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Abstract:  

Background. Surgeons need to train and certify their technical skills. This is usually done with the intervention 

of experts who monitor and assess trainees. Nevertheless, this is a time-consuming task that is subject to 

variations among evaluators. In recent decades, subjectivity has been significantly reduced through 1) the 

introduction of standard curricula, such as the Fundamentals of Laparoscopic Surgery (FLS) program, which 

measures students’ performance in specific exercises, and 2) rubrics, which are widely accepted in the literature 

and serve to provide feedback about the overall technical skills of the trainees. Although these two elements 

reduce subjectivity, they do not, however, eliminate the figure of the expert evaluator, and so the process 

remains time consuming. 

Objectives. The objective of this work is to automate those parts of the work of the expert evaluator that the 

technology can measure objectively, using sensors to collect evidence, and visualizations to provide feedback. 

We designed and developed 1) a cost-effective IoT (Internet of Things) learning environment for the training 

and assessment of surgical technical skills and 2) visualizations supported by the literature on visual learning 

analytics (VLA) to provide feedback about the exercises (in real time) and overall performance (at the end of 

the training) of the trainee.  

Methods. A hybrid approach was followed based on previous research for the design of the sensor based IoT 

learning environment. Previous studies were used as the basis for getting best practices on the tracking of 

surgical instruments and on the detection of the force applied to the tissue, with a focus on reducing the costs 

of data collection. The monitoring of the specific exercises required the design of sensors and collection 

mechanisms from scratch as there is little existing research on this subject. Moreover, it was necessary to design 

the overall architecture to collect, process, synchronize and communicate the data coming from the different 

sensors to provide high-level information relevant to the end user. The information to be presented was already 

validated by the literature and the focus was on how to visualize this information and the optimal time for its 



presentation to end users. The visualizations were validated with 18 VLA experts assessing the technical 

aspects of the visualizations and 4 medical experts assessing their functional aspects. 

Results. This IoT learning environment amplifies the evaluation mechanisms already validated by the 

literature, allowing automatic data collection. First, it uses IoT sensors to automatically correct two of the 

exercises defined in the FLS (peg transfer and precision cutting), providing real-time visualizations. Second it 

monitors the movement of the surgical instruments and the force applied to the tissues during the exercise,  

computing 6 of the high-level indicators used by expert evaluators in their rubrics (efficiency, economy of 

movement, hand tremor, depth perception, bimanual dexterity, and respect for tissue), providing feedback 

about the technical skills of the trainee using a radar chart with these six indicators at the end of the training 

(summative visualizations). 

Conclusions. The proposed IoT learning environment is a promising and cost-effective alternative to help in 

the training and assessment of surgical technical skills. The system shows the trainees’ progress and presents 

new indicators about the correctness of each specific exercise through real-time visualizations, as well as their 

general technical skills through summative visualizations, aligned with the 6 more frequent indicators in 

standardized scales. Early results suggest that although both types of visualizations are useful, it is necessary 

to reduce the cognitive load of the graphs presented in real time during training. Nevertheless, an additional 

evaluation is needed to confirm these results. 

 

Keywords: technical skills, surgery, IoT, sensors, learning analytics, visualizations. 

 

1.  Introduction 

There are several competencies that surgeons must acquire as part of their professional training, including 

cognitive, decision-making, interpersonal, and technical skills [1][2]. Surgical technical skills need to be 

trained to ensure the manual dexterity of the professionals and need to be properly assessed and certified 

[3]. The most common method for the assessment and certification of surgical technical skills is the 

observation of the trainee by an expert surgeon [4]. Nevertheless, this is a time-consuming task for the 

expert surgeons, who must monitor every trainee, and is subject to possible errors and subjectivity since 

each expert surgeon might follow different criteria or miss relevant aspects of the process. There are several 

surgical simulators that define the standardized procedures that trainees must follow [5] as well as checklists 

and rating scales whose aim is to promote objectivity in the assessment carried out by the expert surgeon 

(e.g., GRS - Global Rating Scales [6], OSATS - Objective Structured Assessment of Technical Skills [7], 

or GEARS - Global Evaluative Assessment of Robotic Skills [8]). Despite these checklists and rating scales, 

there is still some subjectivity and bias in the assessment of trainees. Moreover, the expert surgeon must 

spend a considerable amount of time to complete these assessments, especially when there are many 

trainees [9]. It is therefore necessary to find ways to facilitate the assessment of surgical technical skills in 

a standardized, automatic, and cost-effective manner. 



Both the training and objective and automatic assessment of surgical technical skills require the definition 

of a curriculum that leads trainees to achieve proficiency in these technical skills [10]. This curriculum 

should contain a set of standardized exercises that trainees need to carry out together with guidelines for 

their assessment [5]. One of the most popular curricula is the Fundamental of Laparoscopic Surgery (FLS) 

[11], which is endorsed by the American College of Surgeons for learning laparoscopic surgery [12] and 

defines a standard set of information and exercises to guide trainees in the practice of laparoscopic surgery. 

The FLS program includes five simulation exercises that cover most of the technical skills a surgeon needs 

to develop for laparoscopic surgery: 1) peg transfer, 2) precision cutting, 3) ligating loop, 4) suture with an 

extracorporeal knot, and 5) suture with an intracorporeal knot [13]. The introduction of fixed exercises with 

standardized rubrics, such as the FLS, has significantly reduced the problems of subjectivity and bias. These 

highly detailed rubrics allow feedback to be provided not only by experts but also by peers, achieving a 

similar level of reliability [14]. However, the assessment of FLS simulation exercises still suffers from the 

problem of the considerable amount of time required as the number of trainees increases. 

Advances in new technologies such as the Internet of Things (IoT) and Learning Analytics (LA) applied to 

surgical simulation scenarios constitute a great potential for the training and objective and automatic 

assessment of surgical technical skills [15]. IoT technologies allow placing sensors in the trainee’s body 

[16], surgical instrument, or surgical environment [17]. While technologies for instrument tracking and 

body tracking have extensively been explored in the literature, those technologies focused on the surgical 

environment are scarce and need to be further investigated [15]. There are sensors that can be used to 

measure certain variables related to the actions of the trainee while performing the exercises. These 

variables include aspects related to the general skill of the surgeon, such as the position of the surgeon’s 

hands, movements with surgical instruments, or the force applied to certain tissues, as well as other specific 

variables related to the execution of a given exercise, such as the time invested to complete the exercise or 

the drop of an object outside the working area [15]. These variables, which typically correspond to low-

level data (e.g., raw data of position, velocity, acceleration, orientation, and force) [5] do not explain 

whether the trainee has acquired a sufficient level in a certain technical skill or not [18]. Nevertheless, this 

low-level data can be analyzed and transformed through LA algorithms and techniques into high-level 

indicators, such as those obtained with rating scales [15]. The calculation of these high-level indicators can 

be automated and can be helpful to support the decisions of the expert surgeons, thus reducing time with 

respect to the situation where experts must monitor all the trainees as part of their assessment. These high-

level indicators, beyond being used by expert surgeons for the objective assessment and certification of the 

trainee, can also serve to provide trainees with feedback on their performance through meaningful 

visualizations, what is called visual learning analytics (VLA) [19].  



Some of the challenges of VLA include the difficulty of interpreting the information presented, as well as 

providing appropriate feedback with possible concrete options to improve the performance of the trainee 

[20]. More specifically, in the field of surgical training, VLA should show information to the trainees that 

can be useful to adjust their behavior in real time and to understand if the expected objectives are being 

reached according to the defined high-level indicators. While the literature related to the development of 

surgical technical skills has been able to identify the indicators that may be most relevant, it is still necessary 

to determine how and when to present these indicators in the most effective way through VLA [15]. 

In this article, we present a cost-effective learning environment based on IoT and VLA to carry out the 

monitoring and assessment of surgical technical skills, as well as the provision of feedback in the form of 

visualizations to the trainees. This learning environment provides general information about the surgeon’s 

performance based on position and instrument tracking, such as bimanual dexterity and economy of 

movement, and supports the automatic correction of two of the five exercises included in the FLS program 

(peg transfer and precision cutting) using innovative sensors. More specifically, several IoT devices sensor 

the elements involved in the training scenario (instruments, trainees, and exercises). An IoT architecture is 

responsible for the synchronization, communication, interoperability, storage, and processing of the low-

level data collected from these IoT devices during the realization of the exercises by the trainees. All the 

low-level data collected is later processed and analyzed using LA techniques, showing the trainees their 

live progress in the exercises with the penalties committed, as well as the level achieved for six high-level 

indicators (bimanual dexterity, depth perception, economy of movement, efficiency, hand tremor, and 

respect for tissue), identified following the OSATS [7] and GEARS [8] rating scales. This article also 

presents an expert mixed-methods evaluation with 18 VLA experts and 4 medical experts who assessed the 

technical and functional aspects of the visualizations provided, including their ease of understanding and 

usefulness. 

