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Abstract

This research is based on the 6th ABC Challenge which focuses on
leveraging Human Activity Recognition (HAR) systems to enhance En-
dotracheal Suctioning (ES) procedures. The challenge’s objective is to ac-
curately identify the activities performed by nurses based on the dataset.
The dataset comprising skeleton data and video recordings of healthcare
professionals performing ES procedures is collected and preprocessed. In-
formative features capturing joint angles, velocities, and spatial relation-
ships are extracted. These features are then used as inputs to three
different prediction models GBDT, XGBoost, and Light GBM. Our ex-
perimental results demonstrate that Light GBM outperforms the other
models with the highest accuracy of 0.819, followed by XGBoost (0.807)
and GBDT (0.763) on the Nurse Care Activity Recognition Challenge
benchmark dataset. These findings contribute to advancing nurse ac-
tivity recognition and have implications for improving healthcare mon-
itoring and workflow management. Given the outstanding performance
of LightGBM, we chose to submit our results using this algorithm for
the challenge. The code is available at https: // github. com/mobaaal2/
Endotracheal-Suctioning-Procedure-Recognition.

1 Introduction

The precise execution of Endotracheal Suctioning (ES) is a corner-
stone in managing patients requiring mechanical ventilation. As a critical
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procedure, ES demands not only a high degree of skill and knowledge
from healthcare professionals but also necessitates innovative approaches
to training and monitoring to minimize risks. Integrating technology into
healthcare practices offers a pathway to achieving these objectives, mainly
through applying Human Activity Recognition (HAR) systems.

This work is part of the 6th ABC Challenge titled Activity Recogni-
tion of Nurse Training Activity using Skeleton and Video Dataset with
Generative Al on Activity and Behavior Computing[1]. The challenge’s
focus on ES arises from understanding its critical role in maintaining pa-
tient airway patency and preventing ventilator-associated pneumonia|2].
The need for precise movements and adherence to sterile procedures char-
acterizes the complexity of ES. It calls for advanced solutions supporting
healthcare professionals in training and practice.

In recent times, there have been significant improvements in sensor
technologies, optimization of traditional models, and deep learning algo-
rithms, which have enhanced the capacity of HAR systems to capture
and interpret complex human movements with greater accuracy. The ad-
vancements in generative Al have further augmented these capabilities by
enabling the synthesis of realistic and diverse human activity data, which
helps in training HAR systems more effectively, particularly in scenarios
where real training data is scarce or difficult to obtain. This progress
has opened up new possibilities for applying HAR in the medical field
beyond general activity recognition to support specific, high-stakes pro-
cedures. By utilizing skeletal data and employing sophisticated computa-
tional models, we can develop systems that offer detailed insights into the
performance of ES. This innovative approach boosts the model’s learning
abilities and paves the way for creating more adaptable Al systems for
various medical procedures with minimal human intervention.

The main contributions of our work are summarized as follows:

e We have proposed a comprehensive methodology for recognizing ac-
tivities related to tracheal intubation suctioning. Our approach uti-
lizes advanced machine learning algorithms, including GBDT, XG-
Boost, and Light GBM, to accurately recognize different activities.
The best accuracy degree is in Light GBM(0.819).

e We have used generative Al to enhance our feature extraction pro-
cesses by leveraging its capability to generate and evaluate diverse
feature extraction scenarios. We have employed a comprehensive
set of features derived from joint motion data to capture the subtle
differences between various activities. These features include 2D co-
ordinates, immediate displacement, immediate motion orientation,
and joint angles.

e We have evaluated the performance of multiple machine learning
algorithms, including GBDT, XGBoost, Light GBM, Random For-
est, Gaussian naive Bayes, decision tree, logistic regression, support
vector machine, and k-nearest neighbor. This comparative analysis
provides insights into the strengths and weaknesses of different algo-
rithms for activity recognition in the context of tracheal intubation
suctioning.
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2 Related Work

