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Abstract

Deep learning for time series sequence individual data instance classification
can revolutionize computer assisted navigation by providing surgeons with
accurate, real-time instrument locality through automatic instrument locali-
zation. This paper presents an evaluation of Deep Learning models to perform
individual data instance classification of time series data. The models explored
include convolution and recurrent networks, as well as state-of-the-art resid-
ual and inception architectures. The time series data used to evaluate the mod-
els consists of depth and force measurements from a drill. Four recurrent neu-
ral network models using long short-term memory and gated recurrent units,
known as baseline models, and four models using 1D convolution with ResNet
and Inception architectures, known as advanced models, were evaluated by
determining the data instance membership of the four classes. The four classes
represent four distinct regions in a bone traversed by the drill bit during a
surgical procedure. First, the time series data is preprocessed, identifying the
four classes or regions of the bone. Next, the paper presents a discussion of the
network architecture and modifications of both the basic and advanced deep
learning models, followed by the training process and hyperparameters tun-
ing. The performance of the models was evaluated using the precision and re-
call performance parameters. Out of the eight models evaluated, the recurrent
neural network with gated recurrent units has the best performance. The pa-
per also demonstrates the importance of the feature depth over the feature
force in classifying the data instances, followed by the effects of the imbalanced
dataset on the performance of the models.
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1. Introduction

Distal radius fractures are the most common type of fracture for both pediatric
and elderly patients [1]. In the event of an unstable or displaced distal radius frac-
ture, it is common to set portions of the affected bone through open reduction
internal fixation (ORIF) with angular stable fixation plates and volar locking
plates [2].

Orthopedic surgeons perform ORIF to set distal radius fractures by creating an
incision to access the bone, drilling into the affected bone, and then attaching
plates with screws to set the bone. During this procedure, the surgeon estimates
the position of the drill in the patient’s bone through the tactile response from the
drill. Optionally, a metal plate may be used as a guard on the backside of the bone
to prevent the drill from plunging into the soft tissue and tendons on the opposite
side of the bone. Appropriate screw lengths are estimated using a depth gauge and
can be verified through fluoroscopy.

The current method of using tactile feedback to estimate the position of the drill
leads to hardware misplacement (incorrect screw sizes) and increased plunge
depth [3]. Misplaced hardware can lead to complications with tendon irritation,
tendon rupture, or nerve damage, all of which require hardware removal [4].
Plunging into the tissue surrounding the bone can lead to soft tissue damage, per-
manent disability, or life-threatening bleeding [5]. If surgeons can place the hard-
ware more precisely while simultaneously decreasing plunge depth, the efficacy of
distal radius surgery and similar orthopedic surgeries would increase.

Methods of separately improving hardware placement or decreasing plunge
depth exist. Yet, technology to improve both simultaneously is still elusive. Hard-
ware placement has been improved by using fluoroscopic views to check the po-
sitioning of each screw [6], and plunge depth has been decreased by using physical
drill stops [5] or dual motor drills [7].

Without knowing the exact diameter of the bone, using fluoroscopic views, drill
stops, or current dual motor drills will only ameliorate the complications common
to this surgery, not prevent them. If the precise locality of the drill can be provided
to the surgeon in real time, the surgeon would know at what depth they encounter
and pierce the second bone wall. Subsequently, the surgeon would also know the
appropriate length of each screw.

Surgical drills that have sensors such as force/pressure, depth, and torque sen-
sors are currently being explored [7] [8], but have not been widely adopted. If
these sensors can be leveraged by a computer-assisted navigation (CaN) system to
perform drill localization within the bone, then surgeons will know where the drill
is in the bone, including at what depths they have encountered and pierced the
first and second bone walls.

CaN has been used to assist surgeons in their practice for approximately 30
years. It includes both active (computer augmented controllers, ACaN) and pas-
sive (computer augmented feedback, PCaN) implementation schemes [9]. Cur-

rent ACaN systems require the construction of computer-aided design (CAD)
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models of the patient prior to the operation, and close monitoring for accurate
patient-to-model registration and instrument localization during the operation.

