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ABSTRACT

Non-verbal communication remains challenging for conscious intubated ICU patients who are unable to
speak. This study investigates whether bedside hand gestures can be recognized from real ICU video
recordings using a spatio-temporal deep learning framework. A private dataset comprising 20 videos from
10 intubated patients was organized into five clinically relevant gesture classes: Agreement, Discomfort,
Neutral, RequestHelp, and Suction. Four ImageNet-pretrained CNN backbones, namely DenseNet121,
ResNet50, MobileNetV2, and EfficientNetB0, were integrated with an LSTM layer to capture temporal
gesture dynamics. Model performance was assessed under strict Leave-One-Subject-Out (LOSO)
evaluation to measure generalization to unseen patients. Among the models evaluated, EfficientNetB0-
LSTM achieved the best overall performance, with an accuracy of 0.40 and a micro-AUC of 0.5669.
However, class-wise discrimination remained uneven, and all models showed limited sensitivity to minority
and visually subtle gesture classes, with predictions frequently biased toward RequestHelp. These findings
indicate that hand gesture recognition from real bedside ICU videos is considerably more challenging than
recognition in controlled settings and provide an initial subject-independent benchmark for gesture-based
communication support in critical care.

Keywords-clinical hand gesture recognition; CNN-LSTM; intubated ICU patients; leave-one-subject-out
evaluation; non-verbal communication

. INTRODUCTION when patients experience fatigue,

fluctuating alertness,

For intubated patients in the Intensive Care Unit (ICU), the
inability to speak creates a major barrier to timely and effective
communication. Even when consciousness is preserved,
patients may struggle to express pain, discomfort, anxiety, or
urgent care needs, which can complicate bedside interaction
and increase the risk of misunderstanding in critical care
practice [1-3]. Existing reviews have shown that conventional
communication aids are not always sufficient, particularly

weakness, or impaired motor coordination [4-6]. Among
observable bedside signals, hand gestures represent a practical
non-verbal communication channel because they may convey
intentional meaning without relying on speech, writing, or
dedicated assistive devices [7, 8].

From a technical perspective, hand gesture recognition has
advanced considerably with deep learning. Convolutional
Neural Networks (CNNs) are widely used to extract spatial
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representations, whereas temporal models are needed when
gestures evolve across video frames [9-12]. Long Short-Term
Memory (LSTM) networks remain relevant in this context
because they aggregate motion-related information over time
and help distinguish gestures that may appear similar in
isolated frames. Accordingly, CNN-LSTM architectures have
been applied in gesture-recognition and video-analysis tasks in
which temporal continuity contributes to class discrimination
[13-15]. Prior studies have also suggested that multimodal and
adaptive learning strategies may improve robustness under
variable gesture conditions [16, 17].

Despite these advances, most hand gesture recognition
studies have been developed using controlled datasets. Such
datasets typically involve healthy participants, fixed
viewpoints, clearly defined gesture taxonomies, and relatively
clean visual conditions [18-22]. These assumptions differ
substantially from bedside ICU recordings. In real ICU
environments, gestures may be weak, incomplete, or
interrupted, and the visible hand region may be partially
obscured by blankets, medical tubing, caregiver activity, or
camera angle. In addition, recording conditions may vary
across patients and sessions. As a result, models developed on
non-clinical datasets cannot be expected to generalize reliably
to bedside ICU videos characterized by occlusion, subtle
motion, and pronounced inter-subject variability [8, 23, 24].

A further challenge concerns the evaluation protocol. In
many vision-based recognition studies, random partitioning is
still used to construct training and test sets. However, for
subject-structured clinical data, this strategy may blur the
distinction between learning gesture-related patterns and
learning person-specific characteristics. This issue is
particularly problematic in small datasets, where repeated
exposure to samples from the same individual may lead to
overly optimistic performance estimates. When the intended
application involves previously unseen patients, subject-
independent evaluation is more appropriate. Leave-One-
Subject-Out (LOSO) evaluation provides a practical framework
for this purpose because each fold reserves one subject for
testing while the remaining subjects are used for model
development [25, 26].

