and cancellous bone based on their unique frequency
patterns [34]. Cortical bone typically exhibits higher frequency responses, indicating higher density
and hardness, while cancellous bone displays lower frequency responses due to its porous nature.
Understanding the frequency characteristics of bone layers can aid in various applications, including
bone quality assessment, orthopedic surgeries, and the development of diagnostic tools for bone-
related conditions.

A novel ultrasonic vibration-assisted drilling technique for precise bone surgery is presented by
Kong and Lee [35]. An analytical force model is developed for ultrasonic vibration-assisted bone
drilling. In [18] performed an experimental study on bovine bone utilizing ultrasonically assisted
drilling and discovered that force and torque were significantly reduced as compared to the
conventional drilling approach. In addition, Gupta et al. [3,36] discovered that compared to
conventional drills, sensors-aided drilling could create lower temperatures when the vibration
frequency was held at 20 kHz and the vibration amplitude was kept at 4-20 pm.

4.2. Applied Machine Learning Methods

An application of the machine learning method for optimum bone drilling parameters
prediction is presented in [37]. A genetic algorithm (GA) is used to find a minimum thrust force value
from the combination of the bone drilling parameters during bone drilling. A mathematical model of
the thrust force as a function of feed rate and spindle speed is calculated using response surface
methodology (RSM). In the study, the optimal value of the spindle speed and the feed rate to achieve
the minimum thrust force during bone drilling is developed using the GA method. A developed RSM
of thrust force is used as an objective function in the GA method. The GA optimization result shows
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that a feed rate of 30 mm/min and a spindle speed of 1000 rpm are the optimal parameters for the
minimum thrust force value. The GA predicted result is also compared to the experiment result for a
similar feed rate and spindle speed value of 710.

Pandey et al. [38] presented a combined method to obtain an optimized grey fuzzy reasoning
grade (GFRG) from all quality characteristics of bone drilling. The combined method consists of grey
relation analysis (GRA) and fuzzy logic. The GFRG is used to determine the optimal combination of
bone drilling parameters that minimize temperature, force, and surface roughness. The highest GFRG
is obtained for the feed rate of 40 mm/min and the speed of 500 rpm.

A study that reported the use of radial basis function neural network (RBFNN) for drill wear
classification in bone drilling is available [39]. The RBFNN is utilized to develop a drill wear
classification model based on a multi-sensor approach. The features for the RBFNN classification
model were extracted from signals such as cutting forces, servomotor drive currents, and acoustic
emission.

Various machine learning models such as support vector regression (SVR), k-nearest neighbors
(KNN), decision tree (DT), and random forest (RF) were used for predicting temperature elevation
rotary ultrasonic bone drilling (RUBD) [40]. The machine learning models were compared with the
standard response surface methodology (RSM) analysis. The result shows that SVR is the most
outperformed model for this application compared to other machine learning methods.

The monitoring and prediction of temperature elevation during real-time in vivo medical
surgery is a challenging task. A study that presents the Ridge regression for prediction of the
temperature rise during orthopedic bone drilling is presented by Agarwal et al. [41]. The Ridge
regression model is compared with other machine learning models such as multilayer perceptron,
lasso regression, and multi-linear regression. According to the performance metrics such as mean
absolute error (MAE), root mean square error (RMSE), and mean square error (MSE), the error
metrics of the Ridge regression than other ML models indicated that the proposed method
outperformed other models. In another the study presented by Agarwal et al. [42], the Ridge
regression was compared with other ML models such as lassor regression, support vector regression
(SVR), multi-linear regression, and artificial neural network (ANN). Ridge regression and other ML
methods are to predict the surface roughness and cutting force during rotary ultrasonic bone drilling.
According to the statistical analysis of the predictive results, it was observed that Ridge regression
has the least error metrics compared to other ML methods in terms of surface roughness prediction.
In the case of the cutting force prediction, SVR was the most accurate model compared to other ML
models.