2.1 Previous ABC Challenges

In 2023, ABC Challenges aimed to develop effective methods utilizing
wearable devices to monitor and predict PD patients’ wearing-off periods
and symptom fluctuations. It will help the doctors to create specific treat-
ment strategies to manage Parkinson’s disease and its associated symp-
toms properly, enabling personalized treatment strategies and improved
quality of life[3]. In 2022, the challenge was Nurse Care Activity Recog-
nition aiming to develop a model that can accurately recognize and clas-
sify daily nurse care activities at a nursing care facility[4]. According to
the result provided, the combination of proper data pre-processing and
the two-stage training process resulted in improved performance for user-
specific future activity prediction in the healthcare domain. In 2021, the
goal was to develop methods for accurately identifying different activities
performed during Bento-box packaging using motion capture to advance
human-robot collaboration in industrial settings[5]. In 2020, the same
conference organized a challenge to recognize the macro and micro activ-
ities taking place during cooking sessions[6]. The result showed that by
employing a clustering approach to identify individuals and then conduct-
ing cluster/person-specific feature selection with semi-supervised learning
techniques to classify the test data, an internal test accuracy was achieved
at 81.01%[7].

Unlike the other years, this year’s challenge was to recognize and assess
the activities performed during Nurse Training for ES to improve patient
safety and enhance nurses’ skills.

2.2 Generative AI Models Using in Activity Recog-
nition

Additionally, with the emergence of generative Al models such as large
language models (LLMs) and text-driven motion synthesis models, genera-
tive Al such as Inertial Measurement Unit Generative Pre-trained Trans-
former (IMUGPT ) has been used in HAR. Leng et al. (2024) made
enhancements to the IMUGPT model, including a motion filter and di-
versity metrics, to improve the generation and efficiency of virtual IMU
data[8]. Another study conducted by Xia et al. (2023) introduces a novel
two-stage prompt engineering approach. It uses ChatGPT to generate
activity descriptions and classify activities based on object sequences in
an unsupervised manner, demonstrating improved performance over ex-
isting methods[9]. Their works show an enhancement in HAR by using
generative Al models.

2.3 Human Pose Estimation in Activity Recogni-
tion
Human pose estimation technologies play a key role in Human Activ-

ity Recognition(HAR), especially for medical and nursing activities that
require analysis and understanding of complex human movements. With
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technological advancements, especially in artificial intelligence and ma-
chine learning, recognizing and monitoring human activities have become
possible[10, 11, 12, 13]. Song et al. (2021) demonstrated how human pose
estimation technology could improve the performance of activity recogni-
tion systems[14]. Their research confirmed that analyzing the movement
patterns of human joints improves the capability to recognize specific ac-
tivities.

2.4 YOLOvT7 Using in The Pose Skeleton

The Pose Skeleton (Keypoints) in this challenge were extracted from
videos by using YOLOv7. YOLOv7 is an advanced real-time object detec-
tion system in the field of computer vision. YOLOv7 adopts a trainable
bag-of-freebies approach, which combines efficient training tools, a spe-
cific architecture, and a compound scaling method. This combination of
techniques enhances the performance and accuracy of the object detec-
tion system. Moreover, with a GPU V100, YOLOv7 achieves the highest
accuracy among all known real-time object detectors, with an average
precision (AP) of 56.8%[15]. Du et al. (2024) implement an Al-generated
resource allocation scheme that utilizes an improved YOLOvT7-X object
detector to extract crucial semantic information from images. It improves
data management and transmission efficiency[16].

2.5 Limitations in Prior Research and Our Inno-
vations

However, traditional activity recognition models often rely on prede-
fined features and manually crafted algorithms, which may not be flexi-
ble or accurate enough when dealing with dynamic and complex nursing
activities. Additionally, the performance of traditional HAR systems can
vary greatly across different environments, as they are susceptible to back-
ground noise, changes in lighting, and other visual disturbances[17]. This
is particularly problematic in various environments such as hospitals and
ICUs, where visual conditions can change rapidly.

Despite the deficiency, traditional machine learning models offer sev-
eral advantages in terms of stability and interpretability. The inter-
pretability of these models allows healthcare professionals to understand
and trust the results, enabling better decision-making in patient care.
Furthermore, traditional machine learning methods can be optimized for
real-time processing, essential for timely medical analysis and diagnosis.

In conclusion, in our research, we have combined the strengths of
these traditional approaches with the innovative capabilities of modern
techniques, including generative A, to develop robust and reliable solu-
tions. Specifically, we have introduced a comprehensive methodology for
recognizing activities related to tracheal intubation suctioning, utilizing
advanced machine learning algorithms. Furthermore, we have utilized
generative Al to refine our feature extraction methods, allowing us to
identify and utilize a wide range of joint motion features effectively for
activity recognition.
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3 Dataset

The 6th ABC Challenge is centered around the recognition of activities
related to tracheal intubation suctioning, a critical procedure in patient
care within ICU settings. The challenge provides a comprehensive dataset
comprised of both skeletal data and video recordings, specifically designed
to capture the nuances of healthcare-related activities.