The remainder of this article is structured as follows. Section 2 discusses the literature related to the use of 

IoT and VLA for educational purposes with a focus on the training and assessment of surgical technical 

skills. Then, Section 3 presents the IoT learning environment, including its overview, the box trainer and 

sensors used, the IoT architecture proposed, the tracking of the surgical instrument, trainee, and FLS 

exercises, the web platform implemented, and the discussion of the total cost to produce the prototype of 

the IoT learning environment. Section 4 informs about the people who participated in the mixed-methods 

evaluation and the instruments used. Section 5 presents and discusses the results of the mixed-methods 

evaluation. Section 6 draws the conclusions and discusses future lines of work.  

 



2. Related Work 

2.1. IoT environments and simulators for the training and 

assessment of surgical technical skills 

The concept of Internet of Things (IoT) refers to the use of various types of sensors integrated into a network 

to collect and exchange data between them [21]. The application of IoT in education involves the attachment 

of sensing devices on the student’s (or teacher’s) body (wearables) [22], as well as the placement of other 

sensors in the physical environment to track students’ actions and performance or to collect relevant data 

from the learning environment [17]. From a technical point of view, the IoT environments used for 

educational purposes face challenges such as latency, communication reliability, security, and device and 

communication compatibility and interoperability, among others [23]. The IoT architectures typically used 

in educational environments are divided into three layers with various technologies and communication 

protocols to address these challenges [17]: 1) perception layer, to measure, collect, and extract data 

associated with physical devices (with technologies such as Radio Frequency Identification – RFID, or 

Wireless Sensor Networks – WSN) [24][25]; 2) network layer, to receive the information from the 

perception layer and transmit it through the network (with wireless technologies such as Low Rate Wireless 

Personal Area Network – LR-WPAN, Bluetooth Low Energy – BLE, or Wi-Fi, and protocols such as 

Transport Control Protocol – TCP, or User Datagram Protocol – UDP) [26][27]; and 3) application layer, 

to display the collected information typically on a web or mobile application (with protocols such as 

Message Queue Telemetry Transport – MQTT, or Hypertext Transfer Protocol – HTTP) [28][29]. The 

challenge lies in adapting these IoT architectures to the specific scenario of surgical training. 

IoT environments and simulators specifically aimed at the assessment of surgical technical skills are built 

on sensors that can be classified into four categories [15]: 1) tool (i.e., surgical instrument) motion, 2) 

surgeon’s body motion, 3) surgeon’s cognitive load, and 4) object/tissue interaction. Regarding tool motion, 

the most used sensors are mechanic sensors, which normally have a good precision although they are less 

portable and may limit the surgeon’s movements due to the need for physical connection [30][31][32], and 

electromagnetic sensors, which tend to be smaller in size although their precision decreases with distance 

and may be affected by metallic or magnetic objects located in the environment [33][34]. Regarding body 

motion, the most used sensors are inertial measurement units (IMU), which contain accelerometers and 

gyroscopes, and have a high sample rate, although they may also have a cumulative error when collecting 

samples [35][36]. Surgeon’s cognitive load is usually measured by tracking the surgeon’s eyes with smart 



glasses; smart glasses allow natural movements, although may be uncomfortable for some surgeons and 

require some time for calibration before starting the training [37][38]. Finally, surgeon’s interactions with 

objects or tissues are typically measured through force sensors, which can be small and inexpensive 

although their accuracy may vary depending on the device or force applied [39][40]. While sensors related 

to tool or surgeon’s body motion and force sensors have been widely explored in the literature, and thus the 

main challenge relies on reducing the cost of obtaining the corresponding measurements, there are sensors 

that are specific to the exercises that the trainee must complete, and these have been little explored in the 

literature. 

Sensors related to tool motion, surgeon’s body motion, or object/tissue interaction typically collect low-

level data about the position, velocity, acceleration, orientation, or force, while eye-tracking sensors, such 

as smart glasses, also collect low-level data about fixation, saccade, or surgeon’s pupil (e.g., size or rate of 

change) [15]. Low-level data should be transformed into high-level indicators to assess surgical technical 

skills of the trainee; some common high-level indicators according to rating scales such as OSATS and 

GEARS include [7][8][15]: bimanual dexterity, depth perception, economy of movement, efficiency, hand 

tremor, and respect for tissue. These six indicators are widely validated in the literature, although expert 

evaluators typically assign a subjective value to each of these six indicators in the standardized rating scales 

to be completed. Therefore, the challenge lies on calculating these indicators objectively and automatically 

from data collected from sensors and providing appropriate visualizations on these indicators. 

The training and assessment of surgical technical skills are normally supported by simulators; these include 

virtual simulators and box trainers [41]. Virtual simulators focus on replicating specific laparoscopic 

procedures, such as appendectomy or inguinal hernia. They are useful from a cognitive point of view to 

learn the specific steps of each of the surgical procedures. Although some virtual simulators have haptics 

and allow the acquisition of manual skills, such haptics are usually not very accurate to reality, and thus are 

not considered in this article. Box trainers include a box with instruments (e.g., needle holder, grasper, 

scissors, etc.) and accessories (thread, gauze, pegs, etc.) [42]. Box trainers are used to train surgical 

technical skills because the surgeon’s sensations are more accurate to reality, as they use real instruments, 

geometric models such as the FLS (Fundamental of Laparoscopic Surgery), animal models, and even used 

for surgical planning with 3D models. Some of the basic box trainers enable the connection with an external 

laptop or tablet that can act as a monitor, but they do not collect information from the process carried out 

by the trainee [43]. The more complex box trainers perform some processing of the trainee’s actions with 

data collected through cameras and sensors, although their cost can be several thousand dollars and are 

usually available in hospitals and training centers, but not for home use [44].  



It is therefore necessary to design and develop a cost-effective simulation environment with a box trainer, 

which takes advantage of the potential of the IoT applied to a specific educational scenario, and considers 

the sensors, low-level data, and high-level indicators used in the literature, objectively and automatically 

calculating these high-level indicators so that they can be used for the assessment of surgical technical skills 

[15]. This IoT learning environment must support the realization of standardized exercises, such as those 

defined in the FLS program [11], sense considering best practice in the literature for common sensors but 

reducing their cost, include sensors that have not been explored in the literature in relation to the specific 

FLS exercises to be performed by the trainee [15], and provide feedback in a visual manner to the trainees 

to promote the improvement of their performance. Although there are already some prototypes of cheap 

simulators for training in laparoscopic surgery [43][45], and particularly for the FLS exercises, these 

simulators do not take advantage of IoT devices nor provide visual feedback that can be used to improve 

and assess trainees’ performance. The proposed IoT learning environment will be designed considering all 

the above-mentioned requirements and through an iterative development process.      

2.2. VLA 

Learning Analytics (LA) refers to the “measurement, collection, analysis and reporting of data about 

learners and their contexts, for purposes of understanding and optimising learning and the environments in 

which it occurs” [46]. The data generated in learning scenarios, such as those related to training and 

assessment of surgical technical skills, are often large, complex, and heterogeneous, and the use of LA can 

help take advantage of these data. As part of LA, a visual representation of these data (or of high-level 

indicators built on these data) may be useful for target users (e.g., trainees or teachers). This field of LA is 

referred to as Visual Learning Analytics (VLA) [47] and includes, for instance, the design and development 

of user-centered enhanced visualizations (e.g., graphics or dashboards with interactive features) [48] to 

improve the learning experience. The two main challenges faced by VLA are 1) to identify what and how 

the information is displayed in an accurate way for the specific learning context [49], and 2) to create 

enhanced visualizations that are easy to interpret by the target users [47] and that avoid unnecessary 

information, presenting data in a clear way [50]. 

Regarding the information displayed and how it is displayed, there are only a few publications that have 

addressed the provision of feedback in the context of the training and assessment of surgical technical skills 

[15]. These publications typically compare novice and expert surgeons analyzing, for instance, their 

trajectories (including sub-movements) [51][52] or force strengths [53] when performing a certain exercise. 

The visualizations the trainees get as feedback typically include texts or color codes to compare the degree 



of similarity between their performance and that of the expert surgeon [53]. In any case, the target user 

always receives visualizations that represent high-level indicators built on low-level data (e.g., position, 

velocity, acceleration, force). 