Patient-to-model registration is the process of synchronizing the patient’s po-
sition with a model of the patient such that the anatomy of the patient aligns with
the anatomy represented in the model. Instrument localization is the process of
precisely locating and representing the position of the drill with respect to the
patient and the operating region.

ACaN systems are expensive to operate [10], which precludes their use in op-
erations where preoperative modeling yields marginal improvement in patient
outcomes. The operating cost of ACaN can be reduced by performing automatic
instrument localization without CAD modeling and patient-to-model registra-
tion. This is only feasible in operations where the instrument traverses material
that is measurably unique, such as using a drill to operate on distal radius frac-
tures.

To perform automatic instrument localization, the localization algorithm must
be 1) temporally/spatially aware, 2) able to process individual data instances, and
3) capable of generalizing to new data. It is imperative that the algorithm is capa-
ble of generalizing from one patient to another and from one surgeon to another;
because no preoperative modeling or operative registration will be performed, and
each surgeon may use the device differently.

Statistical localization algorithms such as Kalman filters or simultaneous local-
ization and mapping (SLAM) are spatially aware and able to process individual
data instances. However, these algorithms do not generalize well from one distri-
bution to another. Although the distribution of bone width is stable between pa-
tients, the distribution of force and velocity will not be stable from one surgeon to
the next. Thus, statistical localization algorithms will fail with the large variance
of the distribution of force and velocity associated with each surgeon.

The major shortcoming of statistical localization methods is how poorly they
generalize; thus, approaches that can generalize, such as machine learning (ML),
need to be investigated. The state-of-the-art ML approaches which are applicable
to this localization task include kernel methods with distance functions and deep
learning (DL).

Kernel methods with distance functions such as K-nearest neighbors (KNN)
with dynamic time warping (DTW) are temporally/spatially aware, can process
individual data instances, and may generalize well enough for this research. The
major limiting factor with these models is the relationship between prediction
speed and data availability. As more data becomes available, these models become
slower and may not predict in real time.

Deep learning (DL) is well suited to perform automatic instrument localization
when the problem is approached as a time series classification (TSC) task because
it can address all three requirements listed below:

1) DL models for TSC include convolutional neural networks (CNN) and re-

current neural networks (RNN), which are both temporally/spatially aware network
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architectures.

2) DL models for TSC can be used for individual data instance classification
(IDIC) by adjusting the input data flow.

3) DL models are better at generalizing new data than the state-of-the-art kernel
functions with distance measures.

In this work, LSTM and GRU-based baseline networks, as well as state-of-the-
art TSC architectures, including residual networks and inception networks, are
investigated to perform automatic instrument localization through IDIC.

The work is organized as follows: Section 2 clarifies the research problem, Sec-
tion 3 reviews related research, Section 4 discusses data preprocessing for ML,
Section 5 establishes the explored architectures and training procedure, Section 6

presents the findings, and Section 7 provides concluding remarks and future work.

2. Research Problem

Figure 1 provides an illustration of drilling through the bone to set a distal radius
fracture and demonstrates an ideal sequence of data instances collected from a
depth sensor and a force sensor while drilling through a bone. Ideal in this context
means low noise and easily interpreted through visual analysis. Region 1 corre-
sponds to drilling on bone wall 1; Region 2 corresponds to drilling between bone
walls; Region 3 corresponds to drilling on bone wall 2; and Region 4 corresponds

to drilling beyond the bone.

In Bone Wall 1 Between Walls In Bone Wall 2 Through Bone
1 2 3 4

6.51
6.0+
5.5
5.0
4.51
4.01
3.5
3.0

Force Ibf

0 2 4 6 8 10 12 14
Depth mm

Figure 1. (Top) Simplified illustration of drilling through a bone. (Bottom) A window of
data from an ideal sequence of data points showing the drill in use.

In the ideal case, the procedure progresses monotonically with respect to depth,

and the transitions between classes can be clearly visualized using the relationship
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between depth and force. The applied force should be high when drilling on bone
and low when drilling elsewhere. For the change in depth over time (velocity) the
opposite is true; velocity should be low when drilling on bone and high when drill-
ing elsewhere. However, noise introduced by the surgeon and/or depth sensor can
make sections of the procedure appear to run in reverse, as the depth may occa-
sionally decrease. Also, surgeon-induced oscillations and noise from the force sen-
sor can obscure the transitions between regions.