Subject-independent evaluation has also proven important
in prior ICU-centered visual analysis. Earlier work in the same
clinical setting showed that performance estimates became
more conservative, yet more clinically realistic, when identity
overlap between training and testing data was removed [27]. At
the same time, facial observation alone may not fully capture
non-verbal communication in intubated ICU patients, since
visible expressions can be reduced and facial regions are often
partially obscured by medical devices. This motivates the
investigation of hand gestures as a complementary
communication modality. In the broader direction of this
research, facial and gesture analysis are treated as
complementary components of a multimodal non-verbal
communication model for intubated ICU patients. Despite this
relevance, ICU hand gesture recognition under strict subject-
independent evaluation remains insufficiently explored.

This study addresses this gap by evaluating hand gesture
recognition in intubated ICU patients using a CNN-LSTM
framework under strict subject-independent evaluation. The
purpose of this work is not to introduce a new deep learning
architecture, but to provide a realistic experimental reference
for subject-independent gesture recognition under challenging
bedside ICU conditions. A private clinical video dataset was
organized into clinically meaningful gesture classes, and
multiple ImageNet-pretrained CNN backbones were assessed
within a shared temporal modeling framework so that their
behavior could be compared under the same evaluation
protocol.

The contributions of this study are fourfold. First, it
presents a hand gesture dataset derived from real bedside
recordings of intubated ICU patients. Second, it applies a strict
LOSO protocol so that the reported results reflect
generalization to unseen subjects. Third, it compares multiple
CNN backbones within a unified CNN-LSTM framework to
establish a fair spatio-temporal baseline. Fourth, it analyzes the
resulting limitations to clarify the methodological difficulty of
gesture recognition in ICU environments characterized by
small data, class imbalance, occlusion, and inter-patient
variability.

II. MATERIALS AND METHODS

This section describes the clinical dataset, preprocessing
pipeline, CNN-LSTM architecture, training configuration, and
evaluation protocol. Particular emphasis is placed on subject
independence, fair backbone comparison, and reproducibility
under real ICU bedside conditions.

A. Clinical Dataset

1) Data Acquisition

Clinical video data were collected from intubated patients
receiving treatment in the ICU of Gadjah Mada University
Academic Hospital (RSA UGM). The study protocol was
approved by the institutional Research Ethics Committee
(Ethics Approval No. 072/RSA/KEP/EC/2025), and informed
consent was obtained from all patients or their legal
representatives. All videos were anonymized before analysis to
protect patient confidentiality.

Patient inclusion was restricted to subjects with Richmond
Agitation-Sedation Scale (RASS) scores between —1 and +1,
indicating sufficient alertness and motor responsiveness for
observable hand gestures. Data collection was conducted in
real bedside ICU conditions using a standard smartphone
camera without controlling illumination, camera position, or
background. The final dataset consists of 20 videos from 10
intubated ICU patients. Because the recordings contain
sensitive clinical information, the dataset is not publicly
released, although de-identified data may be provided upon
reasonable request and institutional approval. Table I
summarizes the distribution of the original expert-annotated
labels.
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TABLE L DISTRIBUTION OF ORIGINAL EXPERT-
ANNOTATED CLINICAL HAND GESTURE VIDEOS
Expert-annotated clinical Number of Number of
hand gesture labels videos patients
Itching 2 2
Call 3 3
Request Help 4 4
Pointing to Pain 1 1
Neutral 2 1
Pain 1 1
Agreement 2 2
Suction 5 5
Total number of videos 20 —

2) Annotation and Class Mapping

The original expert annotations consisted of several fine-
grained gesture labels. To reduce label fragmentation and
improve analytical stability in this small-data setting,
semantically related labels were consolidated into five final
classes: Agreement, Discomfort, Neutral, RequestHelp, and
Suction. Specifically, Itching and Pain were grouped into
Discomfort, whereas Call, Request Help, and Pointing to Pain
were grouped into RequestHelp. This mapping was intended to
preserve clinical meaning while reducing class sparsity and
overlap among visually related gesture categories. The final
class mapping is presented in Table II.

