
This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.

IEEE TRANSACTIONS ON CYBERNETICS 1

A Multilayer and Multimodal-Fusion Architecture
for Simultaneous Recognition of Endovascular

Manipulations and Assessment of Technical Skills
Xiao-Hu Zhou , Member, IEEE, Xiao-Liang Xie , Member, IEEE, Zhen-Qiu Feng,

Zeng-Guang Hou , Fellow, IEEE, Gui-Bin Bian , Member, IEEE, Rui-Qi Li, Graduate Student Member, IEEE,
Zhen-Liang Ni, Shi-Qi Liu, and Yan-Jie Zhou, Graduate Student Member, IEEE

Abstract—The clinical success of the percutaneous coronary
intervention (PCI) is highly dependent on endovascular manip-
ulation skills and dexterous manipulation strategies of interven-
tionalists. However, the analysis of endovascular manipulations
and related discussion for technical skill assessment are limited.
In this study, a multilayer and multimodal-fusion architecture
is proposed to recognize six typical endovascular manipulations.
The synchronously acquired multimodal motion signals from ten
subjects are used as the inputs of the architecture independently.
Six classification-based and two rule-based fusion algorithms
are evaluated for performance comparisons. The recognition
metrics under the determined architecture are further used to
assess technical skills. The experimental results indicate that
the proposed architecture can achieve the overall accuracy of
96.41%, much higher than that of a single-layer recognition
architecture (92.85%). In addition, the multimodal fusion brings
significant performance improvement in comparison with single-
modal schemes. Furthermore, the K-means-based skill assessment
can obtain an accuracy of 95% to cluster the attempts made
by different skill-level groups. These hopeful results indicate
the great possibility of the architecture to facilitate clinical skill
assessment and skill learning.

Index Terms—Endovascular manipulations, multilayer and
multimodal-fusion architecture (MMFA), percutaneous coronary
intervention (PCI), technical skill assessment.
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I. INTRODUCTION

PERCUTANEOUS coronary intervention (PCI) is a non-
surgical procedure used to open a blocked coronary artery

and restore arterial blood flow to heart tissue [1]. In PCI
procedures, a guiding catheter is inserted into a large periph-
eral artery and threaded to the appropriate coronary ostium
at first. Through the catheter lumen, a guidewire is then put
into the coronary artery until its tip threads past the stenosis
for several centimeters. Next, a balloon/stent catheter is deliv-
ered along the positioned guidewire to the desired treatment
site and inflated to keep the blocked artery open [2]. Recent
studies have shown the thin and flexible structures of these
tools can result in long learning curves to skill training of
PCI, and the clinical success depends largely on endovascular
manipulation skills and dexterous strategies of intervention-
alists [3], [4]. Therefore, it is necessary to explore effective
techniques to analyze endovascular manipulations and assess
technical skills.

Recently, some research focused on using machine learning
algorithms to recognize surgical manipulations. Naik et al. [5]
used a linear discriminant analysis (LDA) classifier to recog-
nize finger extension and flexion based on electromyography
(EMG) and cyberglove data. Ten types of finger flexion and
extension actions from ten intact subjects were classified with
near 90% classification accuracy. Lin et al. [6] used a naive
Bayes (NB) classifier to recognize surgical motions using a
da Vinci system’s API signals, which were projected by the
LDA algorithm to lower dimension. Their preliminary stud-
ies obtained the accuracies above 91% for both expert and
intermediate manipulations. Stauder et al. [7] utilized a ran-
dom forest (RF) algorithm to recognize surgical workflow
phases with instrument usage data and other measurements
in laparoscopic cholecystectomy. The algorithm was evalu-
ated on 45 000 training and 15 000 testing samples, achieving
an accuracy of 68.78%, an average recall over classes of
73.41% and an average Jaccard index of 58.64%. Integrating
a dynamic time warping distance measure, Fard et al. [8]
developed a k-nearest neighbor (KNN)-based classification
algorithm to recognize surgical tasks and gestures in laparo-
scopic surgery. Compared with state-of-the-art methods, it
can achieve up to 9% improvement on three tasks: 1) knot
tying; 2) needle passing; and 3) suturing. Despinoy et al. [9]
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compared the capabilities of support vector machine (SVM)
and KNN on the recognition of surgical gestures in robotic
laparoscopic surgery. The results indicated both algorithms
obtained similar results with an average matching score of
81.9%. Estebanez et al. [10] applied a neural network (NN)-
based classifier to model and identify laparoscopic maneuvers.
The classifier was trained with 450 maneuvers and validated
with other 105 independent ones, obtaining an accuracy of
over 93%. Lalys et al. [11] evaluated a set of machine learning
algorithms (LDA, RF, KNN, SVM, and NN) on the recogni-
tion of six phases in pituitary surgeries, where SVM achieved
the best correct classification.