K-nearest neighbors (KNN) and ensemble classifiers were utilized in [43] for breakthrough
detection in robotic orthopedic surgery. A feature set containing closed-loop control signals and force
sensor data were the training datasets to develop the prediction models. It is found that the ML
models accurately detect the breakthrough during bone drilling operations. The best accuracy of
breakthrough detection is 98.1+0.2% for sheep femur bone.

A successful approach to categorizing bone drilling levels (bone layers) using a customized
convolutional neural network (CNN) is presented in [44]. The CNN classification used vibration
signals from a three-axial accelerometer attached to the cow femur bone. The CNN accurately
classified raw vibration signals from the three-axial accelerometer into three distinct bone layers i.e.
periosteum (the outermost layer), first cortical (the next layer beneath the periosteum), and spongy
(the innermost layer).

Table 2. Summary of the application of machine learning methods on bone drilling,.

Data used in the
Author . . . . Machine learning The purpose of using machine
machine learning Machine learning method . .
(year) is used for? learning method
method
Pandey et To determine the optimal
Y Temperature, force, and grey relation analysis and . P .

al. (2014) . combination of bone drilling

surface roughness fuzzy logic L .
[37] Optimization parameters that minimize
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temperature, force, and surface
roughness.

Pandey et
y Temperature, force, and

To find an optimal value of

al. (2014) surface roughness Grey fuzzy reasoning grade  Classification feed rate (mm/min) and speed
[38] (rpm).
Cutting f , .
Staroveski et HHng orce.s . . . To develop a drill wear
servomotor drive Radjial basis function neural e
al. (2015) . e classification model based on a
currents, and acoustic network Classification .
[39] . multi-sensor approach.
emission
To detect breakthroughs and to
Torun et al. Closed-loop signaland  K-nearest neighbors and Classification  estimate the condition of the
(2020) [43] force sensor data ensemble classifier drill bit in robotic bone
drilling.
. To introduce different machine
K-nearest neighbors .
Agarwal et . learning methods for
Support vector regression . .
al. (2022) Temperature .. Regression predicting temperature
Decision trees . . .
[40] elevations in rotary ultrasonic
Random forest 1
bone drilling.
A let Multil t
garwa’ uirayerp erce'p ron To predict temperature rise
al. (2022) Temperature Lasso regression . . s
. . Regression during bone drilling.
[41] Ridge regression
Ri ion, 1
dge. regression, fasso To predict the surface
Agarwal et regression, support vector .
Surface roughness and . . roughness and cutting force
al. (2022) ) regression, multi-linear . ;
cutting force . o . during rotary ultrasonic bone
[42] regression, artificial neural Regression e
drilling.
network
Caesarendra o Convolutional neural , To classifiy three bone layers
Vibration signal classify

et al. (2024) network

based on vibration signal.

5. Experimental procedure of bone drilling

5.1. Previous studies

Several tools are required in the drilling process, namely the hand drill and drill bit. In drilling,
a tool called a hand drill is required. Currently, the drilling speed of hand drills varies between 500
and 1,500 rpm. The reason for this difference is that some manufacturers have also introduced high
speeds as an advantage in their marketing activities. Drill bits are also employed in preparing bone

tunnels, for instance, in anterior ligament reconstructions. Typically, drilling is utilized to create holes
in the bone before inserting screws. Nevertheless, since rigid bone is invariably surrounded by soft
tissues like muscles, fat, ligaments, and tendons, which allow for bone movement, the bone can
deviate from its normal position due to the shearing forces exerted by the drilling tool. The process
of drilling a bone is depicted in a typical block diagram in Figure 1.
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Figure 1. Schematic block diagram of typical bone drilling experiment.

Several other critical performance characteristics that determine the success of bone drilling
include the straightness of the created hole, an efficient coefficient of friction, and healing time.
Therefore, during surgical procedures, the force exerted by the surgeon and the position of the drill
bit must be accurate. The accuracy of drilled holes during orthopedic fracture treatment relies greatly
on the manual skills of the surgeon. However, currently, bone drilling tools used in surgeries do not
include any mechanisms for penetration control. Thus, an automatic drilling system must be
developed to minimize human errors during bone drilling. Much research has been conducted to
explore new drill-bit designs [13-16] and new drilling techniques [17-19]. This was performed to
avoid the accumulation of heat at the point where the drill was located.