TABLE IL. MAPPING FROM ORIGINAL ANNOTATIONS TO
FINAL GESTURE CLASSES

. . . No. of | No. of .. .
Final Class | Original Label(s) Videos |Patients Clinical Meaning
Agreement Agreement 2 2 Affirmative or response

gestures
Discomfort Itching, Pain 3 3 Palp— or itch-related
distress gestures
Neutral Neutral 2 1 Baseline or no

intentional movement

Call, Request Help, Gestures indicating a

RequestHelp Pointing to Pain 8 8 need for assistance
Gestures indicating
Suction Suction 5 5 airway discomfort or
suction need
Total 20

The final class distribution remains small and imbalanced,
reflecting the natural composition of real bedside ICU
recordings. These characteristics were retained to preserve
clinical realism and to support evaluation under a strict subject-
independent evaluation protocol. Accordingly, the objective of
this study is not to maximize absolute predictive performance,
but to establish a realistic baseline for cross-patient hand
gesture recognition under clinically constrained conditions.

B. Video Preprocessing

Each video was converted into a fixed-length temporal
sequence using uniform sampling. Specifically, every video
was resampled into T = 20 frames, resized to 224x224 pixels,
and normalized using ImageNet statistics. The resulting input
tensor is defined as:

X € RBXTXHXWXC (1)

where B denotes the batch size, T = 20 is the temporal length,
H =W =224 are the spatial dimensions, and C =3
corresponds to RGB channels. Channel-wise normalization was
then applied as:

~ _ Xtc—Hc

7y = 2t @)
where x, . is the pixel value of channel ¢ at time step ¢, while
u. and o, refer to the corresponding ImageNet. This
preprocessing step ensures a consistent spatial and temporal
representation before feature extraction and temporal modeling.

C. Proposed CNN-LSTM Framework

The proposed framework consists of three stages: subject-
wise LOSO partitioning, spatio-temporal feature extraction
through a CNN-LSTM pipeline, and aggregation of predictions
across evaluation folds, as illustrated in Figure 1.

1) Phase 1: Subject-Wise LOSO Partitioning

As shown in the left block of Figure 1, the dataset consists
of § = 10 subjects. In each fold, all samples from one subject
are assigned to the test set, whereas the remaining subjects
form the development set. This partitioning is defined as:

—n® () () () _
D= Dtrain U Dt:st' Dt:ain n Dt:st =0 (€)
where D), denotes the test data of subject s, and DE)

denotes the remaining data used for training and validation. An
80:20 split is then applied within the development set to create
training and validation subsets. This procedure ensures that the
model is always evaluated on a previously unseen patient.

2) Phase 2: CNN-LSTM Processing Pipeline

As illustrated in the upper-right block of Figure 1, each
input video is represented as a temporal sequence:

X = {xt}zzlﬂ X € R224X224X3, T =20 (4)

where T denotes the number of sampled frames, and each
frame x, is represented as an RGB image of size 224x224.
Each frame is processed by a shared CNN encoder to extract
spatial features. After Global Average Pooling (GAP), the
resulting frame-level representation is defined as:

ze = f(x;) € R? 5)

where f(.) denotes the CNN feature extractor, and d is the
feature dimension determined by the selected backbone. Four
ImageNet-pretrained CNN backbones were evaluated within
the same framework: DenseNet121, ResNet50, MobileNetV2,
and EfficientNetBO.

The resulting sequence of feature vectors is then passed to
an LSTM layer to capture temporal dependencies, as defined in

(he, ) = LSTM(2¢, hy—y, ¢r—1) (6)

where h; and c; denote the hidden state and cell state,
respectively. For completeness, the internal LSTM operations
are defined in (7)—(12):

iy = a(Wiz; + Uihe_y + by) )
ft = ()'(Wth + Ufh't—l + bf) (8)
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Fig. 1.

pipeline, and fold-wise result aggregation.
0y = oWz, + Ughy—q + b,) ©
¢, = tanh(W.z, + U hy_q + b,) (10)
a=f0Oc1+iOC (11)
h: =0, © tanh(c;) (12)

where o(.) denotes the sigmoid activation and (© denotes
element-wise multiplication. Temporal modeling is particularly
relevant because many ICU hand gestures are subtle and may
not be reliably separated from single-frame appearance alone.
Therefore, motion development across time provides additional
discriminative information.

The final hidden state h; is used as a compact
representation of the video. Classification is then performed
using a fully connected layer followed by a Softmax function:

o=Why+b 13)
¥y = softmax(o) (14)

where 9 € R¥ and K = 5 is the number of gesture classes. The
predicted label is obtained by:

y = argmaxyy (15)

3) Phase 3: Fold-Wise Prediction Aggregation

Predictions from all LOSO folds are aggregated into a
pooled prediction set:

9 =Us, 9@ (16)

where 7 denotes the predictions obtained from fold s .
Predictions from all LOSO folds are aggregated into a pooled
set, from which all final evaluation metrics are computed to
provide a global estimate of subject-independent performance
across unseen patients.