Regarding the types of visualizations, although it is possible to present the relevant information in different 

ways with VLA (e.g., bar charts, line charts, pie charts, timelines, etc.), there are only a few related 

publications that discussed the visualizations provided to target users in the context of the training and 

assessment of surgical technical skills [15]. For example, Uemura et al. [53] showed the scores for several 

high-level indicators using bar charts with ranges where each score was considered “good” when compared 

to the expert surgeon’s performance. Other authors used radar charts, such as Sugiyama et al. [54], who 

represented three force parameters on the vertices of a triangle radar chart, or Yamaguchi et al. [55], who 

showed six high-level indicators (e.g., task time) in a hexagon radar chart.  

All in all, there is considerable room for research in the field of VLA applied to the training and assessment 

of surgical technical skills. First, the proposed visualizations should include real-time feedback so that the 

trainees could modify their behavior and improve their performance while doing a certain exercise. Second, 

the proposed visualizations should be interactive [48] so that the target users could manipulate them to gain 

insights (e.g., real time visualizations to gain insights on the performance on a specific exercise and 

summative visualizations after the completion of the exercises to gain insights about trainee’s overall 

performance aligned with standardized high-level indicators). Although there are already some attempts to 

use VLA for the training and assessment of surgical technical skills, this article contributes to the field of 

laparoscopic surgery by proposing interactive and real-time visualizations from the data collected on 

surgeons’ performance and assesses these visualizations through a mixed-methods expert evaluation. It is 

important to bear in mind that the high-level indicators to be represented in the visualizations are already 

validated in the related literature and therefore the expert evaluation focuses on the visualizations used to 

represent these indicators. The ultimate goal is to go a step further in the visual feedback shown to surgeons, 

which is scarce, as identified in the related literature [15]. 

3. IoT Learning Environment 

3.1. Overview of the design 

There are three main challenges in the design and development of an Internet of Things (IoT) learning 

environment for the training and assessment of surgical technical skills. The first challenge refers to the 



collection of low-level data through sensors on the surgical instruments to be used in the surgical simulation 

exercises, the trainee, and elements inherent to the exercises to be performed (and whose design must be 

adapted to the specific scenario in which the surgeons are going to operate). The second challenge refers to 

the synchronization, processing, and storage of the low-level data collected by the sensors. The third 

challenge refers to the transformation of low-level data into high-level indicators to be presented to the 

trainees as feedback on their performance.  

To address these challenges, the proposed IoT learning environment includes the following elements:  

1) the laparoscopy simulator, with the box trainer, and all the sensors needed to track the surgical 

instruments, the trainee, and the two adapted FLS (Fundamental of Laparoscopic Surgery) 

exercises (peg transfer and precision cutting) (see section 3.2).  

2) the IoT architecture that allows communicating all the devices, storing, and processing the low-

level data collected, and providing feedback to the trainee (see section 3.3). 

3) the modules to collect low-level data from the surgical instruments, trainee, and exercises (see 

section 3.4-3.6).  

4) the web platform which shows the high-level indicators to the trainee through visualizations (see 

section 3.7).  

Three additional requirements of the learning environment include:  

1) the use of low-cost sensors, fostering the operation through wireless communication as far as 

possible to support the free movement of the surgical instruments, trainee, and elements in the 

exercises. 

2) the real-time collection, processing, and representation of the information (latency of less than 

100ms), avoiding connection failures and potential data losses. 

3) the use of an iterative development process to adapt the box-trainer and the exercises to be 

performed by the surgeons. 

Figure 1 shows the overview of the IoT learning environment (Figure 1, a) and the two adapted FLS 

exercises (Figure 1, b). An iterative development process has been followed to choose the appropriate 

sensors for body tracking, instrument tracking and exercise tracking, as well as to adapt them to the box-

trainer. After several iterations which led to discarding some technologies and sensors, the proposed IoT 

learning environment includes the following elements: 1) tracking of the trainee’s body (joints) through the 

motion sensors of a Kinect located in front of the trainee [56], and using a wired communication (USB - 

Universal Serial Bus) to transfer the information to the computer (Figure 1, a1); 2) tracking of the trainee’s 



arm through the IMU (Inertial Measurement Unit) sensors of two regular smartphones located on the 

trainee’s arms (left and right) through running armbands, and using wireless communication (Wi-Fi) to 

transfer the data collected to a computer acting as a server (Figure 1, a2); 3) tracking of the trainee’s wrists 

through the IMU sensors in two Arduinos Nano 33 IoT located on the trainee’s wrists (left and right) 

through wristbands, and using wireless communication (Wi-Fi) to transfer the data collected to the 

computer (Figure 1, a3); 4) a regular plastic box with the approximate dimensions required that serves as 

the box trainer (Figure 1, a4). The plastic box contains a webcam attached to the upper inner part, and 

connected by USB to the computer, showing the trainee’s actions during the exercise on the screen located 

in front of the trainee. The surgical instruments used in the IoT learning environment were standard 

Maryland graspers and endoscopic scissors. Surgical instrument tracking is done employing a Leap Motion 

Controller [57] located inside the box trainer and transferring information via wired communication (USB) 

to the computer. Regarding the FLS exercises, the peg transfer exercise includes a fixed platform (central 

board) and a mobile platform (external board) (Figure 1, b1). Metallic contact switches are used in the fixed 

platform to detect the contact between the pegs and the platform. A strain gauge is used in the mobile 

platform to detect the weight of the peg in case it falls outside the central area. An Arduino Nano 33 IoT 

below the platforms collects the information and transfers it through wireless communication (Wi-Fi) to 

the computer (Figure 1, b2). The precision cutting exercise uses metallic paint on the circular pattern to 

detect contact with the endoscopic scissors. In addition, a strain gauge placed at one end of the gauze makes 

it possible to detect the tension applied when pulling with the Maryland grasper (Figure 1, b3). An Arduino 

Nano 33 IoT collects the information and transfers it through wireless communication (Wi-Fi) to the 

computer (Figure 1, b4). 



 
Figure 1. (a) IoT Learning Environment Overview: (a1) body tracking through a Kinect; (a2) arm tracking through Smartphones 

on running armbands, (a3) wrist tracking through Arduinos on wristbands, (a4) box trainer with a USB webcam connected to a 

screen. (b) FLS exercises: (b1) peg transfer exercise, (b2) peg transfer data collection and transferring through metallic contact 

switches, a strain gauge, and an Arduino, (b3) precision cutting exercise, (b4) precision cutting data collection and transferring 

through a strain gauge, metallic paint, and an Arduino.  

3.2. Box trainer and sensors 

The box trainer consists of a regular plastic box with the dimensions of other similar commercial 

laparoscopic simulators (31x43x24cm3). This plastic box can be easily opened to change the exercises to 

be done by the trainees inside the box. Two holes are drilled in the plastic box with a separation of about 

15cm between them for the correct operation of the surgical instruments inside. The trainee must see what 

is happening inside the box trainer while doing the exercises, and so, a webcam is attached to the upper 

inner part of the plastic box. This webcam is connected via USB to a regular monitor which is in front of 

the trainee. A Leap Motion Controller is also attached inside the plastic box to track the movement of the 

surgical instruments. Figure 2 shows the trainee’s view of the box trainer when it is closed (left) and open 

(right). 

Figure 3 presents the sensors used in the IoT learning environment and the method (wired or wireless) by 

which they communicate with the computer (server) that processes the data. The tracking of the surgical 

instrument requires low-cost solutions that are not attached to the instruments, as this could modify their 



weight and affect their movement. A Leap Motion Controller includes infrared (IR) sensors and cameras 

and allows tracking the position of elements at a distance and can be used to detect when these elements 

are out of a predefined visual area to apply penalties; the Leap Motion Controller is directly connected to 

the computer through USB. The tracking of the trainee’s movement involves body (joints), arms, and wrists. 

Body movement needs to be tracked without affecting the trainee’s movement, for example, with remote 

sensors with automatic image processing. A Kinect meets this requirement and allows 3D tracking through 

2D image processing, including infrared (IR) sensors for a more accurate calculation of the position of the 

trainee’s joints; the Kinect is directly connected to the computer through USB. Arm and wrist movements 

are tracked through IMU sensors due to their high detection frequency, compact size, and low cost [15]. An 

important requirement was the freedom of movement of the trainee, and so the IMU sensors (accelerometers 

and gyroscopes) in a Smartphone and Arduino Nano 33 IoT were used with wireless communication (Wi-

Fi) with the computer. The interactions with the elements that constitute the two exercises (peg transfer and 

precision cutting) are collected through specific sensors (see subsection 3.6) connected to an Arduino Nano 

33 IoT for each exercise, which is a compact and low-cost solution; the information collected by the 

Arduino Nano 33 IoT is transferred to the computer through wireless communication. 

