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Highlights 

• DeepInBed is a novel tool that allows automatic motion quantification from 2D videos 

• When applied to a Portuguese EMU, it was able to extract motion metrics correctly 

• DeepInBed metrics allowed distinction between automotor and hypermotor seizures. 

• KiSA is a semi-automated motion tracking software meant to be used by clinicians. 

• Enhancing KiSA for clinical use requires user-friendly and workload improvements. 

 

Abstract 

 

Introduction 

One third of epilepsies are drug-resistant and potential candidates to surgical treatment. 

Seizure semiology is essential for determining the epileptogenic zone but it relies on subjective 

analysis. Quantitative motion analysis during motor seizures can be a more accurate indicator 

and it has been successfully developed and laboriously implemented in a specific Epilepsy 

Monitoring Unit (EMU). This study aims to evaluate the feasibility of integrating quantitative 

seizure movement analysis technology into the routine of a Portuguese EMU, by determining 

DeepInBed system’s ability to extract motion quantification metrics from standard 2D video 

recordings, its effectiveness in distinguishing between automotor and hypermotor seizures, and 

the ease of use of seizure analysis software by clinicians. 

 

Methods 

A single-center, cross-sectional study was conducted with patients with automotor or 

hypermotor seizures that underwent non-invasive Video-EEG monitoring between January 2019 

and February 2024 in an EMU at a Portuguese refractory epilepsy center not originally involved 

in the development of the software. Video recordings utilized 1080p HD cameras positioned 

perpendicularly to the patients’ bed. Distinct marking points were established for seizure onset, 

seizure end and for the beginning and ending of automotor or hypermotor semiology. DeepInBed, 

based on pre-trained vision transformer pose estimation and Python programming, was employed 

to analyze motion patterns. Movement extent and maximum and mean velocity metrics from 10 

automotor and 10 hypermotor seizures reviewed and classified by two experienced 

epileptologists were assessed to determine their capability to distinguish between the two types 

of seizures. To assess if Kinect Seizure Analyzer (KiSA), a software for quantitative movement 

analysis, is clinician-friendly and easy to use, two experimental tests were performed and 

qualitatively analyzed. 
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Results 

Twenty-three automotor (seven patients) and twelve hypermotor (five patients) seizures 

were included. Aggregated metrics from 17 joints showed a higher sum of displacements 

(hypermotor=17758 pixels vs automotor=13064 pixels, p value=0.001), movement extent 

(hypermotor=832162 pixels2 vs automotor=499955 pixels2, p value<0.001), mean velocity 

(hypermotor=627 pixels/s vs automotor=336 pixels/s, p value<0.001), mean acceleration 

(hypermotor=7137 pixels/s2 vs automotor=3969 pixels/s2, p value<0.001) and mean jerk 

(hypermotor=129287 pixels/s3 vs automotor=77870 pixels/s3, p value<0.001), in hypermotor 

than in automotor seizures with a statistically significant difference. Separate analysis of 

movement extent and maximum and mean velocity of the trunk and the most active wrist key 

points in 10 automotor and 10 hypermotor seizures demonstrated no statistically significant 

difference between these metrics, preventing us from yielding distinct cutoff parameters. The 

experimental tests using KiSA showed that although useful and able to perform semi-automatic 

motion tracking, the program is time consuming for non-experts and still has a few glitches. 

 

Conclusion 

DeepInBed quantitative seizure movement analysis is capable of extracting objective 

motion metrics from 2D videos routinely recorded in a Portuguese EMU, making it a promising 

tool in pre-surgical evaluation. Even with a low number of seizures, objective metrics seemed to 

differ between hypermotor and automotor seizures. We could not, however, find a reliable cutoff 

value for wrist and trunk, which are usually the most clearly seen key points during seizures, to 

distinguish between the two seizure types, limiting its application in clinical practice. Additionally, 

seizure analysis software is useful, but needs to be improved to become clinician-friendly for 

everyday practice. 

 

 

Keywords 

Seizure semiology; Quantitative movement analysis; Motion tracking technology; Automotor 

seizure; Hypermotor seizure 
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1. Introduction 

 

Epilepsy is a common neurological disorder affecting approximately 50 million people 

worldwide (WHO, 2019). While most patients have a good prognosis, around 30% are considered 

refractory (Kwan and Brodie, 2000). In such cases, epilepsy surgery can lead to seizure freedom 

or significant seizure reduction (Tufenkjian and Lüders, 2012). 

 

Video-EEG combines EEG signal with seizure semiology to determine the epileptogenic 

zone, making it the gold-standard for pre-surgical evaluation (Elwan et al., 2018). Many seizures 

produce signs and symptoms that strongly suggest the activation of a specific cerebral area, 

providing seizure semiology with significant lateralizing and localizing value (Foldvary-Schaefer 

and Unnwongse, 2011). However, seizure semiology predominantly relies on epileptologists’ 

qualitative visual examination of video recordings, rendering it highly subjective and lacking 

standardization. Consequently, it is susceptible to interobserver bias and poor interobserver 

reliability, increasing the risk of diagnostic inaccuracy (Noachtar and Peters, 2019; Elwan et al., 

2018; Jin et al., 2014). Observer-independent methods for quantifying seizure semiology may 

help address this issue, since they provide objective data on seizure motion patterns, including 

information imperceptible on visual inspection (Zhanjian et al., 2002). This is possible for motor 

seizure semiology, using motion tracking technology, as demonstrated in previous studies that 

identified objective movement parameters capable of successfully distinguishing hypermotor from 

automotor seizures (Rémi et al., 2011). 