In [45] there are two approaches to minimize thermal damage during bone drilling. The first
strategy involves employing a higher feed rate to decrease the duration of the drilling process. The
second method involves utilizing a lower feed rate to achieve a lower maximum temperature.

Bone drilling has been studied in past decades and is still a promising and developing research
area. Table 3 shows the selected research from 1976 to 2023 that particularly described briefly the
bone sample used, the experimental description and procedure, and the outcome of the study.

Table 3. Review paper on experimental bone drilling.

Author (year) Bone sample Brief experimental description The outcome of the study
The bovine femur was split into seven
thin-disc samples. Each thin-disc sample
measures approximately 1 mm thick and

The material characteristic that affects
the bone’s maximum temperature when

Chen and
Gundjian Bovine femur

(1976) [46] a heat source is present is specific heat.

3 mm in diameter.

Cordioli and Bovine cortical Drills with a diameter of 2 and 3 mm Correlation between drilling depth and
Majzoub (1997) running at 1500 rpm and 200 N of axial . & oep
[47] femur bone force maximum temperature.

The temperature increased with the

Spindle feed ranging from 400 to 2000 increasing depth of the hole.

Hillery et al. Femur heads, rpm with an interval of 200 rpm. The . .
(1999) [48] Bovine tibia feed rate during the bone drilling was 50 The optimal speed range is between 800
v gmm /min 8 and 1400 rpm with a drill bit diameter of

3.2 mm.

Each bone specimen was attached toa  Presented a novel method based on a
Lee et al. (2012) . drilling dynamometer, which gauges CNC system for temperature
Bovine femur . ,
[49] torque and thrust as a function of measurement, various thermocouples,
drilling time. and an accurate position.
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Pandey et al.

(2014) [50] Bovine bone

Using an MTAB 3-axis Flex mill.

. Used the Taguchi method and found
Temperature data were gathered using a

that drill diameter had the greatest

K-type Extech thermocouple and data- influence among these variables.

gathering software.

Sarparast et al.

(2020) [51] Bovine femur

A high-speed electrical motor with a
rotational speed higher than 10,000 rpm
was mounted in the lathe machine.
High-speed steel (HSS) drill bit with 2
mm in diameter was selected in the
experiment. The lathe machine was run
with an increasing feed rate from 10-50

Bone drilling optimum (minimum)
temperature was revealed at a rotational
speed of 12,000 rpm and feed rate of 50
mm/min.

The increasing feed rate slightly
increases the process force which can
can also lead to the increasing

mm/min. Single footing load cells and k-
temperature.

type thermocouples are used for force
and temperature measurement.

Alam et al. Femoral and
(2023) [52] tibia bones

A custom-made drilling setup witha  Increasing pressure on a worn drill is
feedback control system for necessary when drilling passes through
force, torque, and temperature were the hard cortex of the bone.
used in drilling tests. Small holes of 1.5 The torque in bone drilling has a direct
mm in diameter through the bone were relationship with the depth of drilling.
produced with rotational speed of 400 Bone temperature was increased when

rpm and feed rate of 40 mm/min. the drill progressed to wear.

3.2. Bone drilling lab experiment of the present study

A bone drilling lab experiment utilized a Dobot Magician robot, National Instrument (NI) data
acquisition (DAQ) module NI-9345, Briiel & Kjeer three-axis accelerometer type 4535-B, and
standalone academic LabVIEW software. A Dobot Magician robot was connected to a PC with
available software for robot programming. A schematic of the bone drilling lab experiment is
presented in Figure 2.

The original end effector of the Dobot Magician robot was replaced with the customized drilling
mechanism as presented in Figure 2. The objective of using the Dobot Magician robot is to control the
drilling process and to provide an accurate depth penetration of each layer in the bone drilling
experiment. Bone drilling vibration was performed intermittently from the periosteum layer (the
outermost layer), first cortical layer (the layer beneath the periosteum layer), and spongy layer (the
innermost layer). An illustration of the bone layer is also presented in Figure 2. The vibration signal
was acquired with a sampling frequency of 5 kHz. During the experiment, the drill was operated
with 0.002 to 0.006 in/min feed rate and 500 rpm. The drill geometry was chosen as a twisted drill bit
with a 3.5 mm diameter.