Provided accurate classification of the data instances, the surgeon will know
exactly where the drill is in the bone and the drill will automatically stop when it
has pierced the second bone wall (transitioning from region 3 to region 4). But,
there are two situations in which incorrect classification may cause undesirable
outcomes: if the drill is stopped while in the bone (classifying regions 1, 2, or 3 as
region 4), or if the drill is allowed to plunge into the soft tissue (classifying region

4 as either region 1, 2, or 3).

3. Related Work

In the past decade, there have been incredible strides in using DL techniques for
time series (T'S) forecasting [11] [12], computer vision [13]-[15], and natural lan-
guage processing (NLP) [16]-[18], but there has been little development of novel
deep neural networks (DNN) for TSC [19]. Unlike their counterparts, DL tech-
niques for TSC have only recently begun to provide comparable performance to
other state-of-the-art methods. The state-of-the-art TSC methods that DL is com-
monly compared to are kernel methods with distance functions.

Two causes for the recent improvement of DL techniques for TSC are increased
data availability and improved computer vision models. DNNs flourish in data-
rich settings, but kernel methods with distance functions struggle to interpret
large datasets efficiently. DL computer vision models have improved significantly
in the last decade, and some state-of-the-art DNN models for TSC have been
adapted from these computer vision models.

It is common to use transforms such as Gramian angular fields or Markov tran-
sition fields to represent a TS as an image and then use state of the art image mod-
els for classification [20]. It has also become common to adapt state of the art
image processing architectures (classification or segmentation) to TSC [21] such
as the residual and the inception architectures.

The residual connection, the foundation of residual neural networks (ResNets),
was successfully used in deep neural networks by He et al. [22] to train deep image
classification networks while avoiding the issue of vanishing gradients. The Res-
Net architecture was later successfully adapted for TSC by Wang et al. [23] to ad-
dress vanishing gradients in TSC models. The ResNet implemented by Wang et
al. consists of three residual blocks followed by a global average pooling layer and
a Softmax output layer. The residual blocks in their work consist of three 1D con-
volution layers, each followed by a batch normalization layer and a rectified linear

unit (ReLU) activation layer. This architecture places the batch normalization
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layer before the activation layer which has been experimentally proven to be in-
correct [24]. This architecture mimics their fully convolutional network (FCN) to
allow an accurate comparison of the two models, but it is not designed to optimize
performance. Thus, this work is only a demonstration of a working ResNet for
TSC. They used the Adam optimizer and categorical cross entropy (CCE) loss to
train their ResNet model on the UCR time series archive [25] and found that Res-
Net could compete with the performance of the state-of-the-art kernel methods.

The DNN inception architecture was introduced by Szegedy et al [26] to in-
crease model representational power for image segmentation and was successfully
adapted for TSC by Fawaz et al. [27] in their Inception Time network. The Incep-
tion Time network consists of two residual blocks, each spanning three inception
modules, a global average pooling layer after the inception portion of the network,
and a linear layer classifier after the pooling layer. Under the network architecture
of Inception Time, an inception module consists of a bottleneck layer followed by
three parallel 1D convolution layers and an average pooling layer (in parallel with
the convolution layers), with all four parallel layers concatenated into one output.
The bottleneck layer either reduces the dimension of a multivariate input, through
multi-channel 1D convolution layers, or maintains the dimension of a univariate
input, through an identity layer. The three convolution layers process the output
of the bottleneck layer with various kernel sizes to learn information present at
different sample rates. They used the Adam optimizer to train their Inception
Time network on the UCR time series archive [25] and found that their network’s
performance is comparable to the state-of-the-art kernel methods as well as the
ResNet network developed by Wang et a/. [23].

Research on DNN for TSC continues to progress without addressing IDIC, as
evidenced by the absence of publications on the subject. Instead, research on DNN
for TSC almost exclusively focuses on whole sequence classification. In this re-
search, the use of state-of-the-art DNN for whole sequence TSC on the task of
IDIC is explored. This is done by comparing the performance of state-of-the-art
architectures and baseline networks on the task of localizing a drill while it

traverses a bone.