 
Figure 2. Box trainer. (Left) Box trainer closed (trainee’s view) showing the Leap Motion Controller (a), the surgical instruments 

(b), the webcam (c), and the holes in the box trainer (d). (Right) Box trainer open (trainee’s view) showing the Leap Motion 

Controller (a), the webcam (c) and the holes in the box trainer (d) for the surgical instruments. 



 
Figure 3. Sensors used to collect information. The movement of the surgical instruments is tracked through a Leap Motion 

Controller located inside the box trainer. The trainee’s movement is tracked through the motion sensors of a Kinect (body/joints 

movement), and the IMU sensors from two Smartphones attached to two armbands (left and right arm movement), and two 

Arduinos Nano 33 IoT attached to two wristbands (left and right wrist movement). The exercise monitoring is done through an 

Arduino Nano 33 IoT located inside the box trainer; the peg transfer and precision cutting exercises use their own Arduino Nano 

33 IoT. 

3.3. IoT architecture 

The Internet of Things (IoT) architecture supports the communication between all the devices, the storage 

and processing of the information, and the provision of feedback to the trainee. The IoT architecture can be 

divided into layers: perception layer, network layer, and application layer [58]. Figure 4 shows an overview 

of the IoT architecture with the three layers. 

The perception layer is responsible for collecting data from the sensors and devices that track the position 

of the surgical instruments, trainee, and the two FLS exercises. Several technologies were tested for the 

perception layer, and finally, WSN was chosen due to its ability to collect information from multiple sources 

and send this information to a computer. 

The network layer receives the information and transmits it over the network and includes the technologies 

and protocols necessary to exchange the information in heterogeneous networks. Several technologies were 

tested for the network layer, and finally, Wi-Fi was chosen for wireless communication, and USB was 



chosen for wired communication (see Figure 3), due to their support to the IoT learning environment, their 

appropriate transmission rates, and cost. Also, TCP (Transmission Control Protocol) was chosen as the 

transport protocol to send the information.  

 

Figure 4. IoT layers of the learning environment: perception layer, network layer, application layer. 

The application layer receives data from the network layer and uses this data to provide services, in this 

case, to display visualizations aimed at providing feedback to the trainee, through an auxiliary display 

connected to the computer. Several protocols were analyzed and finally, HTTP (Hypertext Transfer 

Protocol) was chosen for the communication over TCP. A web platform was developed as part of the 

application layer. The Spring framework was used for the development of the web platform [59]. The Spring 

framework supports the development of web applications on top of the Java EE (Enterprise Edition) and 

features the model-view-controller pattern [59]. Therefore, the web platform stores the data collected from 

the devices and sensors (model), processes the data, and manages the choice of exercises by the trainee 

(controller), and provides visualizations to the trainee based on the data collected (view). 



3.4. Surgical instrument tracking 

The surgical instruments were tracked through a Leap Motion Controller, which uses IR (Infrared) stereo 

cameras as tracking sensors [56]. The Leap Motion Controller was configured with the tool detection mode, 

disabling the hand detection mode in its control panel for better precision when tracking surgical 

instruments. The tests conducted led to the finding that the Leap Motion Controller might have accuracy 

problems in the detection of reflective or very shiny materials. For this reason, the walls of the box trainer 

were covered with matte black paint, and the metal instruments were wrapped with paper. This allowed the 

correct capture of the smooth movements made with the surgical instruments during the tests carried out 

(see Figure 5). A Java program was specifically developed for surgical instrument tracking using the Leap 

Motion Controller SDK (software development toolkit) 2.3.4 [60]. This Java program initializes the Leap 

Motion Controller and receives information from its sensors, adding a timestamp to each sample. 

Specifically, each sample contains the positions of the left and right surgical instruments on each of the 

three Cartesian axes, as well as their velocities in these three axes, and their angular velocities in the three 

spherical axes. This Java program has been exported to a JAR (Java Archive) file to run it as an independent 

program.  

 

Figure 5. Box trainer with the walls painted in matte black paint with transparent lid and the Leap Motion Controller inside the 

box (left). Images from the two cameras of the Leap Motion Controller (center and right), detecting smooth movements from the 

surgical instruments. 



3.5. Trainee tracking 

The trainee was tracked through a Kinect (body), the IMU sensors in two smartphones (arms), and the IMU 

sensors in two Arduinos Nano 33 IoT (wrists) (see Figure 6a). In the case of Kinect, certain aspects were 

considered to reduce potential errors in the collection of information (see Figure 6b) namely: 1) use of 

Kinect indoors, avoiding direct lighting of the sensor by light sources, 2) user detection range of up to 4.5 

meters, 3) use of a tripod to raise the Kinect one meter and better capture the trainee’s upper body; 4) 

background wall with a non-reflective texture (or no wall near the trainee). The Kinect SDK 1.8 was used 

to develop a Java program for the tracking, adding the J4K (Java for Kinect) library to the Java project [61]. 

This program activates the Kinect and collects information related to body tracking with the active sitting 

operation mode. This operation mode only collects information from the joints of the upper body (with 

higher accuracy than if the whole body is tracked). The first step when running the program is to get a time 

reference from the computer (which is used to generate a timestamp for each sample collected). Each frame 

collected by the Kinect contains this timestamp together with the position of the trainee’s joints (two wrists, 

two elbows, two shoulders, neck, and head) in the three Cartesian coordinates. This Java program has been 

exported to a JAR file to run it independently. 

 
Figure 6. Trainee’s tracking (a) Kinect (body tracking), smartphone (arm tracking), Arduino Nano 33 IoT (wrist tracking). (b) 

Characteristics of the Kinect tracking environment. 

The tracking of the trainee’s arms was done through two regular smartphones (one in each arm) with 

Android as their operating system (see Figure 6a). Armbands were used to hold each smartphone. No cables 

were used to avoid affecting the movement of the trainee. The test conducted showed that the trainees could 

perceive the added weight of the smartphone on their arms so the data collected might be slightly influenced 

by this additional weight. This problem can be solved by using lighter devices (e.g., less than 200gr). A 



program was developed to collect and send the data from the smartphones, using the drag and drop, block 

based Thunkable platform [62], which supports the fast development of applications that can make use of 

the built-in sensors of the smartphone. Specifically, acceleration data was collected in the three Cartesian 

axes through the built-in accelerometer, and the velocity data was collected in the three spherical axes 

through the built-in gyroscope. Messages with these data were sent periodically via HTTP requests to a 

computer acting as a server. These messages include a timestamp, which was updated through the exchange 

of HTTP messages with the server, and an identifier to refer to the left or right arm. When the program is 

started the first step is the connection with the server, indicating its IP (Internet Protocol) and port. From 

then on, the communication between the smartphone and the server is established and the transfer of the 

information collected from the sensors of the smartphone starts. The program developed to collect data 

from the Smartphone via HTTP has been exported to a JAR file to run it as an independent program. 

The tracking of the trainee’s wrists was done through two Arduinos Nano 33 IoT (one on each wrist). 

Wristbands were used to hold each Arduino to the trainee’s wrists (see Figure 6a). Several battery types 

were tested for the power supply of the Arduinos, but these either did not supply enough current to operate 

the Wi-Fi module or significantly reduced the ergonomics. The solution was to connect the Arduinos to a 

power bank through a USB cable. A program collects and exchanges the data between the Arduinos and a 

computer acting as a server via HTTP requests. The Arduino IDE (integrated development environment) 

with the Arduino SAMD boards package, the WiFiNINA library (to support the Wi-Fi communication and 

the transmission of information via HTTP), and the LSMDS3 library (to read values from the built-in 

accelerometer and gyroscope of the Arduino Nano 33 IoT) were used in the development of this program 

[63]. The program connects to a Wi-Fi network using a given SSID (Service Set Identifier) and password 

and sends the information to the server through the corresponding IP and port. Acceleration is collected in 

the three Cartesian axes through the built-in accelerometer, while the velocity is collected in the three 

spherical axes through the built-in gyroscope. A time reference is obtained from the computer when the 

communication starts and is used to generate the timestamp, which is added to each sample sent to the 

server. The program developed has been exported to a JAR file to run it as an independent program. 

3.6. FLS exercises tracking 

The peg transfer exercise contains a central board with twelve bars and six pegs (triangular rings) and 

consists of picking pegs one by one from the bars on one side of the central board with a Maryland grasper 

in the trainee’s dominant hand, transferring the pegs to another Maryland grasper in the trainee’s non-

dominant hand, and placing them on the bars on the other side of the central board (then repeating the 

reverse sequence of steps) [11]. This exercise serves to assess the bimanual dexterity of the trainee. The 



pegs have specific weights (1.65g) and dimensions, and the central board. Two events must be tracked on 

this exercise: the moment in which each peg is picked from a bar and released on another bar, and the 

penalty due to releasing the peg outside the central board. Regarding the first event, three options were 

tested, capacity sensors, magnetic switches, and electrical switches obtaining better results with the latter. 