One three-axial accelerometer was attached near the hand drilling and another one was attached
to the bone that will undergo drilling to obtain vibration signals during the drilling process as
presented in Figure 2. The drill bit was then placed at the anterior surface of the proximal femur and
drilled in clockwise rotation continuously. A fresh frozen cow femur was used in this research
because this type of bone has almost similar characteristics to human bone [16]. The sample was fixed
with a laboratory clamp while the drilling process was performed. The bone drilling was repeated
up to about 8 holes, however, only three holes were used in the machine learning method.
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Figure 2. Schematic diagram of the bone drilling experiment.

To be able to separate the recordings and assign them to respective labels, the breakthrough
sequence form drilling was recorded through the second cortical layer of the femur until breaking
through into the adjacent soft tissue. Overall, ten individual drill holes were captured, however, only
8 holes were successfully drilled (holes 2 and 7 were unsuccessful). All recordings processed within
the vibration signal were recorded using LabVIEW software as presented in the LabVIEW tabs plot
in Figure 2.

The vibration data of the bone drilling experiment for three different layers is presented in
Figures 3-5. Figure 3 presents the bone drilling vibration data (x-axis) for the duration of one second.
Figure 3(a), Figure 3(b), and Figure 3(c) are the vibration signals from the periosteum layer, first
cortical layer, and spongy layer, respectively. The raw vibration signals of different layers are difficult
to distinguish. However, if the vibration signal was plotted only for 0.2 seconds (0.5 ~ 0.7 sec) for
zooming purposes, it shows a different vibration signal shape as presented in Zoom in parts of
Figures 3(a)-(c). Another information that can be revealed in Figure 3 is the vibration signal amplitude
of each layer. The deeper the drill bit comes in, the higher the amplitude (in mV) of the vibration
signal.
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Figure 3. Bone drilling vibration signal (x-axis) of (a) periosteum layer; (b) first cortical layer; (c)
spongy layer.

Figure 4 presents the bone drilling vibration data (y-axis) for the duration of one second. Figure
4(a), Figure 4(b), and Figure 4(c) are the vibration signals from the periosteum layer, first cortical
layer, and spongy layer, respectively. Similar to Figure 3, the raw vibration signals of three different
layers in Figure 4 are also difficult to distinguish visually. However, if the vibration signal was plotted
only for 0.2 seconds (0.5 ~ 0.7 sec) for zoom-in purposes, it shows a different vibration signal shape
and amplitude as presented in zoom-in parts of Figures 4(a)-(c).

Figure 5 presents the bone drilling vibration data (z-axis) for the duration of one second. Figure
5(a), Figure 5(b), and Figure 5(c) are the vibration signals from the periosteum layer, first cortical
layer, and spongy layer, respectively. Similar to Figures 3 and 4, the raw vibration signals of three
different layers in Figure 5 are not distinguishable visually. If the vibration signal was zoomed in for
0.2 seconds (0.5 ~ 0.7 sec), it shows a different vibration signal shape and amplitude.
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spongy layer.
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A root mean square (RMS) of the bone drilling vibration amplitude is presented in Table 4. It is
shown that the RMS amplitude increases as the drill bit goes through deeper. It indicates that the
bone structure of each layer is different and when the bone structure has contact with the drill bit and
triggers the vibration signal. In detail, an increase in RPM values from the periosteum to the first
cortical layer is not as high as an increase in RPM values from the first cortical to the spongy layer. It
indicates that the spongy layer has less stiffness than the other two layers (periosteum and first
cortical).

Table 2. Vibration amplitude of different axes and different layers represented by RMS.