3.1 Data Collection

The dataset was meticulously curated from a controlled environment
where professional healthcare workers performed a series of predefined
tracheal intubation suctioning tasks. Each activity was captured using
high-definition video cameras and depth-sensing equipment to generate
both RGB video data and 3D skeletal data. The collection process was
conducted with strict adherence to privacy and ethical standards, ensuring
the anonymization of all participants involved.

Table 1: Description of some columns in CSV files

Column name Description of column
nose_x X coordinate value of nose
nose_conf Confidence value of nose
left_eye_y Y coordinate value of left eye
left_eye_conf Confidence value of left eye
right_shoulder_conf | Confidence value of right shoulder
left_elbow_x X coordinate value of left elbow

3.2 Dataset Structure

The dataset is divided into two primary components: Video Data and
Skeletal Data.

Video Data: There are 32 videos in MTS format of subjects in the
Training set. High-definition videos showcasing the execution of suction-
ing tasks from multiple angles. Each video is annotated with timestamps
indicating the start and end of specific activities, providing a visual ref-
erence for activity recognition. The frame per second of videos is 30 and
the image size is 1920x1080.

Skeletal Data: 3D skeletal data extracted from the depth-sensing
equipment, representing the movements of healthcare workers in a struc-
tured format. Each video frame contains 17 positions on the subject’s
body with x and y coordinates and confidence scores as seen in Tablel.
These files enable detailed analysis of motion patterns associated with
suctioning activity. Post-processing steps were applied to solve the prob-
lem that other people were included in the frame while passing by in the

Recognition of Nurse Activities in Endotracheal Suctioning Procedures: A
Comparative Analysis Using Light GBM and Other Algorithms



IJABC: International Journal of Activity and Behavior Computing

background, therefore only the skeleton of the main nurse was kept. The
sampling rate of the key points is 30.

3.3 Annotations

The dataset includes detailed annotations for each activity. Anno-
tations were performed by medical experts and included labels for each
specific suctioning task, as well as sub-tasks that are critical to the pro-
cedure (Shown in Table2). The annotations provide a ground truth for
developing and benchmarking activity recognition models.

Table 2: Activities in endotracheal suctioning and their id

Activity class id Activity name

Catheter preparation
Temporal movement of an artificial airway
Suctioning phlegm
Refitting the artificial airway
Catheter disinfection
Discarding gloves
Positioning
Auscultation

Others

o N O Ut kR W NN = O

4 Methodology

Firstly, we eliminated nonsensical We first processed the joint coor-
dinate data obtained from YOLOv7 by applying smoothing techniques.
Following that, generative Al was utilized to determine the appropriate
features to extract from the smoothed data. These extracted features were
then fed into various prediction models for activity recognition. In our re-
search, we specifically employed the Light Gradient Boosting Machine
(LightGBM) algorithm and compared its performance with two other al-
gorithms: Gradient Boosting Decision Tree (GBDT) and Extreme Gra-
dient Boosting (XGBoost). The modeling and prediction process is im-
plemented in Python 3.7, utilizing the respective libraries: LightGBM,
scikit-learn[18], and XGBoost. Figure 1 illustrates the experimental pro-
cedure we followed.
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Results and
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Figure 1: The architecture of Recognizing endotracheal suctioning procedures
with ML models

4.1 Joint Selection and Data Preprocessing

For our analysis, we focused on 13 joints above the hip. The knee
and ankle data were excluded due to the limited visibility of the lower
part of the nurse’s body in the frame. To eliminate noises and facilitate
feature extraction, we applied interpolation to missing values (represented
as zeros) occurring within a time frame of 3 seconds.