Phase 3: Result Aggregation

Combine All Predictions

Final Performance

=) | o Accuracy o Recall
?g@ ® Precision e AUC macro
® Fi-score

e AUC micro J

Overall workflow of the proposed subject-independent hand gesture recognition framework, consisting of LOSO evaluation, model processing

D. Experimental Setup

1) Training Strategy

All models were trained under identical settings to ensure a
fair comparison across CNN backbones. The Adam optimizer
was used with categorical cross-entropy loss, a batch size of 4,
64 LSTM units, and a dropout rate of 0.4. Training followed a
two-stage transfer learning strategy. In the first stage, all
ImageNet-pretrained CNN layers were frozen, and only the
LSTM and classifier layers were trained for 10 epochs using a
learning rate of 1 X 10™*. In the second stage, the final
convolutional block was unfrozen and fine-tuned for 20 epochs
with a reduced learning rate of 1 X 1075 to adapt the spatial
features to the clinical dataset while reducing the risk of
catastrophic  forgetting. This procedure was applied
consistently to DenseNet121, ResNet50, MobileNetV2, and
EfficientNetBO. No data augmentation was applied to preserve
the original visual characteristics of bedside ICU recordings.

2) Hyperparameter Configuration

Table III summarizes the main hyperparameter settings
used in all experiments. All backbone models were trained
under identical configurations to support a fair comparison.

3) Implementation Details

All experiments were implemented in Python 3.12.13 using
TensorFlow 2.20 and the Keras API. A hybrid computational
setup was used in this study. Data preprocessing and initial
script development were conducted locally on an Apple
MacBook Air equipped with an M4 chip and 24 GB of unified
memory, whereas the computationally intensive model training
and evaluation phases were performed on Google Colab using
an NVIDIA T4 Tensor Core GPU with 16 GB VRAM and
approximately 12 GB of system RAM. A fixed random seed of
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42 was applied to Python, NumPy, and TensorFlow to support
reproducibility. Subject-wise LOSO partitions were generated
before preprocessing to prevent data leakage. All videos were
uniformly sampled into 20 frames, resized to 224x224 pixels,
and normalized wusing ImageNet statistics. Identical
preprocessing, training, and evaluation procedures were applied
across all models.

TABLE IIL TRAINING HYPERPARAMETER
CONFIGURATION
Component Parameter Value / Description
Sequence length 20 frames per video
Input Resolution [224 x 224]
Tensor form [B,20,224,224,3]
Training Batch size 4
DenseNet121, ResNet50,
Backbone CNNmodels | yrobileNetV2, EfficientNetB0
Temporal module LSTM units 64
Regularization Dropout rate 04
Optimization Optimizer Adam
Optimization Loss function Categorical cross-entropy
Training Phase 1 (Frozen) 10 epochs
Training Phase 2 (Fine-tuning) 20 epochs
Evaluation Subject-independent LOSO across 10 subjects
evaluation
. . Accuracy, Precision, Recall, F1-
Evaluation Metrics score, Macro-AUC, Micro-AUC

E. Evaluation Metrics

Performance was evaluated using accuracy, precision,
recall, Fl-score, macro-AUC, and micro-AUC. Due to the
limited number of test samples in each LOSO fold, predictions
from all held-out folds were pooled before metric computation,
providing an overall estimate of cross-subject generalization
while preserving subject-independent evaluation.

III. RESULTS AND DISCUSSION

The experimental results indicate that subject-independent
hand gesture recognition from bedside ICU videos is
substantially more challenging than recognition under
conventional data-splitting settings. Under the LOSO protocol,
each test fold contains data from a previously unseen patient,
requiring the models to generalize across inter-patient
variability rather than familiar subject-specific patterns.
Therefore, the reported results should be interpreted as
conservative but clinically meaningful estimates of cross-
patient performance.