4. Data Preprocessing

The curated data used in this research was gathered by researchers using a drill
that utilizes depth (distance) and forces sensors to track the drill bit’s position
while boring holes in cadavers and bone-like substances. With input from domain
experts, three change points are identified in the data. A typical sequence is shown
in Figure 2, where the force applied to the patient is plotted with respect to the
distance traversed in the bone, and vertical red lines identify the three change
points. It can be seen that the four regions or classes include data in the ranges [0,
2] mm, [2, 8] mm, [8, 12] mm, and [12, 15] mm. The two peaks represent the drill
bit penetrating the first and second walls of the bone, and the parabolic region

with a flat bottom depicts the drill bit’s traversal between the bone walls.
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Table 1. Analysis of raw data.

6.51
6.01
5.51

5.01
4.51
4.01

Force Ibf

3.51

3.01

0 2 4 6 8 10 12 14
Depth mm

Figure 2. A window of data from an ideal sequence of data points showing the drill in use.

4.1. Preliminary Data Analysis

The dataset consists of 2312 data sequences, resulting in a total of 39,222,088 in-
dividual data instances. In Table 1, the maximum value, minimum value, global
mean ( ), global standard deviation ( o ), average sequence mean ( £ ), and av-
erage sequence standard deviation (& ) of the two input features force and dis-
tance are presented. The global 1 and o are computed over all data samples.
In contrast, the average sequence /i and & are computed by finding the u
and o of each sequence (a drill operation) and then averaging over the number
of sequences processed. In this data, sequence length is not constrained because it
is dependent on various factors such as the thickness of the bone, the surgeon, etc.
Hence, longer sequences will have more influence on the distribution than shorter
ones. To address the sequence length variability, the average sequence statistics

are computed irrespective of sequence length.

Feature Max
Depth mm 86.470
Force Ibf 21.990

Min U o yoi G
-76.260 5.619 14.043 6.344 9.807
—4.630 3.017 2.400 2.762 1.075

The device’s depth sensor is configured to operate in the range [0, 64] mm, and
the device must follow the physical limitation of positive depth during the opera-
tion. Similarly, the force measurements should be positive with the drill being
pushed through the bone. However, the force may be negative due to calibration
issues of the sensor, rebounding of the drill bit from a collision with bone or tra-
beculae (floating mass inside the bone), and the drill being pulled back at the end
of the procedure. Therefore, the minimum and maximum values of the depth and

force from Table 1 imply that the data must be preprocessed.
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4.2. Data Preprocessing

The preprocessing steps performed restrict the data to the operation range, reduce
noise, and normalize the features of ML. The four preprocessing steps include
truncation, positive monotonic restriction, pruning, and normalization.

Truncation (the process of removing data from a series) was used to prune data
recorded after the end of the procedure by limiting each sequence to the range
[ty :fuex |- Where ¢, represents the time of the first zero depth measurement and
t.. represents the time when the drill achieved its maximum depth for that se-
quence.

To reduce noise from the surgeon and the sensors, the recorded depth meas-
urements were constrained to be positive monotonic. This constraint removes
measurements where the drill is stationary or moving backward and simplifies the
data by ensuring the sequences progress linearly between classes. The force meas-
urements were also removed at the corresponding times to maintain the temporal
alignment of the data. The validity of the assumption that the procedure may be
restricted to positive velocity was verified by the domain experts.

After truncation and monotonic restriction, the sequences that could not be
labeled with high confidence were pruned to clean the data further. This included
sequences that deviated significantly from the examples provided by the domain
experts and series in which too much noise was present to label the data accu-
rately. Label confidence was decided based on how much the series diverged from
the examples labeled by the domain expert.

Feature normalization was performed by constraining the data to the range [0,
1], using the maximum sensor value for Depth mm (64 mm) and the largest meas-
ured value for force (22 1bf). The common method of z-normalization was not
used because performing a zero mean shift on the data would violate the physical
constraint of positive depth. After preprocessing, the data consists of 1,375,999
samples among 1341 series.