 

Currently, more advanced three-dimensional (3D) video-EEG systems have been 

developed, such as NeuroKinect. It is based on a RGB-D sensor (Microsoft Kinect camera) 

combined with KinecTracker (KiT), a software tool that handles all the data acquisition workflow, 

and Kinect Seizure Analyzer (KiSA) (Cunha et al., 2016), a custom-made software tool designed 

for seizure analysis that features a second-generation semi-automatic motion tracking algorithm 

(Pereira et al., 2018). NeuroKinect has been previously tested in the Epilepsy Monitoring Unit 

(EMU) of the Ludwig Maximilian University of Munich, proving to be a reliable tool for the 

quantitative analysis of motion patterns associated with epileptic seizures (Cunha et al., 2016). 

Nevertheless, NeuroKinect has been laboriously developed and implemented in a specific EMU 

that has been improving its technical setup for this purpose, meaning most EMUs worldwide do 

not have this refined environment. Additionally, even though NeuroKinect has lower costs and is 

easier to set up than other 3D motion quantification alternatives (Cunha et al., 2016), it still entails 

certain investments and modifications to the typical EMU environment. In response to this issue, 

the Biomedical Research And Innovation (BRAIN) group is developing a new system named 

DeepInBed, for motion detection and automatic quantification of seizures based on the use of a 

vision transformer for pose estimation (Xu et al., 2022). This system is compatible with 

conventional two-dimensional (2D), high-definition (HD), red, green and blue (RGB) seizure 

videos, allowing for easy application in a typical EMU setting without the need for any environment 
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changes. However, it does not have a user-friendly interface suitable for non-tech-savvy users 

yet. For these reasons, it is relevant to understand if this motion quantification technology can be 

integrated into the routine of EMUs around the world with standard resources and if the results 

are accurate. 

 

This study aims to assess the applicability of quantitative seizure movement analysis 

technology within the EMU of a Surgical Epilepsy Center in Portugal, addressing three questions: 

1) Is DeepInBed capable of extracting movement quantification metrics when applied to 

the EMU’s routinely recorded 2D videos? 

2) Do the metrics obtained allow the distinction between automotor and hypermotor 

seizures? 

3) Is KiSA an accessible and intuitive tool for clinicians to use? 

 

2. Methods 

 

2.1. Study design 

 

We conducted a single-center, cross-sectional study in the EMU of a Surgical Epilepsy 

Center in Portugal. It was approved by the Ethics Committee for Health and the Administration 

Board of the Hospital (approval document CE348/2023, January 18th 2024). All participants 

provided written informed consent. The research adhered to The Code of Ethics of the World 

Medical Association (Declaration of Helsinki). 

 

2.2. Participants and data collection 

 

We analyzed data from patients admitted to the EMU for non-invasive Video-EEG 

monitoring between January 2019 and February 2024. 

 

Patients were selected based on the presence of either automotor or hypermotor seizures 

on their monitoring report. Only patients with a clear epilepsy classification were 

included.  Seizures were reviewed by two experienced epileptologists and a final  classification 

was reached by consensus in all cases. The distinction between automotor and hypermotor 

seizures was based on the semiological classification by Lüders et al. (1998). Patients who 

declined to participate in the study were excluded. 

 

As the amount of seizures was much higher for automotor than hypermotor seizures, 

videos of all hypermotor seizures were reviewed for inclusion while for automotor seizures only 

one year was selected. Based on a higher frequency of automotor seizures on reports we chose 

2022. 
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After a preselection, we included seizures in which most of the semiology was clearly 

seen and with a considerable range of movement. We collected data on the circumstances and 

environmental factors during seizures, such as lighting conditions (daylight, artificial light, infrared 

at night) and staff and blanket occlusion. Occlusion was categorized based on its frequency: none, 

low (<10% of seizure duration), medium (10%-90%), and high (>90%).  

 

We collected sociodemographic data (age and sex), data on epilepsy characterization 

and seizure types. 

 

2.3. EMU setting 

 

Our EMU is a two-bed ward with continuous supervision by neurophysiology technicians 

and nurses. Scalp EEG recordings were obtained placing gold cup electrodes (with conductive 

paste and collodium), according to the 10-20 system and current IFCN recommendations, ranging 

from 21 to 44 electrodes (the latter in the case of patients admitted for presurgical evaluation). 

Polygraphic derivations included an EKG channel (as standard on EEG recordings) and two or 

more symmetrical EMG channels in selected cases. The signal was sampled at 512 Hz and 

recordings were visually analyzed using standard bipolar and referential montages. Anti-seizure 

drugs were maintained, reduced, or discontinued, following the EMU protocol (which depends on 

baseline seizure types and frequency), under the supervision of a team of epileptologists. 

 

Video is continuously acquired using 1080p HD (1920 x 1080 maximum resolution) 

cameras with night mode functionality, which means all ictal events that occur within camera 

reach are recorded. The cameras used for recording seizures remained the same from 2019 to 

2024. The camera is positioned perpendicular to the trunk facing the camera in an upright 

position, complying with a geometric model previously defined by Cunha et al. (2003). During 

seizures patients are tested for motor and cognitive dysfunction. Ictal video-EEG files are 

reviewed by experienced clinical neurologists and neurophysiologists and classified according to 

semiology (Lüders et al.,1998) and EEG features, especially the topographical definition of the 

ictal onset zone. 