More specifically, the pegs were 3D printed and their bases were painted with metallic paint. For each peg, 

there is an open electronic circuit that closes when the peg is inserted through the bar (Figure 7a). The lower 

part of each bar has metallic contacts to close the circuit (Figure 7b). Each circuit is connected to an Arduino 

Nano 33 IoT for power supply, output detection depending on whether the circuit is open or closed (Figure 

7c), and transmission of the information. Regarding the second event, force and weight sensors were tested, 

getting better results with a piezo-resistant strain gauge (Figure 7d), with a Wheatstone bridge [64] at the 

output (to avoid problems due to temperature changes), and an operational amplifier to increase the low 

output voltage of the strain gauge (see the complete circuit in Figure 7e). The strain gauge is also connected 

to the Arduino Nano 33 IoT. A program was developed using the Arduino IDE, the Arduino SAMD boards 

package, and the WiFiNINA library to transmit the information collected via Wi-Fi to a program in the 

computer acting as a server that collects HTTP requests, through the corresponding IP and port. When 

switching on the Arduino Nano 33 IoT there is a first calibration process where a time reference is obtained 

from the computer (which is used to generate a timestamp for each sample collected), and where the weight 

of the strain gauge is also calibrated. From that moment on, the information collected by the Arduino Nano 

33 IoT is sent periodically via HTTP requests to the computer with the HTTP server program (also used to 

receive data from smartphones in the trainee’s arms and Arduinos in trainee’s wrists). All in all, the tracking 

of the Peg Transfer exercise includes a fixed platform (central board) to detect the pegs on the bars through 

electrical switches, and a mobile platform (external board) with a strain gauge to detect the weight of the 

pegs in case they fall on this platform (see Figure 1, b1 and b2). 



 

Figure 7. Peg transfer. (a) Detection of the peg with a metallic base through a witch with metallic contacts. (b) Electronic circuit 

with a switch of metallic contacts. (c) Electronic circuit connected to an Arduino Nano 33 IoT. (d) Strain gauge for the detection of 

the peg outside the board. (e) Electronic circuit for the detection of the peg outside the central board. 

The precision cutting exercise consists of cutting a gauze following a circular pattern, tightening the gauze 

with a Maryland grasper, and cutting the gauze with endoscopic scissors following the circular pattern [11]. 

This exercise serves to train and assess the trainee’s skill to cut an organ or tissue. Two events must be 

tracked on this exercise: an excessive force applied when tightening the gauze, and the deviation from the 

circular pattern marked on the gauze. In both cases, penalties should be applied as they could result in tissue 

damage in a real procedure. The first event is detected using the same approach as in the case of releasing 

pegs outside the board in the peg transfer exercise, that is a piezo-resistant strain gauge, with a Wheatstone 

bridge, and an operational amplifier (see Figure 7d and Figure 7e). In relation to the second event, the 

approach tested was the use of a pattern with two concentric circles whose distance corresponds to the 

maximum deviation allowed to the trainee. The trainee has to cut between the two circles, without touching 

them to avoid penalties. The detection of such contact between the endoscopic scissors and the circles can 

be simplified by painting the concentric circles with metallic paint, leaving a small opening in the outer 

circle so that endoscopic scissors can cut inside the circle. Two options were tested for contact detection, 

the use of a capacitive sensor and the wiring of the endoscopic scissors, getting better results in the second 

case. In the implementation, the electrical circuit remains open until the endoscopic scissors touch the 

metallic pattern, which leads to a voltage increase (see the circuit in Figure 8a). The connection of the 

circuit wires to the metallic pattern was done through one or two staples with the wires attached to the 

bottom of the staples (see the example for one of the two concentric circles in Figure 8b). This solution 



makes it possible to easily replace the gauze with a new one with staples and to attach the wires underneath. 

Finally, an Arduino Nano 33 IoT is used for power supply, output detection (to collect the force in relation 

to the first event, and the voltage in relation to the second event), and transmission of the information 

(Figure 8c). Another program was developed using the Arduino IDE, the Arduino SAMD boards package, 

and the WiFiNINA library (to transmit the information via Wi-Fi to the server through the corresponding 

IP and port) [63]. As in the previous exercise, switching on the Arduino Nano 33 IoT entails a first 

calibration process to obtain a time reference from the computer and to calibrate the weight of the strain 

gauge. Then, the information collected by the Arduino Nano 33 IoT is sent periodically via HTTP requests 

to the computer with the HTTP server program. All in all, the tracking of the Precision cutting exercise 

includes a gauze with two concentric circles painted with metallic paint, the strain gauge to detect forces 

on the gauze, and the electrical switch to detect contact between the endoscopic scissors and the circular 

pattern (see Figure 1, b3 and b4). 

 

Figure 8. Precision cutting. (a) Circuit for the detection of contact between endoscopic scissors and the metallic pattern. (b) Pattern 

(one circle) painted with metallic paint and two staples to attach the cables underneath. (c) Tracking of the two types of events 

and connection to an Arduino Nano 33 IoT. 

3.7. Web platform 

The web platform is built on top of the application layer of the IoT architecture and is responsible for the 

control and interoperability of the devices of the architecture, receiving, storing, and processing all the data 

collected by these devices; this web platform is developed using the Spring framework [59]. More 

specifically, five modules are developed as part of the web platform: 1) control module, 2) interoperability 

module, 3) processing module, 4) storage module, and 5) visualization module. 



The control module allows the trainee to interact with the IoT devices that transmit the information 

throughout the architecture. A web application contains four buttons so that the trainee can indicate the 

actions to be performed on the IoT devices: 1) set up devices (the server activates the Kinect, Leap Motion 

Controller, and HTTP servers to collect information from the devices, while in parallel the trainee can 

connect the smartphones and Arduinos to their respective HTTP server ports); 2) start a task (the trainee 

starts doing an exercise and the devices start sending the information); 3) finalize (the trainee indicates that 

the task has finished and the Kinect, Leap Motion Controller, and HTTP servers are stopped); and 4) cancel 

(the trainee indicates that the information collected for the task until that moment must be discarded). 

The interoperability module allows all IoT devices to work together while the trainee is doing an exercise. 

Each device has an associated JAR program (see Figure 9.). These programs are in charge of collecting the 

data and adding the timestamp to each sample. Data is collected via USB and specific libraries for low-

level data access in the Kinect and Leap Motion Controller, or HTTP requests between the smartphones or 

Arduinos and the server. Five ports are used for the HTTP requests, one per smartphone or Arduino. The 

data collected for each sample from each device is stored following a standard CSV (Comma-separated 

values) format, separating each parameter of each sample by commas. The CSV lines are stored in one text 

file per device. Finally, if the client requests the data from the server (e.g., via AJAX - Asynchronous 

JavaScript And XML – requests), the data from all the devices are combined and returned in a single JSON 

(JavaScript Object Notation) file. 



 

Figure 9. IoT devices interoperability. Each IoT device has an associated JAR program that collects data either through USB or HTTP 

requests. These data are transformed into CSV lines (one CSV line per sample per device) and stored in the server as text files per 

device. The client requests these data to the server and later processes the data and generates visualizations for the trainee. 

The processing module is responsible for obtaining high-level indicators from low-level data. This module 

contains two parts. The first part focuses on processing real-time events as they arrive at the server. For the 

peg transfer exercise, these events include progress of the exercise, pegs falling outside the central board, 

and surgical instruments outside the visible field of the Leap Motion Controller. For the precision cutting 

exercise, these events include contact with the metallic pattern, excessive force, and surgical instruments 

outside the visible field of the Leap Motion Controller. These events are processed with Python code as 

they arrive at the server. This first part is aimed at providing the trainee with a timeline of the performance 

containing the penalties committed. The second part focuses on the processing of the data collected after 

the end of the exercise, providing six high-level indicators that can be used for the summative assessment 

of the trainee: bimanual dexterity, depth perception, economy of movement, efficiency, hand tremor, and 

respect for tissue. The calculation of the first five high-level indicators is based on three-dimensional 

positions of the surgical instruments, and surgeon’s joints, as well as on velocities and accelerations 

calculated from the three-dimensional positions. The respect for tissue was calculated from peg drops in 

the peg transfer exercise, and excessive force and number of contacts between endoscopic scissors and 

metallic pattern in the precision cutting exercise. For each high-level indicator, a value between 1 and 5 has 



been calculated assigning weights to the low-level data used. Python code has been programmed to 

calculate the values for the high-level indicators. 