Data partitioning into sets was conditioned on label confidence. The labels with
the highest confidence were provided by a domain expert, and this data was used
for the validation and test datasets. The labeling for the training set was performed
by studying the validation and test datasets. The data distribution under this par-
titioning scheme was 87.33% (1013 sequences) training, 7.16% (199 sequences)
validation, and 5.51% (129 sequences) test. As was introduced in section 1, an
inherent imbalance is present in this data. After labeling, the portion of the total
data instances represented by each class is 28.54% (class 1), 12.15% (class 2),
41.04% (class 3), and 18.26% (class 4). The statistics per class are shown in Table
2 and the class-colored histograms are shown in Figure 3.

The statistics in Table 2 show the labeled data is much closer to the valid range
for the depth sensor, and the magnitude of the negative force data has been re-
duced. For the depth data, x# and o arelargerthan 4 and & for all clas-
ses. Because the average sequence statistics are both smaller than the global sta-

tistics, there exist long sequences that have higher x# and o than the average
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sequence. The reduction in the negative force measurements could be due to the
removal of the data from drill extraction, which occurs after the maximum depth

has been reached.

Table 2. Labeled data statistics by class.

Feature - Class Max Min u o i G

Depth mm - 1 26.360 -0.670 3.687 3.022 2.567 1.254
Depth mm - 2 42.720 0.010 13.015 7.004 9.771 2.983
Depth mm - 3 57.550 0.610 22.413 9.157 17.118 1.575

Depth mm - 4 63.530 0.960 28.237 11.138 25.359 2.562

Force Ibf - 1 21.990 -0.990 3.241 3.010 3.437 0.569
Force Ibf - 2 21.990 -0.950 3.193 2.620 3.416 0.464
Force Ibf - 3 21.990 -0.580 3.627 2.650 3.816 0.362
Force Ibf - 4 21.990 -1.630 3.290 2.651 3.353 0.512

Count

U

!I|||!!!!‘§|uf'?v'*-“"' i

20

li

L
30

40000 -
35000
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25000
20000
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15000 -
10000 1
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0-

40 15 20

Depth mm Force Ibf

Figure 3. Labeled data subset histograms.

Theoretically, the force values should have a high magnitude when the drill is
in contact with the bone and a low magnitude when drilling elsewhere; however,
this relationship does not hold well in this dataset. This point is evident in the
histogram in Figure 3 and substantiated by the approximately equal 4z and
small o for each class of the force data in Table 2.

In Figure 3, the histograms show significant overlap between classes in both
depth and force data. Although the force data does not provide any differentiation
between classes, the force has been included, as suggested by the domain experts,
to identify perturbations. A perturbation is a collision between the drill and tra-
beculae (floating materials between the walls of a bone), which causes the force to

be near zero or negative and the depth to decrease or stagnate.
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5. ML Architectures and Training

The three previously established requirements for an automated instrument lo-
calization algorithm are reiterated below:

1) Temporally/spatially aware

2) Able to process individual data instances

3) Capable of generalizing to new data

The first requirement was addressed through the architecture selection: CNN
and RNN. In this section, the other two requirements are addressed by investigat-
ing the data loading process and examining network inference performance on
the test set.

ML for IDIC is not currently widely researched; thus, this work explores the use
of various network architectures to solve the problem of IDIC. This section first
provides the model architectures and hyperparameters, followed by the training

and evaluation procedures, and finally, a discussion of the inference results.

5.1. Architectures

The models constructed in this research were broken into two stages: a temporal
transformation stage and a classification stage. First, in the temporal transfor-
mation stage, the input time series is transformed into a latent space by convolu-
tion or recurrent layers. Then, in the classification stage, the latent vectors are
classified by linear layers. The layers for these two stages were grouped into re-
peatable blocks to simplify the architecture. The convolution, recurrent, and lin-
ear blocks are shown in Figure 4. The baseline network architectures are pre-
sented in Table 3. The input width for these models is 32 data instances and the
output is a softmax layer with 4 neurons.

The regularization techniques, dropout [28] and batch normalization [29], were
included to prevent overfitting and to increase generalization. A dropout percent
of (25%) was determined adequate heuristically for RNN 1 and was then main-
tained for all networks.