 

2.4. Movement quantification 

 

For each seizure selected in section 2.2., we established distinct marking points to identify 

the seizure’s onset (corresponding to either the first clinical manifestation or to the EEG onset), 

the beginning and ending of the automotor/hypermotor semiology and the seizure’s EEG offset. 

Seizure duration was measured considering the phase of interest, based on semiology features 

and evolution. Postictal movements were not analyzed. Using these designated intervals, we 

applied DeepInBed to quantitatively analyze the seizure motion patterns. This system extracts 
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objective movement parameters, such as maximum and sum of displacements, movement extent, 

maximum, minimum, mean, median and standard deviation of velocity, acceleration and jerk. 

 

This technology operates in two main phases. In the initial phase, the system 

automatically estimates key points of the patient using seizure videos with standard parameters 

found in typical EMUs, i.e. HD, 2D and RGB. This process is accomplished by employing a pre-

trained vision transformer human pose estimation architecture following the COCO topology, 

resulting in metrics from 17 body key points, including nose, left and right eyes, ears, shoulders, 

elbows, wrists, hips, knees and ankles. In the second phase, the system quantifies motion metrics 

for each previously estimated keypoint. Both phases utilize the Python programming language. 

Currently, the system does not have a user-friendly interface suitable for medical professionals 

and was operated by a team of biomedical engineers. 

 

In order to evaluate the possibility of determining distinct cutoff parameters capable of 

distinguishing between automotor and hypermotor seizures, we analyzed the metrics obtained 

with DeepInBed. As previously done in other studies (Rémi et al., 2011), we selected 10 

automotor and 10 hypermotor seizures from our dataset to analyze in terms of movement extent, 

which refers to the area covered by the key point during the seizure, and maximum and mean 

velocity. We aggregated the shoulder metrics to represent the trunk and evaluated only the most 

active wrist. Movements were quantified by analyzing all video frames throughout the entire 

seizure (32 frames per second). 

 

2.5. Experimenting KiSA 

 

KiSA is a specialized software tool designed for seizure analysis. It features a semi-

automatic motion tracking algorithm that identifies body parts exhibiting relevant movements. 

Then, it calculates metrics for quantifying movements of interest (MOI), allowing for labeling, 

editing, and deleting of these movements. Additionally, KiSA generates a 3D visualization of the 

tracked MOI, as well as an automatic report for each analyzed seizure, including MOI 

quantification statistics and tracings (Pereira et al., 2018). 

 

To assess the applicability of tools like KiSA in the routine of an EMU, we conducted two 

experimental tests trying the KiSA software from a medical perspective. Even though KiSA can 

provide 3D metrics, to replicate the conditions found in a standard EMU, we only worked with 2D 

parameters and utilized test seizure videos. These trials took place at the INESC TEC facilities, 

using a well-equipped computer with the KiSA system. 
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2.6. Statistical analysis 

 

We conducted statistical analysis using version 29.0.0.0 (241) of the Statistical Package 

for Social Sciences (SPSS)® software. To analyze quantitative movement parameters, we 

presented mean and standard deviation for normally distributed data, and median and 

interquartile range otherwise. Normality of distribution was assessed using the Kolmogorov-

Smirnov Test. We compared parameters between groups using the Independent Samples t-test 

for normally distributed variables and the Mann-Whitney U test for non-normally distributed 

variables. Significance was set at P < 0.05, and multiple testing was adjusted using the 

Bonferroni–Holm correction. 

 

3. Results 

 

3.1. Participants’ demographics and clinical features 

 

Continuous Video-EEG monitoring lasting at least 3 days (mean=4, SD=1) was performed 

in all included patients. 

 

After patient selection, we assembled a dataset of 36 automotor (8 patients) and 26 

hypermotor (8 patients) seizures. Despite our selection criteria, several seizures had to be 

removed due to inadequate video conditions that were still unsuitable for the system to analyze, 

such as poor illumination, insufficient range of motion (i.e. difficult to discern with 1920 x 1080 

camera resolution), and occlusion from blankets and staff. This resulted in 23 automotor (7 

patients) and 12 hypermotor (5 patients) seizures remaining. Patients’ demographic and clinical 

data is summarized in Table 1. 

 

Information about the conditions in which the seizures happened is presented in Table 2. 

All automotor seizures exhibited manual automatisms, while 75% of hypermotor seizures involved 

upper limb movements. Conversely, only 4% of automotor seizures showed pedal automatisms. 

Medium occlusions by staff affected 48% of automotor seizures and 41.7% of hypermotor 

seizures, while 57% of automotor seizures experienced medium occlusions by blankets. 

Additionally, 87% of automotor seizures and 83.3% of hypermotor seizures were tested during 

the ictal phase. 

 

3.2. Quantitative movement analysis 

 

Results of the motion quantification performed by DeepInBed can be found in Table 3. 

The system allowed for the extraction of 18 metrics from 17 body key points. These values are 

aggregated to aid in the comprehension of Table 3. Following the application of the Bonferroni-

Holm correction, the quantitative analysis of the movement parameters showed higher sum of 
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displacements, movement extent, minimum, mean, median and standard deviation of velocity, 

acceleration and jerk, as well as maximum jerk, in hypermotor than in automotor seizures with a 

statistically significant difference. Therefore, 15 of the extracted metrics were able to differentiate 

between the two types of seizures. 