Also, there has been a propulsion to develop multilayer or
multilevel architectures to fusion multimodal data for recogni-
tion tasks. Ellis et al. [12] developed a multilevel classification
system for physical activity recognition. The low-level RF layer
encodes accelerometer and global positioning system (GPS)
data to produce minute-level probabilities for each activity
class. The high-level classifier uses a hidden Markov model
(HMM) to learn patterns of transitions and durations of activi-
ties over time to smooth the minute-level predictions. A dataset
from 40 women wearing accelerometer and GPS sensors for
seven days was used to evaluate the multilevel system and
an overall accuracy of 85.6% is achieved. Based on the the-
ory that different facial expressions can be grouped into three
categories, Siddiqia et al. [13] designed a multilayer recog-
nition structure for facial expression recognition. An HMM
classifier is employed to determine one of three categories
at the first layer. Then, at the second layer, the label for an
expression within the recognized category is recognized using
a separate set of HMMs. The recognition system was evalu-
ated on a total of 2250 expression images with an accuracy
of 98%, outperforming other existing methods. Rathor and
Jadon [14] proposed a three-layer architecture to recognize
the acoustic domain. At the first layer, preliminary predictions
are implemented with various classifiers (e.g., RF, KNN, and
SVM). Then, three of them, which contain target predictions,
are selected at the second layer. The selected predictions are
further integrated by another RF classifier for final recognition
results. The proposed architecture can yield the consistent and
acceptable performance (accuracy 76%) on different data sizes.

From existing literature, a large number of recognition tasks
are based on the data from visual sensors [15]–[17] rather
than other motion-sensing devices [e.g., electromagnetic (EM)
and accelerometer] [18]. However, it is difficult to acquire
dexterous endovascular manipulations with visual sensors. In
addition, most researchers pay more attention to the analysis of
laparoscopic and other surgical manipulations than endovas-
cular ones. Moreover, some works in [5]–[11] only employ
one type of algorithms to address recognize tasks, without
comparing the ability with other methods. Furthermore, cur-
rent single-layer structures have shown preliminary results on
very simple scenarios, but they are still far from optimal
performance. Although many multilayer or multilevel archi-
tectures have been developed to recognize patterns in existing
literature, classifier fusion approaches have not been exten-
sively explored as they have been in endovascular procedures
like PCI. Most multilayer architectures focus on the selection

of appropriate classifiers rather than the exploration of the
relationship among the patterns to be recognized.

For technical skill assessment, traditional techniques are
usually based on expert supervision and observation. Global
rating scales and structured checklists are frequently used
approaches to evaluate the overall competence and dexterity
of trainees. Although their abilities have been demonstrated in
some studies, the subjectivity, time consumption, and lack of
standardization still limits their application in clinical prac-
tice [19], [20]. Some researchers used motion sensors and
image-tracking softwares to evaluate tool–tissue interactions
and tool motions for skill assessment [21], [22]. The extracted
skill features, such as mean displacement and median speed,
have shown some difference between expert and novice sub-
jects [23]. However, the size and wire prevent tool sterilization
and procedure safety, leading to the limitation of exist-
ing motion-sensing devices, while low-quality images cannot
guarantee high tracking precision.

Considering the difficulties of surgical procedures, enhanced
skill assessment can be explored by analyzing surgical manip-
ulations objectively and quantitatively [7], [24], [25]. Some
researchers used EM sensors mounted on the operator’s fin-
gers to collect hand motion (HM) in endovascular procedures.
The acquired motion profiles and velocity, together with the
information from other sensors, were processed to extract
related features for technical skill assessment [26], [27].
More motion-sensing devices, such as EMG [28], accelerom-
eter [29], and fiber-optic bend sensors [30] have also been
adopted to acquire surgical manipulations for skill assessment
in laparoscopic surgery. However, the multichannel signals
acquired from these multiple sensors, thus far, have not been
integrated to obtain a more complete description of surgical
manipulations for technical skill assessment.

Motivated by the drawbacks in the above literature, a
multilayer and multimodal-fusion architecture (MMFA) is
developed to decouple different endovascular patterns and fuse
multichannel motion signals acquired from operators with four
types of sensors. Based on this architecture, simultaneous
recognition of endovascular patterns and assessment of techni-
cal skills can be implemented. It is worth pointing out that this
study only discusses guidewire delivery since it involves the
maximum patterns than the delivery of other tools. For more
readability, some important and often-used abbreviations and
their full names are given in Table I.

The main contributions of this article are three-fold.
1) An MMFA is proposed to recognize endovascular

manipulations by decoupling manipulation patterns in
the first layer and fusing motion signals from interven-
tionalists in the next two layers.

2) The multimodal fusion is based on four types of motion
signals [i.e., HM, finger motion (FM), proximal force
(PF), and muscle activity (MA)], where MA, to the best
of our knowledge, has rarely been discussed for this
application.

3) The experimental results demonstrate that the proposed
architecture can achieve the overall accuracy of 96.41%,
significantly outperforming a single-layer recogni-
tion architecture (SLRA) (92.85%) and single-modal
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(a) (b) (c)

Fig. 1. Endovascular manipulations for guidewire delivery in PCI. (a) Axial manipulation. (b) Circumferential manipulation. (c) Combined manipulation.

TABLE I
SOME ABBREVIATIONS IN THIS ARTICLE AND THEIR FULL NAME

schemes. Based on recognition metrics, technical skill
assessment is explored by distinguishing the attempts
made by different skill-level groups with a K-means
model (clustering accuracy 95%).