The advanced network architectures include Residual networks (ResNets) and
Inception networks. These networks use the same block structure as was discussed
previously and have softmax output layers with 4 neurons. The advanced network

architectures are shown in Table 4.

Rec. Block Conv. Block Linear Block
[ Recurrent Layer | ( Convolution Layer | ( LinearLayer |
[ Dropout: 25% | [ LeakyRelu | ( Leak; RelU |
[ Recurrent Layer | ([ BatchNorm | ( Batch’Norm ]
[ BatchNorm | [ Dropout: 25% | ( Dropo:t: 25% |

Figure 4. A diagram of the layer configuration used in a recurrent (rec.) block, a convolu-
tion (conv.) block, and a linear block.
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Table 3. Baseline model architectures.

Name RNN 1 RNN 2
Layer type LSTM LSTM
Input width 32 32
# Rec. blocks 1 1
Rec. layer width per block 256 64
# Linear blocks 3 3
Linear layer width per block 32,16,8 32,16,8
Output width 4 4
Name RNN 3 RNN 4
Layer type GRU GRU
Input width 32 32
# Rec. blocks 1 1
Rec. layer width per block 256 128
# Linear blocks 3 3
Linear layer width per block 32,16,8 32,16,8
Output width 4 4
Table 4. Advanced model architectures.
Name ResNet 1 ResNet 2
Layer type Conv. 1D Conv. 1D
Input width 32 32
# Residual blocks 2 8
Conv. layer width per block 64 64
# Linear blocks 1 0
Linear layer width per block 16 N/A
Output width 4 4
Name Inception 1 Inception 2
Layer type Conv. 1D Conv. 1D
Input width 32 32
# Inception blocks 8 8
Conv. layer width per block 64 64
# Linear blocks 1 0
Linear layer width per block 16 N/A
Output width 4 4
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The model architecture space was explored in a binary search fashion. A non-
trivial model that underfits the training data was found, and a model that overfits
the training data was found. Finally, the space between these two models was ex-
plored. A total of 10 models were found for this research, two models using each
temporally aware layer type and each advanced architecture type. The advanced
model architectures are shown in Table 4, which follows the same block notation
as in Table 3.

5.2. Training

For training, the data was windowed to 32 data instances and grouped into batches
of 128 windows by a custom data-loader. To maintain temporal relevance, data
within the windows was not shuffled, and windows were not allowed to bridge
sequences. The maximum number of epochs was set to 2048 with early stopping
patience of 50 epochs and checkpoint saving, both conditioned on improvement
in the validation loss. For all models, the learning rate was held constant at 0.0001,

and optimization was performed using the Adam optimizer.

® Class 1
1 Cl 2
14 :c;:zs /
12 ® Class 4
10+
1S
€ 8
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Figure 5. Classification using depth vs time.
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Figure 6. Classification using force vs time.
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Figure 7. Classification using force vs depth.

Using the device’s depth and force sensors as input features, the models were
trained on three datasets: two univariate and one bivariate. The two univariate
datasets were constructed from each input feature individually. The bivariate da-
taset includes both input features. Example plots showing data from the same la-

beled sequence, but from each dataset, are shown in Figure 5 through Figure 7.

6. Results

The performance of all models considering the accuracy of each class for the test

data set is shown in Table 5. Examining the prediction accuracy of the inference

models on each class, the following salient performance characteristics can be

identified:

® For all inference models, the prediction accuracy is significantly higher on the
univariate depth dataset than on the univariate force dataset. It can be inferred
that the models have learned to classify the univariate depth data but have not
learned to classify the univariate force data.

® Examining the univariate force sequence shown in Figure 6, there are multiple
instances where the magnitude of the force is the same. This may be the cause
for the low inference accuracy on the univariate force dataset.

® The univariate depth dataset exhibits well-defined boundaries for each class,
which can be seen in Figure 5, whereas the univariate force dataset does not
exhibit similar boundaries for each class.

® For all inference models, the performance with the bivariate dataset is compa-
rable to the performance with the univariate depth dataset. Since the same or
higher accuracy is achieved with the univariate depth data, the models may
have learned to rely only on the depth patterns for inference.