 

A separate quantitative analysis of the metrics extracted from the most active wrist and 

trunk (mean of shoulders) of 10 automotor and 10 hypermotor seizures was performed in an 

attempt to find cutoff parameters capable of distinction. We chose the trunk and wrist as it was 

proved in a previous study (Rémi et al., 2011) that those key points were able to distinguish 

between automotor and hypermotor seizures and in our dataset both seizure types had a high 

percentage of involvement of the upper limbs during the seizure.The results are displayed in Table 

4. After implementing the Bonferroni-Holm correction, the analysis of movement extent and 

velocity of the trunk and wrist, along with seizure duration, provided no statistically significant 

differences, failing to distinguish between automotor and hypermotor seizures. Although there 

was a trend of higher movement extent and mean velocity in hypermotor seizures compared to 

automotor seizures, the difference was not statistically significant. 

 

3.3. KiSA’s user experience 

 

During the two KiSA trials, distinct test patients were analyzed. The initial test focused on 

learning how to work with the software, tracking the left hand ROI. The second test aimed to 

simulate clinical use, tracking the head and right hand ROIs. The time spent on each of the 

following steps of both experimental tests is summarized in Table 5. 

 

To get started, one has to run the KiSA program in MATLAB, which takes only a few 

seconds. Users have to select the folder containing the seizure videos and remove any videos 

that do not contain MOI, after confirming the seizure’s clinical start and end timestamps. The 

folder contains 3 files per minute of video, so one entire minute has to be selected, even if the 

MOI lasts less. The software loads the files and computes optical-flow (OF) estimations, which 

may take a significant amount of time. Afterwards, the video is displayed on the KiSA main window 

and users can watch it, but skipping to a specific point using the time bar is not possible. The 

video can appear rotated 90º, making it challenging to work with. 

 

To initiate tracking, one must select the region of interest (ROI), such as head, trunk, right 

or left hand (which refers to the entire arms as well) or leg (which refers to the feet as well), by 

clicking on a small arbitrary spot on the ROI. The semi-automatic system does some of the 

tracking, but it needs to be clicked every few frames and it must be precise, because if one selects 

the background and wants to correct it, the tracking must restart from the beginning. Consistently 

clicking on the same spot can be difficult when the video resolution is low. Tracking the entire 

minute of video is necessary, even if the MOI lasts less. During tracking, primary source 
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(“Infrared”, “OF Tracking” and “Tracings”), current frame and timestamp information can be 

visualized on the left side of the window. After tracking is complete, a window shows video length, 

manually tracked frames, percentage of manual tracking and time spent at the same time that 

large displacement optical flow tracking and tracking labeling are being performed, a process that 

can take considerable time. Simultaneously, a tracking video is generated with the full path of the 

ROI movements drawn in green. 

 

Tracking additional MOIs from the same ROI or different ROIs can be done without 

reloading the video. The user has to load the ROI tracking video into the KiSA Analysis window, 

which appears in a small section of the window, and zooming in is not possible. To ensure that 

the background was not tracked, users should confirm if the green line shows a real path of 

movement and if the white dot, indicating the current tracking location, is moving accordingly. The 

KiSA Analysis window includes valuable motion quantification data presented in tables, figures 

and graphs, including the representation of a selected metric, an image with the tracking drawing 

and a 3D movement graph (which does not have a caption explaining what is being visualized). 

Users can select specific ROIs and metrics to view data for only the chosen parameters. However, 

glitches in the window during full-screen or downsizing attempts result in overlap between the 

video, graphs, and tables, making some unreadable. Maximizing the window size, without making 

it full-screen, is the only option. Additionally, switching metrics can cause graph lines to overlap 

with different colors, making it incomprehensible, and the creation of an excessive caption column 

that overlaps with the tables. The aforementioned technical flaws are depicted in Fig. 1. After 

reviewing the movement quantification in the KiSA Analysis window, the user must press the 

“Export Data” button, which automatically creates a folder with Word, csv ROI and csv MOI 

reports, as well as MATLAB information. 

 

4. Discussion 

 

4.1. Quantitative movement analysis 

 

This study provides evidence that the DeepInBed system is capable of extracting 

quantitative movement parameters when used with routinely recorded, 2D, HD and RGB seizure 

video recordings. Moreover, this technical setup does not require the attachment of any reflectors 

or sensors to the patient’s body, which overcomes limitations encountered in previous 2D infrared 

marker-based approaches, such as instability of the attached reflectors or sensors caused by 

vigorous movements associated with seizures and repeated occlusions of markers (Cunha et al., 

2003; Zhanjian et al., 2002), or the need to have a specific RGB-D camera such as Neurokinect 

(Cunha et al., 2016). Therefore, our study suggests that DeepInBed is suitable to be implemented 

in everyday practice, as it does not entail any alterations to a standard EMU. However, our results 

also showed that in the typical EMU setting a high amount of recordings are taken in low-light 

environments, with blankets covering relevant movement and EMU personnel or other elements 
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obstructing the viewing of the patient. These conditions pose challenges for systems like 

DeepInBed, compromising the quality of motion quantification and potentially resulting in errors, 

such as incorrect estimation of the patient's key points. Further investigations are needed to 

evaluate the accuracy of key point identification by such technologies under these conditions. 

 

Working with 2D video recordings presents several constraints. For instance, the lack of 

precision when movements are not aligned parallel to the image plane can distort the analysis.  It 

would be important to further refine these quantitative movement analysis technologies by 

addressing the stringent video requirements to be more adequate to the reality of the majority of 

EMUs worldwide. With such improvements, other studies should focus on motion quantification 

that encompasses body parts typically concealed, such as the legs and feet. Furthermore, the 

COCO topology currently used in DeepInBed does not provide mouth and finger key points, 

making it impossible to detect subtle automatisms, such as oral and digital movements. Future 

work adding those key points and improving recognition of subtle movements in videos with 

limited video resolution (1080p HD) could add valuable quantifying information. 