The remainder of this article is organized as follows.
The collection of multimodal motion signals is depicted in
Section II. The methods of data analysis are presented in
Section III in detail. The experimental results are given in
Section IV. Finally, we conclude this article in Section V.

II. DATA COLLECTION

In this section, endovascular manipulations in PCI are
defined at first. Next, the collection of motion signals is
introduced, and experimental setups are depicted finally.

A. Endovascular Manipulations in PCI

Generally, endovascular manipulations of interventionalists
include three patterns: 1) axial (AX); 2) circumferential (CF);
and 3) combined (CB) manipulation [31]. Fig. 1 displays
the schematic of endovascular manipulations for guidewire
delivery in PCI.

1) Axial Manipulation: During this manipulation, the inter-
ventionalist delivers the guidewire in the axial direction to
the blocked coronary artery. The manipulation consists of two

Fig. 2. Phantom-based simulation platform.

opposite-direction subpatterns: 1) Push (PH) and 2) Pull (PL).
The interventionalist implements the former by clamping the
tool with the thumb and forefinger of the right hand. Then, the
guidewire is pushed by the HM from right to left. Different
from the former, the PL subpattern is achieved by the opposite
motion.

2) Circumferential Manipulation: This manipulation is
used to adjust the orientation of the tool tip when encountering
with vascular bifurcations. It also consists of two opposite sub-
patterns: 1) counterclockwise twist (CT) and 2) clockwise twist
(WT). These two subpatterns are implemented by the twisting
motion generated by the interventionalist’s thumb and forefin-
ger. Then, the tool is driven by the friction, and the twisting
motion is stopped until the tool’s “J” tip has positioned at the
ostium of the desired branch.

3) Combined Manipulation: To adjust the tool’s position
and orientation dynamically, the interventionalist needs to
simultaneously push and twist the guidewire. In comparison
with the above two single manipulations, combined manip-
ulation drives the tool to enter the desired artery with more
effectiveness. Similarly, push and counterclockwise twist (HC)
and push and clockwise twist (HW) are two subpatterns of this
manipulation.

B. Measurement

In order to simulate clinical practice, a phantom-based sim-
ulator (see Fig. 2), including a medical guidewire, guiding
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Fig. 3. Sensor deployment. (a) Sensors on the hand. (b) Sensors on the arm.

catheter, high-definition camera, 3-D vascular phantom, mon-
itor, acrylic table, and glass tube, is developed for performing
endovascular manipulations. The catheter tip is positioned at
the left coronary ostium (LCO), and the guidewire is inserted
into the coronary artery through the lumen of the catheter.
With real human’s data, the phantom is used to simulate the
vascular system of humans. To substitute for blood, special-
ized oil is filled with the phantom. The camera is placed near
the phantom to simulate X-ray fluoroscopy and provide 2-D
navigation.

From the analysis in Section II-A, the human motion from
the body of interventionalists can contribute to endovascular
manipulations. In this study, we will also use motion-sensing
devices to collect HM, FM, MA, and PF.

To acquire HM, three EM sensors (Aurora 6DOF Flex Tube,
40 Hz, Northern Digital Inc., Canada) are mounted on the
wrist, the fingertips of the thumb, and the forefinger [see
Fig. 3(a)], respectively. The obtained information includes the
3-D position (X, Y , and Z) and orientation (pitch, yaw, and
roll). In this study, we only use the position data to ana-
lyze endovascular manipulations. As shown in Fig. 2, HM
(3-D position) is described based on the Cartesian coordinates.
To make the sensors work, an EM field generator is used to
transmit EM signals.

Derived from a data glove (14 Ultra, 40 Hz, Fifth Dimension
Technologies, South Africa), four fiber-optic bend sensors are
applied to FM collection [see Fig. 3(a)]. They are placed at the
interphalangeal and metacarpophalangeal joint of the thumb
and the forefinger, respectively [32]. To guarantee the relia-
bility and validity of the collected data, the midpoint of each
sensor aligns the corresponding joint. Due to its small range,
the motion generated by the forefinger’s distal interphalangeal
joint is not considered in this study.

EMG signal is the most frequently used approach to charac-
terize MA [33]. Produced by skeletal muscles, this recording
of electrical activity can be used to describe muscle activation.
According to the kinematics of human motion, it can be found
that the muscles involved in endovascular manipulations are
dorsal interossei, biceps brachii, abductor pollicis brevis, and
triceps brachii of right hand and arm. As shown in Fig. 3, the
four-channel muscle activities are collected by EMG sensors
(DTS, 1500 Hz, Noraxon Inc., USA).

Due to the effectiveness and usefulness, accelerometers have
been increasingly applied in many fields, such as biological
sciences, transport, and medical applications. As the output of
accelerometers, the acceleration represents the net result of any

and all forces acting on the object. Hence, some accelerom-
eters are frequently used to measure or describe a variety
of forces in different applications [34], [35]. To acquire the
PF in endovascular manipulations, a three-axis accelerome-
ter (DTS, 1500 Hz, Noraxon Inc., USA) is mounted on the
hand back [see Fig. 3(a)]. The accelerometer’s y-axis is along
the axial direction of the guidewire and a Cartesian space
is spun by three axes. In this study, only the y-axis compo-
nent is used to describe the endovascular manipulations of
interventionalists.