4.2 Generative Al Utilization

Although there have been numerous research studies on human ac-
tivity recognition, there is a scarcity of prior work focusing specifically
on identifying Endotracheal Suctioning procedures. In this situation, we
utilize Generative Al to identify the essential features of the Endotra-
cheal Suctioning procedure. Figure 2 shows our prompt and the features
suggested by the GPT-3.5-Turbo model[19]. GPT-3.5-Turbo is an en-
hanced version of the natural language processing model developed by
OpenAl, belonging to the GPT (Generative Pre-trained Transformer) se-
ries. GPT-3.5-Turbo utilizes deep learning and extensive data training,
enhancing the model’s ability to comprehend complex texts, generate co-
herent content, and handle subtle language nuances[20]. Notably, this
version is particularly optimized for applications requiring faster response
times and reduced latency, making it highly suitable for real-time appli-
cations such as conversational Al, interactive tools, and other scenarios
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where quick processing is crucial. Out of the 8 responses generated by
the AI, 6 pertained to feature extraction, with 5 of these methods being
implemented in our study. As depicted in Figure 2, the highlighted sec-
tion signifies our utilization or adaptation of the approach suggested by
generative Al, which will be discussed in the next section.

Our Prompt:

‘We aim to identify the activities performed by a person in each second using a data set that contains
the 2D coordinates of the person's joints within thousands of frame. Our focus is on Nurse Activities
in the Endotracheal Suctioning Procedure.

The dataset includes the two-dimensional coordinates of the following body parts: nose, left eye,
right eye, left ear, right ear, left shoulder, right shoulder, left elbow, right elbow, left wrist, right wrist,
left hip, and right hip.

In order to effectively capture the movement of objects for classification, we need to determine the
appropriate features to extract. Can you give me some suggestions

O

Output of ChatGPT 3.5 turbo:

Certainly! When it comes to extracting features from the 2D coordinates of body parts for activity
classification, there are several approaches you can consider. Here are some suggestions:

N

. Joint angles: Calculate the angles between different body parts, such as the angle formed by Features we Utilize
the shoulder, elbow, and wrist. Joint angles can provide information about the orientation and

movement of body parts.
2. Joint displ. M I
can capture the overall movement of body parts during the activity.
Velocity and acceleration: Derive the velocity and acceleration of each joint by calculating
the change in position over time. These measures can provide insights into the speed and
smoothness of movements.

. Trajectories: Analyze the paths traced by different body parts over time. This can involve [

elbow and wrist on both sides.

o

2. Coordinates of each joints.

IS

calculating the curvature, length, or direction of the trajectories.
. Relative positions: Explore the relative positions of body parts with respect to each other.
For example, you can calculate the distance or angle between different pairs of joints.
. Time-series analysis: Treat the sequence of joint coordinates as a time series and apply
techniques such as Fourier analysis, wavelet analysis, or autoregressive models to capture
temporal patterns.
Histograms or heatmaps: Generate histograms or heatmaps based on joint coordinates to
capture the spatial distribution of body parts during different activities.

3. Volocity of each joints

4]

o

4. Direction of velocity.

™

\5. Timestamp in second.

the displ of each joint from its initial position. This /] Joint Angle formed by shoulder,\

/

©

. Deep learning approaches: Utilize deep learning models, such as convolutional neural
networks (CNNs) or recurrent neural networks (RNNs), to automatically learn relevant
features from the raw joint coordinates.

It's important to note that the choice of features may depend on the specific characteristics of the
endotracheal suctioning procedure and the nature of the dataset. Experimenting with different feature
extraction techniques and evaluating their performance using appropriate classification algorithms
will help you determine the most effective features for your task.

2 ’
Figure 2: Output from GPT-3.5 Turbo [19]

4.3 Feature Extraction

We have fully adopted the 1st response generated by Chat-GPT 3.5
turbo, which suggests using the angles formed by the shoulders, elbows,
and wrists on both sides as key input features. We believe that in the con-
text of endotracheal suctioning activities, these joints are engaged more
actively, and the angles between them provide a more holistic represen-
tation of the interplay among these joints. The joint angle we select is
illustrated in Figure 3.
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In addition, we have partially integrated the suggestions from the 2nd,
3rd, and 4th generated responses, incorporating the 2-D coordinates, im-
mediate displacement, and immediate motion orientation of each joint as
features. This aligns with the classical physics theory’s description of ob-
ject motion, which involves distance, velocity, and direction.

Furthermore, we have referred to the 6th response, treating the joint
coordinate data as a time series. From the 2D coordinates, immediate dis-
placement, immediate motion orientation, and joint angles, we extracted
seven time-domain features per second, encompassing mean, standard de-
viation, minimum, maximum, variance, median, and sum. To improve
our model’s ability to recognize a sequence of continuous activities, we
added the timestamp as an extra feature. Lastly, we performed data nor-
malization, scaling all 498 features to a range between 0 and 1.