The storage module is responsible for storing the data collected from the IoT devices in text files. These 

text files are classified into folders depending on the trainee and exercise. The storage of these files is done 

in real-time while the trainee is doing the exercise. The storage module takes care of managing data that 

may have arrived out of order due to the use of HTTP over TCP, analyzing the timestamp of each sample 

received, and storing the data in an orderly manner in the corresponding text files. The storage module is 

also responsible for returning a JSON file with all the information stored upon the request of the client that 

provides the visualizations to the trainee. 

The visualization module provides feedback to the trainee through two types of visualizations: 1) real-time 

visualizations and 2) summative visualizations. Real-time visualizations include a progress timeline and an 

errors timeline (see Figure 10 and Figure 11); the indicators obtained from tracking the exercises served to 

design these real-time visualizations to show trainee’s progress (in the case of peg transfer) and his/her 

errors (in the case of both exercises). The trainee's progress is also displayed in the Peg Transfer by means 

of colors that indicate whether the trainee positions the pegs within or outside the designated time to 

complete the task. Errors are identified in both Peg Transfer and Precision Cutting if the surgical 

instruments are outside the working area. In addition, errors are also shown in the Peg Transfer if a peg 

drops outside the working area, while errors are shown in the Precision Cutting if the force used to pull the 

gauze is higher than expected as well as depending on the number of contacts with the pattern.  

Summative visualizations include the calculation of the six high-level indicators (see Figure 12); the 

indicators shown in summative visualizations, as well as their design, are based on radar charts from the 

existing literature [54][55]. The first screen the trainee sees is a form that collects the name and email 

address; this information is used to match the trainee with the realization of the exercise, and to store the 

data associated with that trainee. Then the trainee indicates the exercise to be performed (peg transfer or 

precision cutting), and the control module sets up the devices. In the new screen, the trainee can click on 

the button to start the task and after five seconds the trainee receives the message that the task has started. 

The trainee sees the image from the webcam and the timeline for the task on the monitor (see Figure 10 and 

Figure 11). When the trainee clicks on the finish button, the summative visualization is generated, showing 

a radar chart with the six high-level indicators from the trainee’s performance. The summative visualization 

allows the trainee to select the last performance, the target score for the six high-level indicators, the 

comparison with the average score of the trainees using the same IoT learning environment, or the average 

score of all the trainee’s performances. 



 
Figure 10. Example of real-time visualization: (left) precision cutting with errors timeline, (right) peg transfer with progress 

timeline and errors timeline. 

 
Figure 11. Example of real-time visualization with details for the peg transfer exercise: progress timeline (up) and errors timeline 

(down). 

 

 
Figure 12. Example of summative visualization presenting the six high-level indicators in a radar chart. This visualization shows 

the trainee’s last performance and the comparison with the rest of the group for each of the six high-level indicators. 



3.8. Cost of the IoT learning environment 

Figure 13 presents an overview of the installation layout and the devices of the IoT learning environment, 

including their connection via USB to the computer (Kinect, Leap Motion Controller, and webcam), their 

connection to the power socket (monitor, computer, Kinect, Arduino Nano 33 IoT in the FLS exercise, and 

operational amplifier in the FLS exercise), and HDMI (High-Definition Multimedia Interface) connection 

between computer and monitor. The calculation of the cost of the prototype of the proposed solution 

assumes that there are certain elements that the trainee already has and that can be used here; these include 

the two smartphones, the monitor, and the computer that receives and processes the information. In addition, 

the standard medical instrument used to perform the exercises (Maryland graspers and endoscopic scissors) 

is not part of the proposed solution and, so, its cost is not included in the calculation. The total cost to build 

the IoT learning environment was 500€ (approx. 600 USD) including Kinect, Leap Motion Controller, four 

Arduino Nano 33 IoT, webcam, box trainer (plastic box), armbands, wristbands, electronic components, 

production components, power bank, metallic paint, matte black paint, cables (HDMI, micro-USB), 

adapters (USB, and power supply 12V), USB hub, gauzes, and the 3D printing of the pegs for the peg 

transfer. The cost of building this IoT learning environment is in the lower range of most commercial 

solutions for laparoscopic simulation [43], as well as for the tracking systems [44], which go from 780€ 

(approx. 936 USD) to 1800€ (approx. 2160 USD), even though they cannot do a follow-up of the exercise 

and do not include new visualizations such as those presented in the IoT learning environment proposed in 

this article.  

 

Figure 13. Installation layout and devices of the IoT learning environment. 



4. Materials and Methods 

4.1. Participants in the evaluation  

The proposed IoT learning environment has been subject to an expert mixed-methods evaluation with a 

focus on the visualizations provided, both the real-time and the summative visualizations. First, 18 VLA 

(Visual Learning Analytics) experts assessed the technical aspects of the visualizations provided. These 

VLA experts had no experience in either surgical simulation or health sciences, but they had extensive 

experience in data management in educational environments and in the design and development of 

visualizations for these data. Second, four medical experts working for the Spanish public health system 

assessed the functional aspects related to the use of these visualizations for the training and assessment of 

surgical technical skills. The four medical experts were selected considering various levels of expertise, 

having performed: 1) less than 10 laparoscopic surgeries, 2) between 11 and 50 laparoscopic surgeries, 3) 

between 51 and 100 laparoscopic surgeries, and 4) more than 100 laparoscopic surgeries. Despite their 

experience in the surgical field, none of these medical experts had previous experience with virtual reality 

or physical simulators with automatic VLA, due to the lack of these technologies in the learning model used 

in Spain. 

4.2. Instruments used for the evaluation  

The novelty in the evaluation of VLA for the training and assessment of surgical technical skills led to the 

creation of specific instruments based on the User Experience Questionnaire [65]. The evaluation of VLA 

addressed five aspects related to the real-time and summative visualizations provided: 1) their ease of 

understanding, 2) the experts’ first impression on how to interpret them, 3) the context in which these 

visualizations could be useful, 4) the usefulness of the visualizations, and 5) suggestions for improvement. 

Two questionnaires were used as instruments for data collection about these five aspects (see Annexes 1 

and 2). The questionnaires included questions related to the ease of understanding, interpretation, and 

usefulness of the real-time and summative visualizations, as well as the appropriate context to use them. 

Two questionnaires were created, one per group of experts. The first questionnaire was completed by the 

VLA experts and was in English (see Annex 1) and its objective was to collect technical information on the 

user experience from VLA experts. The second questionnaire was completed by the medical experts and 

was in Spanish (see Annex 2) and its objective was, besides collecting information on the user experience 

from medical experts, to get detailed information on the surgical learning process with the IoT learning 



environment and how the sensors and the visualizations obtained from the data collected by these sensors 

can enhance the learning process.  

5. Results 
First, the information collected from the VLA experts is presented arranged according to the five aspects 

to be assessed on the real-time and summative visualizations. Regarding the first aspect, ease of 

understanding, 72.2% of the VLA experts (13 out of 18) correctly understood the events represented in 

the timeline, although only 55.6% of them (10 out of 18) correctly understood how the penalties 

committed during the simulation exercise were represented in the timeline. In contrast, 83.3% of the VLA 

experts (15 out of 18) correctly understood the summative visualizations, in particular the skills in which 

the trainee performed better and worse than the group average. Figure 14 shows the time (in seconds) it 

took for the VLA experts to understand the real-time and summative visualizations at first glance. Two 

timestamps were used on the survey at the beginning and end of the corresponding questions to measure 

the time it took VLA experts to understand these visualizations. 

 

Figure 14. Time (in seconds) taken by the VLA experts to understand at first glance the real-time (left) and summative (right) 

visualizations. 

Regarding the second aspect, experts’ first impression, Figure 15 shows that the summative visualizations 

caused a better first impression than the real-time visualizations, which is consistent with the data collected 

about the previous aspect on the ease of understanding of these two types of visualizations. Regarding the 

third aspect, the context in which these visualizations could be useful, 16.7% (3 out of 18) of the VLA 



experts thought that real-time visualizations could be useful before the trainee started the exercise, 50% (9 

out of 18) during the exercise, and 94.4% (17 out of 18) after the exercise. Interestingly, some VLA experts 

thought that the visualizations could be an element of distraction while doing the exercises with the box 

trainer, especially with more advanced trainees who might already know if and when they are committing 

a penalty. This comment is particularly interesting in the case of the real-time visualizations, which were 

designed to be displayed during the trainee’s performance. In contrast, another VLA expert thought that the 

real-time visualizations could be useful in three different contexts: improve the trainee’s errors during the 

execution of an exercise, following the trainee’s current performance by an expert surgeon, and debriefing 

the trainees after doing the exercises. The context in which summative visualizations could be more useful 

was before the trainee started the exercise for 27.8% (5 out of 18) of the VLA experts, during the 

performance for 38.9% of the VLA experts (7 out of 18), and after the performance for 88.9% (16 out of 

18) of the VLA experts. In this case, it is important to note that the summative visualizations were designed 

to be displayed after the completion of each exercise and before starting a new attempt with the exercise. 