With varying PCI experience, ten interventionalists, includ-
ing four experts (>200 procedures, E1–E4) and six novices
(<10 procedures, N1–N6) were recruited in data collection.
All subjects have the right dominant hands, which are the
same as the endovascular manipulations mentioned above. The
guidewire was advanced and retracted between the LCO and
the left anterior descending branch (LADB) to implement the
axial manipulations (PH and PL). The circumferential manip-
ulations (CT and WT) were achieved at a bifurcation of the
LADB. The combined manipulations (HC and HW) were
started at the LCO. For a subpattern, each subject’s manip-
ulation lasted for 5 s in an attempt and ten repeated attempts
were completed.

Before data collection, the subjects were trained to familiar-
ize simulated endovascular manipulations. For each manipula-
tion pattern, the subjects’ posture/gesture and the guidewire’s
initial state were set to be consistent. To receive the signal
of EM sensors effectively, the manipulations must be finished
above the EM field generator. The sensor cables were bound
stably to keep no hindrance to the manipulations. When a
manipulation subpattern is finished, a short rest was allowed
to prevent muscle fatigue. In addition, all manipulations are
started and stopped according to digital clock signals for
synchronous acquisition.

III. DATA ANALYSIS

In this section, data filtering and feature extraction are first
conducted. Then, an overall view of the MMFA is provided.
Finally, the specific implementation approaches are presented
detailedly.

A. Preprocessing

1) Data Filtering: Due to its low amplitude, EMG signal
from MA is easy to be contaminated by industrial frequency
interference, dc bias baseline noise, and so on [36]. To elimi-
nate the noise in MA, a 50-Hz notch filter and a 10–500-Hz
band-pass filter are used in this study [37]. For other signals,
median filters are employed to remove spurious spikes and
outliers for data smoothing. After these filtering processes, the
noise data are removed effectively, meanwhile, a large part of
useful data is retained.

2) Feature Extraction: For the feature extraction of HM
and FM, the difference value (DV) is used as a feature for
manipulation recognition. It can be expressed as

DV = ui − ui−1 (1)

where ui is the ith data point of HM and FM.
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Fig. 4. The multilayer and multimodal-fusion architecture (MMFA). “EN” enables a submodule when inputting the corresponding trigger signal.

Due to the different sampling rates, the motion signal data
are not matched in the time domain. Therefore, it is necessary
to align high sampling rate data with low ones. This process is
implemented by feature extraction from a fixed-length EMG
and accelerometer data. The sequence length is the ratio of
the two sampling rates (1500 Hz/40 Hz).

For MA, the mean absolute value (MAV) is calculated using
the fixed-length EMG data. Its definition can be expressed as

MAV = 1

L

L∑

i=1

|vi| (2)

where vi is the ith data point of the EMG sequence, and L is
the length of data sequence.

Besides the MAV, an additional frequency-domain feature,
median frequency (MDF) is used for feature extraction of
EMG signals. The MDF is the frequency at which the power
spectrum of EMG signals is divided into two regions with
equal power. It can be described as follows:

∫ MDF

0
S(f )df =

∫ ∞

MDF
S(f )df (3)

where S(f ) is the power spectrum density of EMG signals,
and f is the frequency of signals. These two features are used
to represent this sequence.

From the same-size acceleration data sequence, the mean
value (MV) of PF is extracted. The definition of MV is

MV = 1

L

L∑

i=1

wi (4)

where wi is the ith data point of the data sequence of the
accelerometer, and L has been defined above.

To obtain experimental samples, the windowing tech-
nique [38] is adopted to divide a long feature sequence into

consecutive windows. Moreover, the overlapping technique is
adopted to make full use of the relationship between consec-
utive motion signals [39]. Therefore, two adjacent windows
overlap each together, sharing a part of the data. In this study,
the window size and the overlapping ratio are set to 125 ms
and 80%, respectively. Thus, one subject can provide 1960
samples for each manipulation subpattern, and 11 760 sam-
ples for the six-subpattern recognition task. It is worth to note
that a sample is generated by concatenating the features from
corresponding motion signals.

B. Multilayer and Multimodal-Fusion Architecture

The MMFA is shown in Fig. 4. From the above-mentioned
analysis, six subpatterns can be classified into three patterns.
In axial and circumferential manipulations, PF only con-
tributes to the former, and FM is only involved in the latter.
However, both of them are effective in combined manipula-
tions. Different from both of them, the impact of HM and
MA is significant in all manipulations. Therefore, we can take
advantage of these obvious characteristics to partly decouple
manipulation patterns. The recognition task can be imple-
mented by classifying three patterns at first and recognizing
the subpatterns within a specific pattern subsequently. For this
purpose, the multilayer architecture is designed with three lay-
ers: 1) pattern-decoupling layer; 2) local-decision layer; and
3) decision-fusion layer. The first layer is used to classify
AX/CF/CB for pattern decoupling, and the latter two layers
consist of three submodules for PH/PL, CT/WT, and HC/HW
recognition, respectively.