® Considering the individual prediction accuracy of each class, RNN 3 has
achieved the best performance of the baseline models, and ResNet 2 and In-
ception 2 have achieved the best performance among the advanced models.

® The accuracy of models RNN 3, ResNet 2, and Inception 2 is low in classes 2

and 4 compared to the accuracy in classes 1 and 3. The data instances of class
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2 are from the region between bone walls, while class 4 data instances are from
the region beyond the second bone wall where the drill has plunged into the
surrounding tissue. In both regions, the number of data instances is signifi-
cantly less than that in the regions representing classes 1 and 3. The percent of
data represented by each class is 28.24% (class 1), 12.26% (class 2), 41.95%
(class 3), and 17.55% (class 4). This imbalance in the dataset is caused by the
constant sampling rate of the sensors on the drill accompanied by a faster tra-
versal speed in class 2 and 4 regions. Due to this imbalance in the training
dataset, the training is biased towards learning classes 1 and 3.

All of the best performing models have low class 2 accuracy with an average
accuracy of 34%. This can be due to a low number of class 2 data instances in
the training dataset.

The ResNet 2 model has the best overall accuracy according to class accuracy

performance.

Table 5. Composite inference accuracy for all models trained with original data.

Model Feature set  Class1 (%) Class2 (%) Class3 (%) Class4 (%)

Depth 96.6 35.2 73.5 39.0
"RNN 1 F 14.9 12.2 63.8 7.6
orce . . . .

(LSTM)
Bivariate 94.6 349 72.4 24.4
Depth 97.0 33.9 75.5 39.0
"RNN 2 F 14.2 9.5 71.2 8.8

orce . . . .

(LSTM)
Bivariate 97.4 344 71.7 21.3
Depth 96.1 33.6 76.9 57.4

*RNN 3
Force 22.7 7.4 65.7 5.6

(GRU)
Bivariate 98.2 29.5 70.8 22.6
Depth 95.4 329 77.3 56.3

*RNN 4
Force 13.6 10.3 76.3 4.9

(GRU)
Bivariate 95.6 34.1 74.8 27.3
Depth 96.0 33.2 74.2 65.8
*ResNet 1 Force 20.0 11.6 66.6 6.0
Bivariate 96.7 34.5 60.2 18.6
Depth 93.5 34.8 75.3 68.3
*ResNet 2 Force 154 6.1 68.6 5.7
Bivariate 96.4 35.0 62.5 15.3

DOI: 10.4236/jcc.2024.1211014 200 Journal of Computer and Communications


https://doi.org/10.4236/jcc.2024.1211014

J. A. Blaney, S. S. Muknahallipatna

Continued
Depth 96.2 35.7 62.5 59.0
*Inception 1 Force 28.5 21.5 51.9 10.9
Bivariate 97.3 23.2 50.6 29.2
Depth 95.3 345 80.9 56.2
*Inception 2 Force 25.2 20.5 65.9 5.8
Bivariate 95.6 27.1 52.9 25.6

Since the dataset consists of strongly imbalanced classes, the accuracy-based
performance of the models can be misleading. From surveying the literature for
metrics specific to IDIC, it was determined that the precision and recall perfor-
mance metrics would adequately describe model performance. Therefore, the per-
formance is analyzed further for only RNN 3, ResNet 2, and Inception 2 models
using the precision and recall performance metrics.
® DPrecision metric (probability) is the ratio of correct positive predictions to total
positive predictions (sum of true and false positives). The precision for the
positive class does not imply anything for the negative classes.

® Recall metric (probability) is the ratio of correct positive predictions to the
number of positive labels (all samples that should be classified as positive).