A. Quantitative Performance under LOSO Evaluation

Table IV summarizes the quantitative performance of the
evaluated CNN-LSTM  models. EfficientNetBO-LSTM
achieved the best pooled LOSO result, with an accuracy of
0.40 and a micro-AUC of 0.5669. ResNet50-LSTM and
DenseNet121-LSTM showed lower but still above-baseline
performance, whereas MobileNetV2-LSTM remained close to
chance level in the five-class setting. Despite relative
differences across backbones, the overall scores remained
modest, indicating that reliable multi-class discrimination for
previously unseen ICU patients remains challenging. The low

macro-averaged metrics further suggest uneven class-wise
performance, confirming that the main challenge lies not only
in backbone selection but also in achieving robust
generalization under realistic ICU variability.

TABLEIV. QUANTITATIVE PERFORMANCE OF CNN-LSTM
MODELS UNDER LOSO EVALUATION (AGGREGATED
TEST PREDICTIONS ACROSS ALL FOLDS)

DenseNet121- | ResNet50- | MobileNetV2| EfficientNetB0-
LSTM LSTM -LSTM LSTM
Accuracy 0.2500 0.3000 0.2000 0.4000
Precision 0.0625 0.0667 0.0533 0.0800
Recall 0.1250 0.1500 0.1000 0.2000
F1-score 0.0833 0.0923 0.0696 0.1143
AUC Macro 0.1641 0.1328 0.1790 0.1535
AUC Micro 0.5563 0.5656 0.5325 0.5669

Since each LOSO fold contains only a small number of test
samples, the reported metrics should be interpreted cautiously.
Following prior patient-independent ICU visual analysis, the
95% confidence intervals are reported as descriptive indicators
of fold-wise variability rather than formal inferential statistics
[28]. For the best-performing EfficientNetBO-LSTM model,
the mean LOSO accuracy was 0.40, with a 95% confidence
interval of 0.14-0.66 computed from the ten fold-wise
accuracy values. This wide interval reflects substantial
variability across held-out subjects, consistent with the small
sample size, class imbalance, and heterogeneous bedside ICU
conditions. Formal significance testing was not performed
because LOSO folds are not fully independent, and the number
of subjects is limited. Therefore, differences among backbone
models are interpreted as overall trends rather than evidence of
strict statistical superiority.

B. Error Pattern Analysis Using Confusion Matrices

The confusion matrices in Figure 2 show a recurrent
tendency to overpredict RequestHelp, suggesting that broader
and more visible gestures strongly influenced the learned
decision boundaries. Discomfort and Suction were also
frequently confused, likely because both involve subtle and
clinically related motion patterns under similar bedside
conditions. Neutral remained unstable due to limited intentional
movement and the small number of samples. Overall, the
models appeared more sensitive to broad motion salience than
to fine-grained gesture differences, consistent with occlusion,
weak articulation, and inter-subject variability in ICU
recordings.

C. ROC-Based Analysis of Discriminative Behavior

The ROC analysis (Figure 3) reveals a clear discrepancy
between the micro-AUC and macro-AUC values obtained by
the evaluated models. While micro-AUC values ranged from
0.53 to 0.57, macro-AUC values remained much lower,
typically between 0.13 and 0.18. This contrast is informative
because it indicates that the models retain some ranking ability
when predictions are aggregated across all samples, but fail to
maintain comparable discriminative behavior across all gesture
classes.
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Fig. 3. Comparison of micro-average ROC curves across backbone
architectures.

In practical terms, the higher micro-AUC suggests that
some dominant or visually salient classes can still be ranked
above chance. However, the much lower macro-AUC shows
that this ability is not distributed evenly across the label space.
Minority and ambiguous classes remain poorly separated,
which is consistent with the observed confusion patterns and
with the strong class imbalance of the dataset. Under LOSO
evaluation, this imbalance becomes more pronounced because
inter-subject differences introduce distribution shifts between
the training and test data. Differences in patient condition,
gesture execution style, camera viewpoint, and bedside context
are therefore likely to affect underrepresented classes more
severely than the dominant ones.

D. Impact of Dataset Size, Class Imbalance, and Subject

Variability

The results of this study should be interpreted in light of
several limitations related to dataset size, class imbalance, and
subject variability. The dataset comprises only 20 videos from
10 intubated ICU patients, resulting in a limited number of
training and test samples in each LOSO fold. Under this
condition, performance estimates are sensitive to subject
composition and gesture availability; therefore, the reported
results should be regarded as an initial but clinically
informative benchmark rather than a definitive estimate of
deployment-level performance.