In the pattern-decoupling layer, the classifier 0 is used to
differentiate between three manipulation patterns (AX, CF, and
CB). Its input is the feature vector (U0) concatenated by PF
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TABLE II
LABELS OF ENDOVASCULAR MANIPULATION PATTERNS

(U1
0) and FM (U2

0)

U0 =
(

U1
0

U2
0

)
. (5)

This procedure can be described as

T = ϕ(U0) (6)

where ϕ denotes the classifier, T is the predicted result (a 3-D
column vector representing AX, CF, or CB in Table II). As a
trigger signal, the predicted result is further used to activate
the corresponding submodule in the next layer.

In the latter two layers, the MMFA is implemented by
integrating semantic information from multimodal motion sig-
nals. The motivation of this design is to take advantage of
the complementarity between different motion signals to ana-
lyze endovascular manipulations more comprehensively and
accurately. As shown in the figure, multimodal data are pro-
cessed separately by different classifiers to obtain individual
predictions, representing the corresponding signal’s seman-
tic information. These individual results are further fused by
decision-fusion algorithms for improved results.

In the local-decision layer, the feature vector from each
motion signal is separately input to the corresponding clas-
sifier for individual recognition. Including three submodules,
this layer can recognize PH/PL using the classifiers 1-1 to 1-3,
CT/WT using the classifiers 2-1 to 2-3, and HC/HW using the
classifiers 3-1 to 3-3. This procedure can be described as

Yj
i = φ

j
i(U

j
i), i ∈ [1,N], j ∈ [1,M] (7)

where Yj
i denotes the individual predicted probability vector

produced by the individual classifier φj
i on the feature vector

Uj
i , both N and M are set to three in the architecture.
Representing the corresponding motion signal’s semantic

information, the individual predicted probability describes the
possibility that an endovascular manipulation belongs to a cer-
tain subpattern. It is probably that the obtained probabilities
may be dissimilar for different motion signals, and the com-
plementarity between the semantic information of different
motion signals should be fully utilized. To this end, these
individual probabilities are concatenated to form a semantic
information vector (Yi) first

Yi =
⎛

⎜⎝
Y1

i
...

YM
i

⎞

⎟⎠. (8)

Subsequently, the vector is processed by a decision-fusion
algorithm for further recognition. This procedure can be

denoted as

Di = ψi(Yi), i ∈ [1,N] (9)

where Di is the predicted result, a 6-D column vector repre-
senting the corresponding subpattern in Table II, and ψi is the
corresponding fusion algorithm.

From the analysis, only a submodule is effective to obtain
the final recognition result. To this end, the final recognition
result is selected from [D1, . . . ,DN], which can be denoted as

D = [D1, . . . ,DN]T (10)

where D is the final recognition result.
Due to the above characteristics, redundancy reduction can

be achieved by only inputting effective motion signals to cor-
responding submodules. As shown in Fig. 4, only PF, HM,
and MA are used for PH/PL recognition, while only FM,
HM, and MA for CT/WT recognition. Although PF is effec-
tive in combined manipulations, its information has been used
in the pattern-decoupling layer. In addition, the combined
manipulations considered in this study only involve push and
twist, without pull manipulation. Therefore, PF is a redundant
motion signal in HC/HW recognition.

It is worthwhile pointing out that the MMFA, to the best of
our knowledge, has rarely been discussed in the existing liter-
ature to analyze endovascular manipulations. The architecture
also indicates high extensibility in the parallel usage of more
fusion models and more modalities.

C. Implementation of the Three-Layer Structure

1) Pattern-Decoupling Layer: To select the most appropri-
ate decoupling classifier for this task, six popular classification
models, LDA, NB, RF, SVM, KNN, and backpropagation NN
(BPNN), are adopted and compared. For the implementation
of the SVM model, a radial basis kernel function is used, and
the transformation from output scores to posterior probabilities
is achieved by using Platt’s method [40]. For the BPNN, the
hyperbolic tangent is chosen as the activation function of the
hidden layer and linear transfer function as the output layer.

2) Local-Decision Layer: In a specific submodule, the fea-
ture vectors extracted from the corresponding modalities are
fed to the corresponding individual classifiers. For all modali-
ties, the candidate individual classifiers are the same as those
adopted in the first layer. The one with the best recognition
performance is adopted as the final individual classifier for
each corresponding modality.

3) Decision-Fusion Layer: Generally, the decision-fusion
algorithm can be implemented by classification-based mod-
els and rule-based models. The former uses data-driven-based
classification methods to integrate multimodal data. The latter
processes multimodal data with predefined calculation rules. It
is worth pointing out that the above six models are used in the
fusion stage as the classification-based algorithms. Meanwhile,
average rule (AR) and max rule (MR) are considered as rule-
based algorithms [41]. Different from the local-decision layer,
the decision-fusion layer fuses the predicted probabilities pro-
duced by the corresponding individual classifiers. We hope to
take full advantage of different modal semantic information
through suitable decision-fusion methods.
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4) Training Strategies: Although all subjects are trained
before data acquisition, their manipulations are still mul-
tifarious with different frequencies, forces, and speeds.
Moreover, technical skill assessment will be implemented in
Section IV-D by using subject-specific data to evaluate each
attempt’s skill. Therefore, it is necessary to build, train, and
test subject-specific recognition models independently. The
training strategies can be described as follows.