RMS of x-axis  vibration RMS of y-axis vibration RMS of z-axis vibration

Layer (mV) (mV) (mV)
Periosteum 0.044 0.044 0.044
First cortical 0.092 0.063 0.051

Spongy 4.044 5.505 5.853

4. Long term-short memory (LSTM) method

Long short-term memory (LSTM) is a type of recurrent neural network (RNN) architecture that
is designed to handle sequential data. The LSTM is an improved method of RNN which was designed
by Hochreiter and Schmidhuber for sequence prediction tasks [53]. In addition, the LSTM method
excels in capturing long-term dependencies in sequence data and handling the vanishing gradient
problem [53]. The LSTM method has been applied previously in an ECG-rhythm classification study
[54] and is applied to optimize reactive power usage in high-rise buildings [55]. According to the
summary of the machine learning application presented in Table 2, LSTM has not been used for
orthopedic bone drilling and this is the motivation for selecting the LSTM method in the present bone
layer classification study.

An example application of the LSTM method for reproducing variable forces in haptic
technology focusing on tactile feedback enhancement in real-time robotic surgery simulation is
presented in [56]. in [56] the LSTM method is used specifically for (1) to reproduce variable forces
feedback during the skin layers surgical procedure; and (2) to improve force prediction accuracy in
robotic surgery simulation.

4.1. LSTM Architecture

The characteristic of LSTM is a chain of repeating modules as presented in Figure 6(a). Each
module looks at some input x, and outputs a hidden state value h:. A loop allows information to be
passed from one step of the network to the next time step. The difference between RNN and LSTM
is in the construction of the chained units. The unit of standard RNN has a simple structure, like a
single tanh layer, while LSTM has a more complicated unit as presented in Figure 6(b). The keys of
LSTM are cell state and gates. The cell state is kind of like a conveyor belt. The cell state (memory)
learns new information from the input. The LSTM does have the ability to remove or add information
to the cell state C, using a structure called gates. Gates can remove or add information to the cell state.
Gates decides whether information should be added to the units or not. In general, the gate equation
is presented in (1) [57]:

Gatetio (ht1, xt) = o(Uhe1 + W xi + b), (1)

where U, W, and b are the parameters of the door, and the parameters of each door are different. The
variable x: in the current input, and /. is the previous hidden state.

There are three gates in an LSTM unit: forget gate, input gate, and output gate. Forget gate (F:)
is responsible for controlling what information should be removed from the cell state. Input gate ()
determines which information from the previous timestamps should be remembered or forgotten.
The input gate also determines how much new information should be added to the cell state. Output
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gate (Or) selects useful information from the current cell state and produces it as the output. The
output gate is also responsible for passing updated information to the next timestamp.

The forget gate (F:), input gate (I:), and output gate (O:) equations in presented in (2)-(4),
respectively [57].

Fi=o(Urh1 + Wrxt + by), (2)
I = o(Uiht1 + Wi xi + bi), 3)
O:= O'(UDhH + Wo xt + bo), (4)
//E |
/ |
/! |
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Figure 6. LSTM architecture: (a) LSTM chain; (b) LSTM unit construction.

5. LSTM results

During the Lab experiment, eight holes were successfully drilled through the femur bone in the
bone drilling experiment, however, the LSTM method in this study only used two holes i.e. holes 5
and 6. This is because the other holes will be used in further work.

5.1. LSTM model

In this study, the LSTM algorithm that is available in TensorFlow Keras was used. To develop
the LSTM model, 70 % vibration data was used for training, and 30% data was used for testing. The
validation data was obtained from 20% of the training data. The LSTM architecture used in this
project is presented in Table X and the summary is as follows: Input Layer -> LSTM Layer
(return_sequences=True) -> LSTM Layer -> Flatten Layer -> Dense Layer (Output Layer). With this
architecture, the model can accept the sequential vibration data from the x-, y-, and z-axis for each
layer. The sequential vibration data was processed in two LSTM layers to obtain the prediction model
for multiclass classification. The ‘softmax’ activation function was selected as the dense layer.

Table 2. LSTM architecture for multi-class classification.