 

Figure 15. The first impression of the VLA experts for the real-time (left) and summative (right) visualizations on a scale from 1 

(minimum) to 5 (maximum).  

Regarding the fourth aspect, the usefulness of the visualizations according to the participants, Figure 16 

shows that the summative visualizations were found to be more useful than the real-time visualizations, 

although both were useful for the trainee when doing the simulation exercises. Finally, regarding the fifth 

and last aspect, suggestions for improvement based on open comments from the VLA experts, it is worth 

highlighting some comments on which there was some agreement. For example, some comments on the 



real-time visualizations suggested misunderstandings when interpreting the timelines (10 comments). Some 

participants had problems understanding why there were two timelines, some others indicated that penalties 

were not correctly represented, and some others had issues with the colors used in both timelines. 

Suggestions for improvement included presenting a legend for the different types of penalties and using 

several colors and icons, as well as using colors with higher contrast. For example, a VLA expert proposed 

a single timeline that merged events from the progress and penalties to reduce trainees’ cognitive load; 

another VLA expert proposed adding more text and numbers when clicking on real-time visualizations. In 

the case of summative assessment, there were some comments related to the clarity and ease of 

understanding (7 comments). For example, four participants believed that the group comparison was useful, 

but that the actual effect on the trainee (e.g., a perceived need for improvement) would depend on the 

average skills of the group doing the training. Moreover, another expert thought that the number of high-

level indicators (6) displayed on the radar chart was adequate, as more indicators could make the 

visualization difficult to understand. The importance of showing the trainee how these indicators were 

calculated was also highlighted by several VLA experts. 

 

Figure 16. The usefulness of the real-time (left) and summative (right) visualizations on a scale from 1 (minimum) to 5 (maximum) 

according to the VLAs experts. 

Secondly, the information collected from the medical experts is presented, also arranged according to the 

five aspects to be assessed on the real-time visualizations and the summative visualizations. Regarding the 

first aspect, ease of understanding, all the medical experts understood the real-time visualizations and 

detected which events occurred within the expected time and which ones out of it. Only one medical expert 



was not able to correctly identify the number of penalties committed by the trainee. Moreover, all the 

medical experts identified in which skills the trainee was better and worse than the group average in the 

case of summative visualizations. Table 1 shows the time medical experts spent trying to understand the 

real-time and summative visualizations at first glance.  

Table 1. Medical experts’ assessment of the visualizations regarding their ease of understanding (time in seconds to understand 

the visualizations at first glance), first impression on the visualizations, and usefulness of the visualizations. 

 Time (in seconds) taken to 

understand the visualizations at 

first glance 

First impression on a scale from 

1 (minimum) to 5 (maximum) 

Usefulness on a scale from 1 

(minimum) to 5 (maximum) 

Real-time Summative Real-time Summative Real-time Summative 

Medical expert 1 130 300 3 3 3 3 

Medical expert 2 30 60 4 4 4 5 

Medical expert 3 120 120 3 4 2 5 

Medical expert 4 60 120 5 5 5 4 

Regarding the second aspect, experts’ first impression, Table 1 shows that the two types of visualizations 

caused similar first impressions to medical experts with a slightly better impression for one of the medical 

experts in the case of the summative visualizations. Regarding the third aspect, the context in which these 

visualizations could be useful, the medical experts considered that the real-time visualizations could be 

displayed after, or during the exercise, while the summative visualizations could be displayed after or before 

the exercise, but never during the exercise. In the case of the real-time visualizations, the medical experts 

highlighted their use to get information about the progress time and progress of targets, as well as the 

penalties committed by the trainee. In the case of summative visualizations, the medical experts highlighted 

their use to get information about the last performance, the target results, all the previous performances of 

the trainee, and the comparison with the group; in fact, three out of the four medical experts believed on 

the importance of motivation through competitiveness by comparison with the group. The medical experts 

also pointed out that for some trainees showing their previous performances might stress them, so it would 

be better to show these types of visualizations to them after doing the simulation exercises.  

Regarding the fourth aspect, the usefulness of the visualizations, Table 1 shows that the summative 

visualizations were perceived as more useful than real-time visualizations, with a particular disagreement 

in the case of the latter. Finally, regarding the fifth and last aspect, suggestions for improvement based on 



open comments from the medical experts, it is worth noting that all the medical experts considered that the 

proposed learning environments with the visualizations would reduce the ratio of trainee-expert. They also 

stressed the importance of this learning environment to improve the skills in the particular case of novice 

surgeons. The medical experts also indicated their preference for visual feedback, like the one offered in 

the visualizations, well above other types of feedback such as auditory or tactile feedback. Additional 

suggestions for the improvement of the visualizations were the inclusion of expert opinions, motivation 

messages, or to improve the information provided about the penalties in the case of real-time visualizations. 

6. Discussion 

The evaluation of the IoT learning environment focused specifically on the visualizations shown to trainees 

and evaluators. A mixed-methods evaluation was carried out with 18 VLA experts and 4 medical experts. 

This evaluation served to identify some important issues. First, the real-time visualizations (timelines) 

presented some difficulties to be properly understood, including the representation of how penalties were 

committed by the trainee. Therefore, it may be interesting to further reduce the amount of information 

presented in these visualizations or give some additional hints or background information on how to 

interpret the real-time visualizations, and particularly the penalties. In contrast, the radar charts with the 

high-level indicators provided as summative visualizations seem to be easy to understand for users who are 

not familiar with the medical context. The time taken to understand real-time visualizations is higher than 

that of summative visualizations, which is aligned with the above insight. Interestingly, medical experts 

needed less time than VLA experts to understand the real-time visualizations versus summative 

visualizations, which points to the importance of the users’ background to better understand the 

visualizations presented. 

It is also interesting to note the discrepancies between VLA experts and medical experts on when real-time 

and summative visualizations had to be shown. VLA experts were divided about showing real-time 

visualizations during the realization of simulation exercises, while medical experts believed that real-time 

visualizations could improve the trainee’s performance during the realization of the exercises; in particular, 

medical experts believed that the progress time should be shown during the exercise, but that the progress 

of targets and penalties committed should be shown after doing the exercise to avoid unnecessary 

distractions. Moreover, VLA experts believed that the summative visualizations could be useful during the 

simulation exercise, but medical experts disagreed on that. Once again, these results point to the importance 

of the context to better assess the visualizations presented to the trainees. 



It is worth noting that all the medical experts pointed out to the possible reduction of the ration of trainee-

expert and improvement of the classical training model they were used to, which is based on the “see one, 

do one, teach one” model [66] thanks to the proposed learning environment; this is precisely one of the 

main reasons that led to the design and development of the IoT learning environment. Nevertheless, medical 

experts also pointed out the need to provide more information on how high-level indicators were calculated 

from the low-level data collected for the sake of transparency of algorithms so that these can be trusted. 

Finally, it is important to discuss some of the limitations of this work. The IoT learning environment and 

the associated visualizations were designed for two FLS exercises only (peg transfer and precision cutting). 

It would be possible to extend the tracking and visualizations to the remaining three exercises (ligating 

loop, suture with an extracorporeal knot, and suture with an intracorporeal knot) taking advantage of the 

knowledge acquired. For example, the surgeon’s body and instrument tracking could also be used in these 

three additional exercises. A strain gauge could be used to measure the force when pulling the knots once 

they have been tied. Metallic paint can be used to verify if the suture knot is in contact with the suture line 

or if the loop of the ligating loop exercise is located over the target mark. All this would be combined with 

measures of time to complete the tasks and the definition of possible penalties. 

A second limitation is that the IoT learning environment has been built as a prototype with welded 

components that cannot be easily replaced. The IoT learning environment should be redesigned for real-

world use to be more modular, with simple connections to allow for much easier replacement of sensors. 

Moreover, it would be interesting to use standardized manufacturing methods to improve the assembly 

process of all components. 

A third limitation refers to the mixed-methods evaluation conducted. It was not possible to physically 

evaluate the IoT learning system as planned due to the restrictions caused by COVID-19. It was also 

difficult to find appropriate medical experts who could assess the functional aspects of the visualizations. 

The limitation of obtaining medical experts to participate in evaluation processes has already been identified 

in the literature in the field of surgical technical skills assessment [67][68]. 