The precision and recall metrics of the three models are presented in Table
6, computed from the confusion matrices in Table 7. Examining the confusion
matrices of all three models, it can be inferred that all three models perform
poorly in classifying class 2 data instances, with a 65% false positive rate. This
inference is further validated by the very low (0.34 probability) precision and
recall metrics of all the models. The recall metric for class 1 is significantly
higher (0.93) compared to the precision metric (0.70), indicating that all of the
models are correctly identifying data instances belonging to class 1 as class 1,
Le., with respect to class 1 classification, the models are able to generalize. Sim-
ilar performance with class 3 can be observed since both the precision (0.80)
and recall metrics (0.76) are high and approximately the same. However, in the
case of class 4, the recall metric is low for all models, indicating that all models
are classifying a significant number of class 4 data instances as other classes.
This uneven performance can be attributed to the strongly imbalanced classes
in the training dataset biasing the network models to learn the characteristics
of classes 1 and 3 only.

Furthermore, studying the training loss shown in Figure 8, it can be inferred
that RNN 3 is performing better compared to ResNet 2 and Inception 2 models.
The ResNet 2 and Inception 2 models exhibit overfitting as the validation loss does
not decrease with the corresponding decrease in the training loss. In contrast, the

RNN 3 validation loss decreases with the decrease in the training loss.
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Table 6. Performance metrics precision and recall for models RNN3, ResNet 2, and Incep-

tion 2.
Model Metric Class 1 Class 2 Class 3 Class 4
*RNN 3 Precision 0.6969 0.3361 0.7982 0.9133
(GRU) Recall 0.9611 0.3366 0.7690 0.5741
Precision 0.6960 0.3417 0.8278 0.9198
*ResNet 2

Recall 0.9344 0.3482 0.7538 0.6834

Precision 0.7280 0.3558 0.7716 0.9437

*Inception 2

Recall 0.9536 0.3450 0.8092 0.5628

Table 7. Confusion matrices for models RNN 3 (top), ResNet 2 (middle), and Inception 2

(bottom).
RNN 3 (GRU)
\\\\\ Label
Pred \\\\\\ 1 2 3 4
1 24,516 7619 2843 202
2 941 4144 3994 3252
3 45 309 26,067 6235
4 6 241 992 13,058
ACC 0.9611 0.3366 0.7690 0.5741
ResNet 2
\\\\\ Label
Pred \\\\\\ 1 2 3 4
1 23,853 7338 2623 339
2 1606 4287 4690 1962
3 36 377 25,551 4901
4 13 311 1032 15,545
ACC 0.9351 0.3482 0.7538 0.6834
Inception 2
h S~ Label
Pred \\\\\\ 1 2 3 4
1 24,324 7529 1519 39
2 1016 4248 4273 2403
3 168 449 27427 7502
4 0 87 677 12,803
ACC 0.9536 0.3450 0.8092 0.5628
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Figure 8. Plots of training and validation loss for models RNN 3 (left), ResNet 2 (right),
and Inception 2 (bottom), trained with the univariate depth dataset.
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7. Conclusions and Future Work

The plunge depth and hardware placement in existing ORIF methods to set dis-

placed distal radius fractures can be improved by providing the surgeon with an

accurate locality of the drill during the operation. In this work, automatic instru-

ment localization leveraging DL models for time series IDIC was evaluated on a

dataset from a drill that has a force sensor and a depth sensor. After data prepro-

cessing, CNN and RNN architectures, including state-of-the-art residual and in-

ception architectures, were evaluated. The significant performance results of the

models are presented below:

® The data from the depth sensor has well-defined boundaries for each class, and
all of the DL models were able to learn when training with the univariate depth
dataset.

® The data from the force sensor does not have well-defined boundaries for each
class, and therefore none of the models learned to classify the data using the
univariate force dataset.

® The best-performing baseline model was RNN 3, and the best-performing ad-
vanced models were ResNet 2 and Inception 2. However, ResNet 2 and Incep-
tion 2 both exhibited overfit during training.

¢ All models performed significantly better at classifying data from drilling on
the bone walls (classes 1 and 3) than at classifying data from drilling elsewhere
(classes 2 and 4), due to the imbalance in this data.

It may be possible to improve classification performance by balancing the da-
taset prior to training. Since it is not possible to change the sampling rate of the
sensors of the drill or to require a surgeon to traverse at a lower speed in the re-
gions corresponding to classes 2 and 4, both removing data instances from the
overrepresented classes and generating synthetic data instances for the un-

derrepresented classes should be investigated.
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