Layer (type) Output shape Param #
input_1 (InputLayer) [(None, 3, 1)] 0

Astm (LSTM) [(None, 3, 32)] 4352
Istm_1 (LSTM) (None, 32) 8320
flatten (Flatten) (None, 32) 0

dense (Dense) (None, 3) 99

Total params: 12771 (49.89 KB)
Trainable params: 12771 (49.89 KB)
Non-trainable params: 0 (0.00 Byte)

do0i:10.20944/preprints202406.0440.v1
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5.3. LSTM Classification Results and Discussion

Once the model is developed, the next step is to compile and train the LSTM model. At the
compilation stage, the LSTM model is configured with an ‘adam’ optimizer, a
‘categorical_crossentropy’ loss function because this is a multiclass classification problem. Some
‘callback’ functions such as EarlyStopping, ModelCheckpoint, and LearningRateScheduler are also
used to control the training process. An ‘accuracy’ metric to evaluate the model’s performance is used
during the training process. The model evaluation is presented in Figure 7 with has test loss of 0.013
and test accuracy of 0.993

Training and Validation Accuracy Training and Validation Loss

Looq Accuracy 0.12 4

—— Validation Accuracy

0.10

0.08

0.04

0.96 4

0.02

— Loss
—— Validation Loss

0.95 1

T T T T T T T T T T
0 2 4 6 8 0 2 4 6 8
Epoch Epoch

(@) (b)

Figure 7. (a) Training and validation accuracy; (b) Training and validation loss.

Table 2. shows a classification report which provides detailed information regarding model
performance for each target class. The evaluation results of layer 1 (periosteum) and layer 2 (first
cortical) show that the model has 0.99 for precision, recall, and f1-score. In the case of layer 3 (spongy)
layer, it produces perfect classification as shown in precision, recall, and fl-score of 1.00. Figure 8
shows the precision-recall curve that shows layer 3 has perfect results compared to the other two
layers (periosteum and first cortical) which have small different.

Table 2. LSTM classification report.

Precision Recall F1-score Support
Periosteum (layer 1) 0.99 0.99 0.99 29993
First cortical (layer 2) 0.99 0.99 0.99 30087
Spongy (layer 3) 1 1 1 29920
Accuracy 0.99 90000
Macro avg 0.99 0.99 0.99 90000

Weighted avg 0.99 0.99 0.99 90000
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Figure 8. Precision-recall curve of the LSTM classification model development.

A confusion matrix for the training and testing process of LSTM model development with 10
epochs is presented in Figure 9. It is shown the classification of the three bone layers is generally
successful. However, there were a few misclassification results as presented in the confusion matrix
of training and testing. In the training confusion matrix, the periosteum layer of about 716 out of
70006 data is classified in a first cortical layer which is about 1.02 % incorrect prediction. Another
misclassification is also found in the first cortical layer with 677 out of 69913 data predicted in the
periosteum layer which is about 0.97 % classification error. The perfect classification result was
shown in the spongy layer where 100% data was classified correctly.

In the testing confusion matrix, the periosteum layer of about 284 out of 29993 data is classified
in a first cortical layer which is about 0.95 % incorrect prediction. Another misclassification is also
found in the first cortical layer with 323 out of 30084 data predicted in the periosteum layer which is
about 1.07 % classification error. The perfect classification result was shown in the spongy layer
where 100% data was classified correctly.
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Figure 9. Confusion matrix: (a) Training; (b) Testing.

6. Conclusions

A review of an orthopedic bone drilling study with an example of bone layer classification using
vibration signal and LSTM method is presented. This review study aimed to provide a state-of-the-
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art bone drilling study that will be useful for the researchers in developing a new method or a new
research direction. One summary that can be highlighted according to the review study is the
potential research direction in the development of the medical training system simulation and robotic
driving. The medical training system simulation needs several sensor inputs for user feedback. This
paper presented potential information that can be provided from the accelerometer. An example of
the machine learning method i.e. LSTM is selected to show the benefit of utilizing the vibration signal
for bone drilling study, especially for bone layer classification. Since only 2 datasets from 2 bone
drilling holes used in this review paper, the future studt will analyse all the available data with
several machine learning and deep learning methods.
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