To begin with, each subject’s data are randomly divided
into two nonoverlapping parts: 1) training dataset (90%) and
2) testing dataset (10%). The former consists of two equal-size
subdatasets: 1) local-training dataset (45%) and 2) fusion-
training dataset (45%). The local-training one, together with
ground truth labels, are utilized to build six candidate decou-
pling/individual classifiers. For each case, the best one is
determined by comparing recognition performance on the
fusion-training one. After that, the highest average accuracy
for the pattern-decoupling layer is achieved by the SVM
model, selected as the decoupling classifier. For individual
classifiers, RF yields the best performance for PF, SVM for
HM, BPNN for MA, and FM in all three submodules. Next,
semantic information vectors can be obtained by concatenat-
ing the outputs generated by the best individual classifiers.
Together with ground-truth labels, the corresponding vec-
tors are employed to train eight decision-fusion algorithms.
It is worth to note that the hyperparameters in decoupling,
individual classifiers, and classification-based decision-fusion
algorithms are determined by five-fold cross-validation. As
rule-based algorithms, AR and MR are established without
the need of the training process.

IV. RESULTS

In this section, the performance metric of the data analysis
methods is presented first. Then, experimental results are given
to evaluate the practicability of the proposed architecture. The
recognition performance of different layers is reported and
compared at first. Then, the overall recognition results of the
architecture are evaluated. Furthermore, objective assessment
of technical skills is implemented based on the correspond-
ing recognition results. Finally, the related factors determining
recognition and assessment performance are analyzed.

A. Performance Metrics

In this article, recognizing different endovascular manipula-
tions can be considered as a classification task. As a commonly
used performance metric, the accuracy is adopted to judge
the recognition capability of different classification models
and fusion algorithms in the proposed architecture. It can be
described as

Acc. = 1

K

K∑

i=1

I(di = li) (11)

where Acc. is the recognition accuracy, K denotes the number
of samples, I(.) represents the indicator function, di is the pre-
dicted pattern of the ith sample, and li denotes the ground-truth
label. According to the specific endovascular manipulations,
the ground-truth labels are defined in Table II. Besides, the

Fig. 5. Performance of pattern decoupling.

recall (Re.) and precision (Pr.) are also used to evaluate the
recognition performance. In addition, the above metrics on
each subject’s data are further employed to assess the technical
skill of endovascular manipulations.

B. Recognition Results of Different Layers

1) Performance of Pattern Decoupling: The average recog-
nition accuracies (Acc.) on ten subjects’ testing dataset
obtained from different candidate decoupling classifiers are
shown in Fig. 5. By comparing the results of different classi-
fiers, the SVM model obtains the best recognition performance
(Acc. 97.52%), validating the previous selection on the
fusion-training dataset. Therefore, the SVM model is selected
as the final pattern-decoupling classifier for the following
recognition.

2) Performance of Single-Modal Schemes: For each modal-
ity, the average recognition accuracies achieved by six indi-
vidual classifiers are given in Fig. 6. It can be clearly seen that
the best classifiers for different modalities on testing datasets
are consistent with the previously selected ones. For PH/PL
recognition, the best single-modal scheme (BSMS) yields an
accuracy of 94.11%, which is obtained by the SVM model
using HM. Similarly, the FM-based BPNN model achieves
the BSMS for CT/WT recognition (92.68%) and HC/HW
recognition (91.91%), respectively. In each submodule, the
classifier achieved the best recognition performance for a
specific modality is selected for next multimodal fusion.

3) Performance of Multimodal-Fusion Schemes: In this
part, the fusion of multimodal motion signals is explored,
and eight candidate decision-fusion algorithms are tested
on the testing dataset to find the most advantageous method.
The average accuracies of multimodal fusion are shown in the
upper parts of Fig. 6. We can see that most multimodal-
fusion schemes outperform single-modal schemes with the
higher accuracies. Similar to the results in the single-modal
schemes, different decision-fusion algorithms achieve differ-
ent performance. For PH/PL recognition, the highest accuracy
(98.60%) is achieved by the BPNN fusion model, which is
determined as the best multimodal-fusion scheme (BMFS).
Also, the BMFS is obtained by the SVM for CT/WT recog-
nition (97.37%) and the RF model for HC/HW recognition
(96.73%), respectively.

4) Comparison on Recognition Results of Best Schemes:
The box-and-whisker plots in Fig. 7 show the distributions
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(a) (b) (c)

Fig. 6. Average accuracies of different single-modal and multimodal-fusion schemes. (a) PH/PL recognition. (b) CT/WT recognition. (c) HC/HW recognition.

Fig. 7. Accuracy distributions of the BSMS and the BMFS. The magenta
dot and red line represent the mean and median (similarly hereinafter),
respectively.