 

Automatisms refer to sequences of involuntary, repetitive behavioral actions that are 

inappropriate for the situation (Lüders and Noachtar, 2009). These movements provide valuable 

information regarding lateralization and localization of the epileptogenic zone. For instance, two 

thirds of temporal lobe seizures manifest manual and oral automatisms and ictal automatisms 

with preserved awareness point to the non-dominant hemisphere (Chowdhury et al., 2021). 

However, upon visual examination, each individual automatism may appear intentional, rendering 

them "complex" movements and challenging to evaluate solely based on inspection (Cunha et 

al., 2013). Automotor seizures are complex motor seizures characterized by automatisms 

affecting the distal portions of the hands and feet, or the mouth and tongue. In turn, brisker, faster 

and higher amplitude complex movements  primarily affecting the proximal segments of the limbs 

and trunk constitute the main manifestations of hypermotor seizures, which are more frequently 

seen in frontal lobe epilepsies (Luders et al., 1998). Distinguishing between these two seizure 

types is not always straightforward, as it can be difficult to determine whether the 

movements  predominantly involve proximal or distal limbs (Lüders and Noachtar, 2009) or the 

degree of amplitude and speed that constitute a cutoff point, making it essential to find objective 

parameters to better characterize these movements. In fact, other studies have found 

characteristic differences in motion patterns of automatisms (Cunha et al., 2013; Mirzadjanova et 

al., 2010; Yang et al., 2009). Moreover, previous works have established movement metrics that 

distinguish between automotor and hypermotor seizures (Rémi et al., 2011). These 

considerations support a quantitative approach to movement analysis. 

 

Our study demonstrated that, when applied to the dataset from a Portuguese refractory 

epilepsy center, DeepInBed obtained objective motion metrics that also differentiated automotor 

from hypermotor seizures. In fact, hypermotor seizures motion patterns proved to be faster and 
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have higher levels of sum of displacement, acceleration and jerk than in automotor seizures. For 

this study, we only included automotor and hypermotor seizures reviewed and classified by a 

consensus of experienced epileptologists, in order to grant diagnostic accuracy. 

 

In addition to evaluating the ability of extracted metrics to distinguish between automotor 

and hypermotor seizures, we aimed to assess if the analysis of specific metrics and key points 

could establish distinct cutoff parameters that could be applied to other datasets. All automotor 

seizures in our dataset featured manual automatisms, while 75% of hypermotor seizures involved 

upper limb movements. Conversely, only 17% of automotor seizures showed pedal automatisms. 

Considering these factors, we focused on the trunk (including aggregated shoulder metrics) and 

wrist (the most active one), which also are usually the most clearly visible key points during 

seizures. 

 

When we specifically analyzed movement extent and maximum and mean velocity of the 

trunk and wrist, as well as seizure duration, from 10 automotor and 10 hypermotor seizures, we 

could not find statistically significant differences between the two types of seizures. Thus, by using 

the DeepInBed system with our hospital dataset, we were not able to replicate the findings of 

Rémi et al. (2011). This may be due to the limited sample size, as well as the stringent video 

requirements imposed by this motion quantification technology. Different systems were used for 

measurement of these parameters. Rémi et al. (2011) applied a quantitative analysis of 

movements previously published (Cunha et al., 2003; Zhanjian et al., 2002).  

Moreover, medium levels of occlusion by staff were observed in a considerable proportion of 

automotor and hypermotor seizures, while many automotor seizures encountered medium 

occlusion from blankets. Furthermore, a high percentage of seizures were tested during the ictal 

phase, potentially influencing the results, since these tests involve activities such as asking the 

patient to raise their upper limbs, which may overestimate movement extent and velocity in 

patients who comply with such commands during their seizures. We plan to test the effect of the 

removal of these solicited movements in the quantitative analysis in future studies. 

 

While our study successfully applied the DeepInBed system for quantitative seizure 

movement analysis, its novelty poses inherent limitations as it has not been previously tested or 

validated. As with any new technology, there may be unforeseen biases or inaccuracies in the 

data analysis process that could affect the interpretation of findings. Future work should focus on 

conducting comprehensive validation tests of DeepInBed as well as explore the system's 

performance across a broader range of scenarios. Variations in patient demographics, seizure 

types, and environmental conditions could impact the system's effectiveness and generalizability. 

Additionally, since DeepInBed has the advantage of providing quantification metrics for several 

body key points, future research could explore the possibility of using other key points to find 

better cutoff parameters. By addressing these limitations we can promote the effective integration 
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of this technology into routine clinical care, ultimately benefiting patients with epilepsy and 

facilitating more accurate diagnosis and treatment decisions. 

 

4.2. KiSA’s user experience 

 

It would have been ideal to evaluate the user experience of the DeepInBed system. 

However, due to its current lack of a user-friendly interface tailored for non-tech-savvy users, we 

opted to assess an alternative motion tracking technology: KiSA. Future studies should consider 

examining the usability of DeepInBed. 

 

KiSA streamlines seizure movement quantification with its semi-automatic tracking, 

reducing manual effort by up to 94%. Real-time frame and timestamp display aids user control. 