- e e o
-

Figure 3: Joints and angles selected (Inside the enclosed dashed line)

4.4 Algorithm Overview

The Gradient Boosting Decision Trees (GBDT) is an ensemble learn-
ing algorithm that combines multiple decision trees (DTs)[21]. DTs are
machine learning models with tree-like structures that can handle differ-
ent types of data and explore all possible paths to prediction results[22].
However, DTs are prone to overfitting and sensitive to noise in the dataset.
GBDT tackles these issues by integrating multiple DTs, enhancing pre-
diction performance by compensating for individual tree errors. Based
on the framework of GBDT, XGBoost[23] and Light GBM[24] received
wide attention for their excellent performance as extensions. These al-
gorithms effectively address overfitting, ensuring reliable predictions for
future data[22].
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Table 3: Hyperparameters provided by Optuna.

Algorithms Hyperparameters Values
learning rate 0.07620383307456176
n_estimators 384
max_depth 12
GBDT min_samples_leaf 28
min_samples_split 206
subsample 0.9287588738032913
max_features 14
alpha 5.902013633952215
lambda 0.3928176818610557
learning_rate 0.04214635827710827
XGBoost n_estimators 1159
colsample_bytree 0.6527299591714091
subsample 0.665359655991066
max_depth 8
learning_rate 0.0952265688751135
n_estimators 301
lambda_l1 0.014924041633401866
LightGBM lambda_12 0.02068744601075835
max_depth 14
colsample_bytree 0.8950907663814264
subsample 0.9972956871793692
min_child_samples 49

4.5 Hyperparameter Optimization

The selection of hyperparameters for tree-based machine learning mod-
els has a significant impact on their forecasting performance[25, 26]. It is
crucial to adjust these hyperparameters based on the dataset rather than
manually specifying them. In our study, we employ Optuna[27] to identify
the most suitable hyperparameters. Optuna is a software framework that
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automates the tuning of hyperparameters in models. It offers flexibility
by allowing users to dynamically construct the search space during run-
time using methods and trial objects[28]. By formalizing the process of
minimizing or maximizing an objective function that takes hyperparam-
eters as inputs, Optuna optimizes hyperparameter values and returns a
validation score that represents the model’s performance. The efficiency
of Optuna’s dynamic searching strategy is crucial in determining the set of
hyperparameters, while the performance estimation strategy estimates the
value of the hyperparameter set based on discarded learning curves and
hyperparameters. These dynamic strategies contribute to a cost-effective
solution for model optimization[27]. Table 3 displays the hyperparameters
obtained through Optuna for GBDT, XGBoost, and Light GBM.

4.6 Model Evaluation Indexes

The accuracy, precision, recall, and F1 score are widely used metrics
for evaluating the performance of machine learning (ML) algorithms[29].
Accuracy measures the proportion of correctly predicted samples, while
precision focuses on accurately predicting positive samples. Recall empha-
sizes the ability to correctly predict as many positive samples as possible.
The F1 score provides a comprehensive metric that balances both preci-
sion and recall. In this study, these metrics are adopted to evaluate the
performance of the models, providing a comprehensive understanding of
their predictive capabilities and the trade-off between precision and recall.

5 Results

teration 151 [[CCRRRNR | N0172 | [ NoaT1 | [ Noam2 [eeeees[ 51171 |
]
Keration 431 | NO1T1 | [ No1T2 | [ No2Tt I......

cee

.
Iteration 30/31 I NO1T || NO1T2 H N02T1 H N02T2

IEETRES S11T1 S11T2
eovscs S11T2

Iteration 31/31 | NO1T1 || NO1T2 || N02T1 || N02T2

Figure 4: Schematic diagram for “leave-one-subject-out” cross-validation

(LOSO CV)

Based on the feature extraction framework offered by generative Al,
the prediction results of GBDT, XGBoost, and Light GBM algorithms
were obtained using the “leave-one-subject-out” cross-validation (LOSO
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Figure 5: Confusion matrix for GBDT, XGBoost and Light GBM

CV) method. In this method, as shown in Figure4, we select one set
of operation data as the test set and the remaining data as the training
set at a time. The process was repeated 31 times. Following that, the
confusion matrix for each algorithm was generated, as depicted in Figure5.
The values along the main diagonal represent the number of samples that
were correctly predicted. It can be seen that actions assigned with labels
1, 3, and 5 exhibit noticeably lower accuracy rates. Conversely, actions
labelled 0, 2, 4, 7, and 8 showcase a relatively high level of accuracy across
all three models. Based on Figure 5, the accuracy, precision, recall, and
F1 score are calculated and shown in Table 4.