TABLE III
COMPARISON ON RECOGNITION ACCURACIES AND

SIGNIFICANCE TEST RESULTS

of two best schemes in each recognition submodule. From
the figure, upward trends are indicated from single-modal to
multimodal-fusion schemes. To directly compare the two best
schemes, their results are provided in the left half part of
Table III. Compared with the results of BSMS, the average
recognition accuracies of BMFS increase by 4.49%, 4.69%,
and 4.82% for PH/PL, CT/WT, and HC/HW recognition,
respectively. Subsequently, we adopt the Wilcoxon signed-rank

Fig. 8. Recognition results. Confusion matrix of the (a) pattern-decoupling
layer and (b) MMFA.

test (α = 0.05) to analyze whether the BSMS and BMFS exist
significant difference [42]. All obtained P values in the right
half of the table are less than 0.05, which mean that BMFS
outperforms BSMS significantly. Due to the multiple testing,
the Benjamini–Hochberg procedure is further used to decrease
false discovery rate [43]. And the corresponding critical values
(PBH) are also less than 0.05, which indicates that significant
differences still exist in multiple testing. These results fur-
ther indicate that the recognition performance can be greatly
enhanced by fusing multimodal motion signals properly.

C. Recognition Results of the Architecture

1) Overall Performance: Up to now, all classification mod-
els and fusion algorithms of the MMFA have been determined.
Hence, the overall recognition performance of the architec-
ture can be evaluated on testing datasets. Fig. 8 displays the
confusion matrices of recognition results. From Fig. 8(a), the
classifier 0 in the pattern-decoupling layer obtains an accuracy
of 97.52%, showing acceptable performance on the recogni-
tion of three manipulation patterns. Compared with the other
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Fig. 9. Recognition results and distributions. (a) Confusion matrix of the
SLRA. (b) Recognition accuracy distributions of the two architectures.

two patterns, combined (CB) manipulations are recognized
with the lower recall (Re.) and precise (Pr.). Fig. 8(b) dis-
plays the final recognition results after multimodal fusion. In
comparison with the pattern-decoupling results, the accura-
cies of corresponding subpatterns are further decreased. This
is because a subpattern within a specific pattern is likely to
be misclassified to the other one, resulting in the decrease of
accuracy. In addition, axial manipulations achieve the higher
average accuracy than others. Oppositely, some samples of
twist-involved patterns are misclassified since twist manipula-
tions require finger dexterity, increasing the difficulty in the
identification of corresponding patterns.

2) Comparison on Recognition Results of Different
Architectures: To verify the effectiveness of the multilayer
architecture, an SLRA is used to provide a comparison on
recognition performance. The features extracted from all types
of motion signals are concatenated to a feature vector, which
is fed to the SLRA for the recognition of six subpatterns of
endovascular manipulations. Similarly, six above-mentioned
classification models for the MMFA are also adopted as the
candidate classifiers in the SLRA. In addition, most SLRA-
training and -testing procedures are consistent with those of
the MMFA. Due to space limitation, only the confusion matrix
of BMFS is given in Fig. 9(a). Compared with the SLRA, the
MMFA increases the overall recognition accuracy by 3.56%
from 92.85% to 96.41%. The overall accuracy distributions of
two architectures’ BMFS are reported in Fig. 9(b), where an
upward trend is displayed with the increase in the complex-
ity of architectures. Furthermore, the difference between the
two architectures is also analyzed with the Wilcoxon signed-
rank test (α = 0.05). The corresponding P value is 0.002,
less than 0.05, indicating the MMFA is superior to the SLRA.
These promising results demonstrate that the multilayer archi-
tecture can significantly improve the recognition performance
by optimizing the classification structure.

D. Objective Assessment of Technical Skills

In this study, endovascular manipulations are performed by
four expert and six novice interventionalists. The above parts
have discussed the recognition of endovascular manipulations

based on the motion data from different skill-level subjects.
We wonder whether there is some difference between expert
and novice groups in terms of recognition performance. If so,
the recognition metrics can further be used to assess technical
skills objectively. To this end, the same recognition experi-
ments are conducted on the MMFA using the manipulation
data of expert and novice groups, respectively. The data of
each subject are also analyzed separately. Different from the
above experiments, this part adopts the leave-one-out method.
Specifically, the data from nine of ten attempts are used for
model/algorithm training (randomly and equally divided into
local-training and fusion-training datasets), while that from the
remaining one for testing. Therefore, a total of ten training and
ten testing procedures are conducted for each subject.

1) Overall Analysis: To begin with, the overall recognition
performance is analyzed under the same skill-level groups.
The corresponding results of BMFS are reported in Fig. 10.
For the novice group, its average accuracies of both pattern
decoupling and final fusion are much lower than those of the
expert group. In addition, the motion signals from novice sub-
jects also show the poorer Re. and Pr. for most manipulation
patterns. As shown in Fig. 11, the radar figures are drawn by
using the Re., Pr., and F1 score for comparison directly. We
can find that the novice group (blue) covers a smaller area
than the expert group (red). These data and figures indicate
the recognition results of endovascular manipulations hold the
great potential to be used as a criterion for technical skill
assessment.