Post-tracking, KiSA provides information such as seizure length, tracked frames, percentage  of 

manually tracking and time spent. It allows tracking of additional MOIs without video reloading. It 

generates a tracking video displaying the full path of movements and offers comprehensive 

analysis via its Analysis window. Users enjoy flexibility with open-close options and video source 

switching. Automated report generation post data exportation enhances practicality. 

 

Nevertheless, KiSA presents certain constraints that hinder its usability and efficiency. 

Although it is intended for routine clinical use, the software’s user-friendliness could be improved. 

The MATLAB-based interface is not intuitive for users less familiar with these technical tools. It 

lacks features like skipping to specific points in the video, suffers occasional rotation issues, and 

displays the video in a small window without zoom capability. Additionally, glitches during window 

resizing can interfere with data visualization and interpretation, causing overlapping content. 

Moreover, using KiSA involves numerous time-consuming steps. Our initial test required 19 times 

more time than the duration of the seizure video itself. In clinical settings, this timeframe would 

allow for the visual inspection of the video numerous times over. While KiSA presents a learning 

curve, we showed that the process tends to become more efficient with practice. However, even 

with familiarity, our second test still required 9 to 6 times more time than the seizure video's 

duration and it is important to note that the quickest test was also the one where the system 

performed better in automated tracking. The inability to input timestamps directly and automatic 

loading for files matching MOI duration or stop tracking at any desired point, processing delays, 

reliance on user tracking accuracy, particularly challenging with low-resolution videos, and the 

need to restart from the beginning to correct tracking errors increasing are all limitations that 

increase both time and manual workload. 

 

Once these issues are addressed, KiSA can evolve into a more user-friendly tool. 

Enhancements such as refining ROI tracking to include specific body parts like shoulders, elbows, 

and feet, allowing the user to return to the previously tracked frames for correction, enabling 

viewing of tracings for all ROIs within the same video, clarifying data presented during analysis 
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and resolving the technical flaws encountered, can turn KiSA into a potential tool to be integrated 

into everyday clinical practice. 

 

5. Conclusion 

 

The DeepInBed system is capable of extracting movement quantification parameters 

when applied to an EMU’s routinely recorded 2D videos, without the need for alterations to the 

usual EMU settings. The metrics obtained allowed for the distinction between automotor and 

hypermotor seizures, rendering it a valuable tool that has the potential to be applied in standard 

EMUs worldwide. KiSA  is still not as  intuitive, time efficient and accessible as needed for 

everyday clinical practice. However, it remains a valuable semi-automatic motion tracking 

algorithm, offering assistance in the quantitative characterization of seizures with potential for 

integration into the routine of an EMU. 
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Table 1. Patients’ demographic and clinical data. 

 
Automotor 

(n patients = 7) 
Hypermotor 

(n of patients = 5) 

Age (years) 54 (26)* 38 (21) 

Sex   

     Female, n (%) 5 (71.4%) 2 (40%) 

     Male, n (%) 
 

2 (28.6%) 
 

3 (60%) 
 

Epilepsy 
syndrome, n (%) 

 

Temporal lobe epilepsy, 7 (100%) 
- Mesial, 6 (85.7%) 

 

Frontal lobe epilepsy, 3 (60%) 
Temporal lobe epilepsy, 1 (20%) 

Multilobar epilepsy, 1 (20%) 
 

Etiology, n (%) 

Hippocampal sclerosis, 5 (71.4%) 
Cavernous 

haemangioma, 1 (14.3%) 
Other, 1 (14.3%) 

Indeterminate, 2 (40%) 
Malformations of 

cortical development, 1 (20%) 
Hippocampal sclerosis, 1 (20%) 

Hypoxic–ischaemic brain injury, 1 (20%) 

Laterality, n (%) 
Left hemisphere, 5 (71.4%) 

Right hemisphere, 1 (14.3%) 
Bilateral, 1 (14.3%) 

Bilateral, 3 (60%) 
Right hemisphere, 2 (40%) 

Age of onset 
(years) 

23 (15) 10 (5) 

Duration of 
epilepsy (years) 

22 (13) 28 (22) 

Refractory to 
ASD, n (%) 

2A, 4 (57.1%) 
2B, 2 (28.6%) 
No, 1 (14.3%) 

2A, 3 (60%) 
2B, 2 (40%) 

ASD – anti-seizure drugs 

Note. Values are given as means (standard deviation), except for the value with an *, that is median 

(interquartile range). 
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Table 2. Circumstances and environmental factors during seizures. 

 
Automotor 

(n seizures = 23) 
Hypermotor 

(n seizures = 12) 

Body parts 
involved in 
seizures, n (%) 

Oral automatisms, 22 (92%) 
Manual automatisms, 23 (100%) 

Pedal automatisms, 4 (17%) 

Upper limbs, 9 (75%) 
Trunk, 12 (100%) 

Lower limbs, 11 (91,7%) 

Lighting, n (%) 
Daylight, 11 (48%) 

Artificial light, 8 (35%)  
Infrared and artificial light, 4 (17%) 

Daylight, 6 (50%) 
Artificial light, 3 (25%) 

Infrared, 1 (8,3%) 
Infrared and artificial light, 2 (16,7%) 

Obstruction   

      Staff, n (%) 

None, 3 (13%) 
Low, 9 (39%) 

Medium, 11 (48%) 
High, 0 (0%) 

None, 5 (41,7%) 
Low, 2 (16,7%) 

Medium, 5 (41,7%) 
High, 0 (0%) 

      Blanket, n (%) 

None, 5 (22%) 
Low, 4 (17%) 

Medium, 13 (57%) 
High, 1 (4%) 

None, 7 (58,3%) 
Low, 1 (8,3%) 

Medium, 3 (25%) 
High, 1 (8,3%) 

      Other, n (%) None, 23 (100%) None, 12 (100%) 

Test during ictal 
phase, n (%) 

Yes, 20 (87%) 
No, 3 (13%) 

Yes, 10 (83,3%) 
No, 2 (16,7%) 
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Table 3. Movement parameters extracted with the DeepInBed system from all the seizures in the 

dataset. 