According to the results, all three algorithms had good overall perfor-
mances in recognizing the activities. Furthermore, the accuracy degrees
of LightGBM were largest and up to 0.819, followed by XGBoost and
GBDT with an accuracy of 0.807 and 0.763. Therefore, based on their
overall prediction performances, the rank was Light GBM > XGBoost >
GBDT. Due to the excellent performance of Light GBM, we submitted our
results using the Light GBM algorithm.
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Table 4: Model Evaluation Results

Model Accuracy Precision Recall F1 Score

Light GBM 0.82 0.83 0.82 0.82
XGBoost 0.81 0.82 0.81 0.81
GBDT 0.78 0.79 0.78 0.78

6 Discussions

While the overall performance of Light GBM, GBDT, and XGBoost
algorithms in recognizing tracheal intubation suctioning activities is sat-
isfactory, the accuracy rates for different activities vary. Specifically, ac-
tivities labeled as 1, 3, and 5 exhibit lower accuracy rates. This can be
attributed to two main reasons. Firstly, the number of samples available
for activities 1, 3, and 5 is smaller compared to other activities. This is
evident from Figure 6, which displays the label distribution in the dataset,
showing a significant disparity in the number of occurrences for activities
1, 3, and 5. Secondly, the demarcation boundary on activities labelled
1, 3, and 5 could exhibit a higher degree of uncertainty, thereby exert-
ing a potential influence on the data’s overall quality. As data-driven
approaches, the prediction performance of GBDT, XGBoost, and Light-
GBM algorithms is greatly influenced by the quantity and quality of the
supporting data. Consequently, the accuracy of activities labelled 1, 3,
and 5 is comparatively lower when compared to other activities.

Label Counts

2500 A

2000 A

1500

1000 A

500 -

Label

Figure 6: Label counts

It is noteworthy that the features offered by generative Al significantly
enhance the performance of the model. We input the time domain fea-
tures of the origional data into the model, optimize the hyperparameters
using Optuna, and then evaluate the final outcomes by comparing them
to the results obtained from feature extraction aided by generative Al. As
illustrated in Figure 7, through AI generated feature extraction method,
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the recognition accuracy is enhanced across all categories. The overall ac-
curacy is augmented by approximately 0.2. This result proves that feature
extraction through generative Al is dependable in the realm of human ac-
tivity recognition.

Recognition Result by LightGBM Recognition Result by LightGBM
with 2D coordinates with 2D coordinates and Features provided
by generative AI
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Figure 7: Comparison of the model’s performance before and after
incorporating features supplied by generative Al

In the study, several machine learning (ML) algorithms were also uti-
lized for activity recognition, including Random Forest (RF), Gaussian
naive Bayes (GNB), decision tree (DT), logistic regression (LR), support
vector machine (SVM), and k-nearest neighbour (KNN). Similarly, the hy-
perparameters of these algorithms were optimized using Optuna. The per-
formance of each algorithm was evaluated using Leave-One-Subject-Out
Cross-Validation (LOSO-CV) and measured in terms of accuracy. Figure
8 presents the accuracy results for each algorithm. The accuracies of these
algorithms were consistently lower compared to the GBDT, XGBoost, and
Light GBM algorithms. Most algorithms, except for RF, achieved accu-
racies below 0.7, while Light GBM algorithms surpassed 0.8 accuracy. It
demonstrated that compared with other ML algorithms, Light GBM was
better for recognizing tracheal intubation suctioning activities.

Agorithm

Figure 8: Accuracy of each comparison algorithm
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7 Future Work

In future work, several areas can be explored to enhance the activ-
ity recognition of ES activities. Due to the limited number of samples
available for activities labeled 1, 3, and 5, data augmentation techniques
can be employed to artificially increase the dataset size. This can involve
generating synthetic samples or applying transformations to existing sam-
ples to create variations in the data. Transfer learning techniques can be
investigated to leverage pre-trained models on related activity recognition
tasks or large-scale datasets. The addition of a regularization term can
be explored to limit the complexity of the model and improve its gener-
alization performance.

By incorporating these approaches and techniques, it is possible to
effectively improve the generalization capabilities of the activity recogni-
tion models, leading to more accurate and reliable recognition of tracheal
intubation suctioning activities in healthcare settings.
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