7. Conclusions and future work 

This article has presented a cost-effective IoT learning environment that supports the training and 

assessment of surgical technical skills, allowing trainees the realization of two of the five exercises of the 

FLS program: peg transfer, and precision cutting. This IoT learning environment is built on devices and 

sensors that collect data on the surgical instrument, the trainee, and the elements inherent to the two types 



of exercises to be performed by the trainee. Although sensors for body tracking on the trainee and 

instrument tracking have already been explored in the literature, the IoT learning environment proposed 

here also focuses on sensing the elements present in peg transfer and precision cutting exercises and where 

there was scarce related work. This learning environment also includes visualizations for trainees and 

evaluators shown as a web application. These visualizations are built on the data collected by the devices 

and sensors and include timelines with events and penalties and radar charts with six high-level indicators 

with the skills to be developed by the trainee (bimanual dexterity, depth perception, economy of movement, 

efficiency, hand tremor, and respect for tissue), including comparisons with previous performances and 

with the rest of the group. In addition, new indicators and visualizations built on data collected from the 

specific scenario have been defined and developed. The connection between the devices and sensors that 

collect data and their representation as visualizations is done through an IoT architecture that uses WSN 

technology for the perception layer, Wi-Fi (for wireless communication), and USB (for wired 

communication) for the network layer, and HTTP protocol (for communication over TCP) and a web 

application (for displaying the information) for the application layer. Although the IoT learning 

environment proposed in this article has been developed to be used for the training and assessment of FLS 

exercises in the field of laparoscopic surgery, the design of the solution and the technologies used could 

also be adapted to other medical training environments. 

The lines of future work can be derived from the limitations of the IoT learning environment and the mixed-

methods evaluation conducted. Regarding the IoT learning environment, it would be interesting to improve 

the web server to be able to work together with several simulators at the same time, to apply machine 

learning techniques to calculate the high-level indicators with more accuracy, to improve preprocessing to 

minimize errors derived from the use of certain sensors (e.g., inertial sensors can be affected by unintended 

vibrations), and to explore new visualizations and improve those already provided. Regarding the mixed-

methods evaluation conducted, it would be advisable to do a study with real trainees to analyze whether 

this learning environment and the visualizations provided improve the trainees’ dexterity on surgical 

technical skills, and to do a full cycle evaluation of the IoT learning environment, where the experts would 

use the environment to generate data about their performance and these data would then be displayed in the 

visualizations for their assessment.  

Summary points 

What is already known on the topic? 



● It is necessary to objectivize and automate the assessment of surgical technical skills. 

● The exercises of the FLS program are a reference for the development of surgical technical skills. 

● Progress in the development of surgical technical skills should be measured through standardized 

indicators. 

● Feedback is important for trainees to identify their errors and improve their surgical skills. 

What does this study add to our knowledge? 

● IoT learning environments can be a cost-effective alternative to traditional surgical simulators. 

● It is possible to build a cost-effective IoT learning environment to train and assess surgeons. 

● A representation of high-level indicators through a radar chart is suitable for trainees. 

● Visual feedback is preferred over auditory or tactile feedback while doing simulation exercises. 
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Annex 1: VLA experts survey 

First, the VLA experts received a brief explanation on the training and assessment of surgical technical 

skills using laparoscopic simulators. Then, VLA experts received information on the two adapted FLS 

exercises (peg transfer and precision cutting), including their objectives and possible penalties. Finally, 

VLA experts were introduced in the real-time and summative visualizations provided by the IoT learning 

environment. Once the explanation was finished, the VLA experts were asked to fill out the questionnaire 

in Table A1 providing them with examples of real-time visualizations and summative visualizations. This 

survey included both open-ended and closed-ended questions. 

Table A1. Survey filled out by the VLA experts. 

QUESTIONS OPTIONS (WHEN APPLIES) 

1. Example of real-time visualizations (timelines)  

Regarding the first timeline, how many correct events occurred on time?  

Regarding the first timeline, how many correct events occurred out of time?  

Regarding the second timeline, how many penalties were committed?  

How much time did it take you to understand the real-time visualizations? (in minutes and seconds) 

What was your first impression of the real-time visualizations? Likert scale from 1 (irrelevant) 

to 5 (suitable) 

Add any comment about your first impression of the real-time visualizations  

In which context can real-time visualizations be useful? Before / During / After 

surgeon’s performance 

How useful are real-time visualizations in the previous contexts? Likert scale from 1 (not 

helpful), to 5 (very helpful) 

Add any comment about the use of real-time visualizations for the previous context?  

2. Example of summative visualizations (radar charts)  

Which skill scores from the last performance are higher than the class average? Efficiency, Economy, Hand 

Tremor, Respect for Tissue, 

Depth Perception, Bimanual 

Dexterity 

Which skill scores from the last performance are lower than the class average? 

Which skills need to be improved? 



How much time did it take you to understand the summative visualizations? (in minutes and seconds) 

What was your first impression of the summative visualizations? Likert scale from 1 (irrelevant) 

to 5 (suitable) 

Add any comment about your first impression of the summative visualizations  

In which context can summative visualizations be useful? Before / During / After 

surgeon’s performance 

How useful are summative visualizations in the previous contexts? Likert scale from 1 (not 

helpful), to 5 (very helpful) 

Add any comment about the use of summative visualizations for the previous context?  

 

Annex 2: Medical experts survey 

First, the medical experts received a brief introduction of FLS and its use for the training and assessment 

of surgical technical skills. Then, they watched two videos of the two adapted FLS exercises (peg transfer 

and precision cutting) and received an explanation of the IoT learning environment and the visualizations 

provided. Once the explanation was finished, the medical experts were asked to fill out the questionnaire 

in Table A2 providing them with examples of real-time visualizations and summative visualizations. This 

survey included both open-ended and closed-ended questions. 

Table A2. Survey filled out by the medical experts. 

QUESTIONS OPTIONS (WHEN APPLIES) 

1. Example of real-time visualizations (timelines)  

How many correct events occurred on time?  

How many events occurred out of time?  

How many penalties were committed?  

How much time did it take you to understand the real-time visualizations? (in minutes and seconds) 

What was your first impression of the real-time visualizations? Likert scale from 1 (irrelevant) 

to 5 (suitable) 



Add any comment about your first impression of the real-time visualizations  

In which context can the information from real-time visualizations be useful?  

a) Time progress information (time taken and time remaining) 

b) Milestone progress information (completed and pending objectives) 

c) Hints depending on the phase of the exercise  

d) Errors committed 

Before / During / After 

surgeon’s performance 

Add any comments on the context in which to receive the information of real-time 

visualizations 

 

Usefulness of the information in the real-time visualizations 

a) Time progress information (time taken and time remaining) 

b) Milestone progress information (completed and pending objectives) 

c) Hints depending on the phase of the exercise  

d) Errors committed 

Likert scale from 1 (not 

useful) to 5 (very useful) 

Add any comments on the usefulness of the information of real-time visualizations  

Do you think the information in the real-time visualizations serves to improve your skills? Likert scale from 1 (not at all) 

to 5 (very much) 

Add any comments on the improvement of skills and the real-time visualizations  

How would you use the information from the real-time visualizations to improve your 

skills? 

 

What would you change or add in the real-time visualizations?  

2. Example of summative visualizations (radar charts)  

Which skill scores from the last performance are higher than the class average? Efficiency, Economy, Hand 

Tremor, Respect for Tissue, 

Depth Perception, Bimanual 

Dexterity 

Which skill scores from the last performance are lower than the class average? 

Which skills need to be improved? 

How much time did it take you to understand the summative visualizations? (in minutes and seconds) 

What was your first impression of the summative visualizations? Likert scale from 1 (irrelevant) 

to 5 (suitable) 

Add any comment about your first impression of the summative visualizations  



In which context can the information from real-time visualizations be useful?  

a) Individual grade (in the last performance. 

b) Average grade of all my performances 

c) Expected grade for my level 

d) Comparison with the average performance of my group 

Before / During / After 

surgeon’s performance 

Add any comments on the context in which to receive the information of summative 

visualizations 

 

Usefulness of the information 

a) Individual grade (in the last performance. 

b) Average grade of all my performances 

c) Expected grade for my level 

d) Comparison with the average performance of my group 

Likert scale from 1 (not 

helpful), to 5 (very helpful) 

Add any comments on the usefulness of the information summative visualizations  

Do you think the information in the summative visualizations serves to improve your 

skills? 

Likert scale from 1 (not at all) 

to 5 (very much) 

Add any comments on the improvement of skills and the summative visualizations  

How would you use the information from the summative visualizations to improve your 

skills? 

 

What would you change or add in the summative visualizations?  

 

 

 

 

 

 

 

 

 