Movement metrics 
Automotor 
seizures 
(n = 23) 

Hypermotor 
seizures 
(n = 12) 

p value 
Bonferroni-

Holm 
Correction 

 
Displacement (pixels) 

  
  

     Maximum 173 (84)* 194 (86) 0.045† n.s. 

     Sum 13064 (15669) 17758 (29316) 0.001†  

Movement extent (pixels2) 499955 (637623) 832162 (728568) <0.001†  

Velocity (pixels/s)     

     Maximum 5186 (2520)* 5817 (2579) 0.045† n.s. 

     Minimum 0.31 (0.37) 0.53 (0.86) <0.001†  

     Mean 336 (332) 627 (398) <0.001†  

     Median 63 (71) 223 (280) <0.001†  

     Standard Deviation 659 (523) 907 (469) <0.001†  

Acceleration (pixels/s2)     

     Maximum 68316 (49306) 77914 (41053) 0.058† n.s. 

     Minimum 0.25 (0.60) 0.92 (3.49) <0.001†  

     Mean 3969 (4629) 7137 (3830)* <0.001†  

     Median 509 (646) 1763 (2610) <0.001†  

     Standard Deviation 8382 (6869) 11216 (5999) <0.001†  

Jerk (pixels/s3)     

     Maximum 1443109 (737169)* 1619087 (707387)* 0.005‡  

     Minimum 4.22 (9.11) 13.40 (49.64) <0.001†  

     Mean 77870 (95964) 129287 (89008) <0.001†  

     Median 8338 (12224) 30569 (46678) <0.001†  

     Standard Deviation 
 

170557 (151376) 217596 (97109)* <0.001†  

Note. Values are given as median (interquartile range), except for the values with an *, those are means 

(standard deviation). 

n.s. – not significant 

† Mann-Whitney U test, ‡ Independent Samples t-test 
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Table 4. Movement parameters extracted with the DeepInBed system from 10 automotor and 

10 hypermotor seizures. 

Seizure 
type 

Movement extent 
(pixels2) 

Movement velocity 
(pixels/s) Seizure 

duration 
(s) 

 

Trunk Wrist 

Maximum Mean 

 Trunk Wrist Trunk Wrist  

Automotor 
679648 

(523956) 
967989 

(896823)* 
6521 

(2845) 
7772 

(3696)* 
414 

(243) 
413 

(212) 
54 

(28) 

Hypermotor 
1022840 
(467709) 

1097370 
(452551) 

6219 
(1202)* 

5887 
(2942)* 

686 
(238) 

735 
(310) 

55 
(38) 

p value 0.140† 0.529‡ 0.912‡ 1.000‡ 0.021† 0.014† 0.979† 

Bonferroni-Holm 
Correction 

n.s. n.s. n.s. n.s. n.s. n.s. n.s. 

Note. Values are given as means (standard deviation), except for the values with an *, those are median 

(interquartile range). 

n.s. – not significant 

† Independent Samples t-test, ‡ Mann-Whitney U test 

 

 

 

 

 

 

 

 

26



 

Fig. 1. Technical glitches encountered while using KiSA. The seizure tracking video appears 

rotated 90º, making it challenging to work with. The “3D View” graph does not have a caption 

explaining what is being visualized. The full-screen attempt results in overlap between the video 

and “3D View” graph, making it partially unreadable. Switching metrics can cause graph lines to 

overlap with different colors, making it incomprehensible, and the creation of an excessive 

caption column that overlaps with the tables. 

 

 

 

Table 5. Time spent and motion tracking details from two experimental tests with KiSA. 

 First experiment Second experiment 

 
Tracked ROI 

 
Left hand 

 
Head 

 
Right hand 

Video length 1 min 
1800 frames 

1 min 
1224 frames 

1 min 
1224 frames 

Time spent on loading files and 
computing optical-flow estimations 

4 min 2 min 35 s 

Manually tracked frames 179 168 71 

Percentage of manual tracking 10% 14% 6% 

Time spent manual tracking 12 min 25 s 4 min 9 s 1 min 40 s 

Time spent on LDOF tracking 2 min 1 min 34 s 1 min 3 s 

Time spent on tracking labelling 1 min 6 s 39 s 44 s 

Total time spent 
 

19 min 31 s 
 

8 min 57 s 
 

6 min 2 s 
 

ROI – region of interest, min – minutes, s – seconds, LDOF - large displacement optical flow 
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Apêndices 
 

A. STROBE Reporting guidelines 

B. Regras de formatação da revista Epilepsy Research 

C. Parecer da Comissão de Ética para a Saúde da ULS de São João 
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STROBE Statement—Checklist of items that should be included in reports of cross-sectional 

studies  
 

Item 

No Recommendation 

Page 

No 

Title and abstract 1 (a) Indicate the study’s design with a 
commonly used term in the title or 
the abstract 

Page 8 

(b) Provide in the abstract an 
informative and balanced summary 
of what was done and what was 
found 