2) Individual Analysis: In this part, the average Re. and
Pr. are calculated on six subpatterns (Table IV). It can be seen
obviously that the results of most of expert subjects are much
higher than those of novices. However, there are also some
exceptions. For expert attempts, the E2’s first and third one and
E4’s sixth one (E2-1, E2-3, and E4-6, shown in the red high-
lighted cell) provide the lower Re. and Pr. than other attempts.
For novice attempts, the N3’s eighth (N3-8) and N4’s ninth
one (N4-9), shown in the blue highlighted cells, indicate the
better performance than others. Furthermore, the Re. and Pr. of
all attempts are classified into two clusters using the K-means
algorithm in Fig. 12. Obviously, the data of experts show the
smaller variance than those of novices. We can also find that
E2-1, E2-3, and E4-6 locate in the novice cluster, while N3-8
and N4-9 close to the expert cluster. Therefore, the cluster-
ing method obtains a 95% of accuracy on distinguishing the
novice and expert attempts.

Furthermore, the recognition accuracies of each subject’s ten
attempts are drawn in Fig. 13. With the increase in the attempt
order, the results of novices present sharply change, while
those of experts are generally stable. Moreover, the results of
N6 show a slightly increasing trend, indicating that the subject
has adapted experimental setups and has become confident at
the endovascular manipulations after some attempts. This is
because of the short learning curve of simple tasks in this
study, and the manipulation strategies may be grasped quickly.
Consequently, these results demonstrate that the proposed
architecture can also be used for technical skill assessment by
analyzing the recognition performance of different skill-level
subjects.
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TABLE IV
AVERAGE RECOGNITION RECALL (RE.) AND PRECISION (PR.) OF EACH ATTEMPT

Fig. 10. Recognition results of different skill-level groups. Confusion matrix of the (a) pattern-decoupling layer (experts), (b) MMFA (experts), (c) pattern-
decoupling layer (novices), and (d) MMFA (novices).

Fig. 11. Radar figures (%). (a) and (d) Re.-based. (b) and (e) Pr.-based.
(c) and (f) F1-score-based.

V. DISCUSSION AND CONCLUSION

This article proposed an MMFA for the recognition of
endovascular manipulations and the assessment of techni-
cal skills in PCI. By decoupling the relationship between
manipulation patterns, the multilayer architecture can optimize
the classification process, indicating more competitive abil-
ity than the SLRA. Based on the integration of four types
of motion signals from operators, the multimodal fusion can

Fig. 12. Result of K-means clustering.

improve recognition performance significantly compared with
single-modal schemes. With the recognition metrics under the
MMFA, technical skill assessment can be implemented via dis-
tinguishing the attempts made by different skill-level groups,
and a high clustering accuracy can be obtained.

This study mainly focuses on the recognition of endovascu-
lar manipulations in PCI, and then uses the recognition metrics
to assess technical skills. The actual application requires a
practical and feasible architecture for acceptable recognition
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Fig. 13. Recognition accuracy of each subject’s ten attempts.

and assessment performance. In this study, the performance
is mainly influenced by motion signals, classification models,
decision-fusion algorithms, and structure complexity.

Due to their high-stability and low-noise data, HM and
FM demonstrate more competitive abilities for manipulation
encoding than single MA. However, MA still indicates the
potential to bring some improvement in recognition accuracy
by proper fusion with others. The decision-level multimodal
fusion can fully exploit not only modality-specific contents
but also complementarity between multimodality to obtain
more accurate recognition. In addition, we also found that the
relationship between endovascular manipulations and motion
signals can be described more fully and completely with more
modalities.

For classification models, BPNN, SVM, and RF show
higher appropriateness to model the relationship between
manipulations and motion signals than others. BPNN has the
ability to generate complex decision boundaries in the feature
space. SVM is known to have good generalization proper-
ties that permit to outperform classical algorithms. With its
structure, RF is inherently suited for multiclass detection and
therefore for the recognition of endovascular manipulations.
Compared with linear strategies (e.g., LDA), some nonlinear
models, such as NNs and probability-based algorithms, show
better performance for the complex recognition task. The rea-
son is that nonlinear relationship may be dominant between
motion signals and endovascular manipulations. Generally
speaking, the classification-based decision-fusion algorithms
can achieve better recognition performance than the rule-based
ones. This is because the formers hold high robustness to indi-
vidual difference and high sensitivity to sample change. By
recognizing subpatterns within groups, the multilayer struc-
ture has the advantages of not only reducing input dimension
but also decreasing the interference of redundant data, lead-
ing to performance improvement. This is because of the high
dimension of inputs which usually decreases results of classi-
fiers. Due to high extensibility, the MMFA can also be used in
the situation where more fusion models and more modalities
are used in parallel.

Because of the experience obtained from clinical practice,
the expert subjects can grasp the strategies of endovascu-
lar manipulations easily. Therefore, most manipulations of
each expert subject are implemented with the similar speed,

frequency, and PF, leading to relatively stable recognition met-
rics. On the contrary, the novice subjects need a process to be
familiar with endovascular manipulations, thereby presenting
much irregularity to some extent, resulting in poor recognition
performance.

In the subsequent work, sensor miniaturization and
integration will be explored for more convenient and effec-
tive acquisition of motion signals. Some more advanced
manipulation-force models together with novel force sensors
will also be explored to obtain PF. In addition, more manip-
ulation data will be collected from more subjects to verify
architecture generalization, and the consistency between the
proposed method and traditional assessment approaches will
also be analyzed. Furthermore, subject-independent recogni-
tion models will be employed to provide the comparison with
subject-dependent ones used in this study.
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