Pages  8-9 

Introduction 

Background/rationale 2 Explain the scientific background 
and rationale for the investigation 
being reported 

Page 10 

Introduction 

Objectives 3 State specific objectives, including 
any prespecified hypotheses 

Page 11 

Introduction 

Methods 

Study design 4 Present key elements of study 
design early in the paper 

Page 11 

Study design 

Setting 5 Describe the setting, locations, and 
relevant dates, including periods of 
recruitment, exposure, follow-up, 
and data collection 

Page 12 

EMU setting 

Participants 6 (a) Give the eligibility criteria, and 
the sources and methods of 
selection of participants 

Page 11 

Participants and data 
collection 

Variables 7 Clearly define all outcomes, 
exposures, predictors, potential 
confounders, and effect modifiers. 
Give diagnostic criteria, if 
applicable 

Pages 11-14 

Methods 

Data sources/ 
measurement 

8*  For each variable of interest, give 
sources of data and details of 
methods of assessment 
(measurement). Describe 
comparability of assessment 
methods if there is more than one 
group 

Pages 11-14 

Methods 

Bias 9 Describe any efforts to address 
potential sources of bias 

Pages 11-14 

Methods 
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Study size 10 Explain how the study size was 
arrived at 

Page 11 

Participants and data 
collection 

Pages 12-13 

Movement quantification 

Quantitative variables 11 Explain how quantitative variables 
were handled in the analyses. If 
applicable, describe which 
groupings were chosen and why 

Pages 11-14 

Methods 

Statistical methods 12 (a) Describe all statistical methods, 
including those used to control for 
confounding 

Page 14 

Statistical analysis 

(b) Describe any methods used to 
examine subgroups and 
interactions 

Page 14 

Statistical analysis 

(c) Explain how missing data were 
addressed 

Page 14 

Statistical analysis 

(d) If applicable, describe analytical 
methods taking account of 
sampling strategy 

Page 14 

Statistical analysis 

(e) Describe any sensitivity analyses Page 14 

Statistical analysis 

Results 

Participants 13* (a) Report numbers of individuals at 
each stage of study—eg numbers 
potentially eligible, examined for 
eligibility, confirmed eligible, 
included in the study, completing 
follow-up, and analysed 

Page 11 

Participants and data 
collection 

Page 14 

Participants’ 
demographics and 
clinical features 

(b) Give reasons for non-
participation at each stage 

Page 11 

Participants and data 
collection 

Page 14 

Participants’ 
demographics and 
clinical features 

(c) Consider use of a flow diagram Page 11 
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Participants and data 
collection 

Page 14 

Participants’ 
demographics and 
clinical features 

Descriptive data 14* (a) Give characteristics of study 
participants (eg demographic, 
clinical, social) and information on 
exposures and potential 
confounders 

Page 23 

Table 1. Patients’ 
demographic and clinical 
data 

Page 24 

Table 2. Circumstances 
and environmental 
factors during seizures 

(b) Indicate number of participants 
with missing data for each variable 
of interest 

Page 23 

Table 1. Patients’ 
demographic and clinical 
data 

Page 24 

Table 2. Circumstances 
and environmental 
factors during seizures 

Outcome data 15* Report numbers of outcome events 
or summary measures 

Pages 25 

Table 3. Movement 
parameters extracted 
with the DeepInBed 
system from all the 
seizures in the dataset. 

Page 26 

Table 4. Movement 
parameters extracted 
with the DeepInBed 
system from 10 
automotor and 10 
hypermotor seizures. 

Main results 16 (a) Give unadjusted estimates and, 
if applicable, confounder-adjusted 
estimates and their precision (eg, 
95% confidence interval). Make 
clear which confounders were 
adjusted for and why they were 
included 

Pages 24-26 

Tables 2-4 
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(b) Report category boundaries 
when continuous variables were 
categorized 

Pages 24-26 

Tables 2-4 

(c) If relevant, consider translating 
estimates of relative risk into 
absolute risk for a meaningful time 
period 

 

Other analyses 17 Report other analyses done—eg 
analyses of subgroups and 
interactions, and sensitivity 
analyses 

Pages 14-15 

Results 

Discussion 

Key results 18 Summarise key results with 
reference to study objectives 

Pages 16-20 

Discussion 

Limitations 19 Discuss limitations of the study, 
taking into account sources of 
potential bias or imprecision. 
Discuss both direction and 
magnitude of any potential bias 

Pages 16-20 

Discussion 

Interpretation 20 Give a cautious overall 
interpretation of results considering 
objectives, limitations, multiplicity 
of analyses, results from similar 
studies, and other relevant 
evidence 

Pages 16-20 

Discussion 

Generalisability 21 Discuss the generalisability 
(external validity) of the study 
results 

Pages 16-20 

Discussion 

Other information 

Funding 22 Give the source of funding and the 
role of the funders for the present 
study and, if applicable, for the 
original study on which the present 
article is based 

Page 20 

Funding 

 

*Give information separately for exposed and unexposed groups. 

 

Note: An Explanation and Elaboration article discusses each checklist item and gives methodological 

background and published examples of transparent reporting. The STROBE checklist is best used in 

conjunction with this article (freely available on the Web sites of PLoS Medicine at 

http://www.plosmedicine.org/, Annals of Internal Medicine at http://www.annals.org/, and Epidemiology 

at http://www.epidem.com/). Information on the STROBE Initiative is available at www.strobe-

statement.org. 
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