Neutral - 0 0 0 2 0 3

Ground Truth
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(F1-Score: 6.69%)

Agreement|  Q 0 0 2 0

EfficientNetBO
(F1—Sgore: 11.43%) b
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Suction{ 0 0 0 0

o Lk N W B VB N ®

Agreement Disconfort Neutral Requesthelp ~Sucton
Predicted Class

Agreement Discomfort Neutral RequestHelp  Suction
Predicted Class

Confusion matrices of the evaluated CNN-LSTM models under LOSO evaluation.

Class imbalance further affects model behavior.
RequestHelp accounts for the largest proportion of samples,
whereas Agreement and Neutral are represented by only a
small number of videos. This distribution likely biases the
learning process toward dominant classes and contributes to the
low macro-averaged precision, recall, and F1-scores observed
across all models. The confusion matrices in Figure 2 support
this interpretation, showing a recurrent tendency to overpredict
RequestHelp while minority and visually subtle classes remain
difficult to distinguish.

The limited number of subjects also restricts the ability of
deep learning models to learn subject-invariant representations.
Gesture appearance may vary across patients due to differences
in motor responsiveness, gesture amplitude, camera viewpoint,
and bedside context. With only a small number of subjects,
these sources of variability cannot be fully represented during
training, which likely contributes to the modest subject-
independent performance.

Accordingly, future studies should prioritize larger and
more balanced datasets, preferably through multi-center data
collection, to support more robust model development and
more reliable evaluation under realistic ICU conditions.

E. Implications for Model Design

These results suggest that temporal modeling alone is not
sufficient to fully address the challenges of clinical hand
gesture recognition in ICU environments. Although the CNN-
LSTM framework is more appropriate than frame-based
analysis, performance remains constrained by weak spatial
localization and limited sensitivity to subtle motion patterns.
Under these conditions, gesture recognition depends not only
on temporal aggregation, but also on the quality of the spatial
representation extracted from clinically degraded video frames.
Future improvements are likely to require more explicit
modeling of hand regions and motion dynamics. Potential
directions include hand detection and tracking, motion-aware
representations such as optical flow or 3D convolution, more
expressive temporal models including transformer-based
architectures, and multimodal integration with physiological or
contextual signals. However, such strategies will be meaningful
only if they are evaluated under the same subject-independent
protocol and supported by larger, more diverse bedside
datasets.
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TABLE V. COMPARISON WITH REPRESENTATIVE PRIOR WORKS
Ref. Context Data setting Evaluation protocol Relevance to this study
(8] Healthcare-oriented gesture | Healthcare gesture data, but not Not explicitly subject- Demonstrates the clinical relevance of gesture-based
assistance intubated ICU bedside videos independent interaction, but under less restrictive conditions
(16] Multimodal gesture Sensor-based and multimodal Modality-dependent Shows the potential benefit of combining complementary
recognition datasets evaluation modalities, unlike the strictly vision-based setting used here
Adaptive deep learning for General non-clinical gesture . . Methodologically relevant, but not assessed under ICU-
[17] .. Conventional evaluation . L
gesture recognition datasets specific variability
[20] Transformer-based 'd'ynamic Controlled ges.ture data:%t with Standard validation Tlustrates the potential of st.ronger temp(.)r.al modeling under
gesture recognition clearly defined motions cleaner experimental conditions
This | Non-verbal communication | Real bedside ICU videos, 20 videos |  Strict LOSO subject- Provides a clinically grounded cross-patient benchmark
study | in intubated ICU patients |from 10 patients, imbalanced classes| independent evaluation under realistic ICU conditions

F. Positioning as a Clinically Grounded Benchmark

The findings should be interpreted in relation to the data
source. Unlike many prior gesture-recognition studies
conducted under controlled conditions, this work used real ICU
bedside videos collected from intubated patients. Consequently,
gesture amplitude, visibility, occlusion, and recording context
vary substantially across samples. Under such conditions, even
a spatio-temporal deep learning model may struggle to identify
stable class-specific patterns. The main contribution of this
study lies not in achieving high predictive accuracy but in
clarifying the difficulty of gesture recognition under realistic
ICU constraints and providing an initial subject-independent
reference for future work.

G. Comparative Positioning Relative to Recent State-of-the-
Art Methods

Recent State-Of-The-Art (SOTA) methods for hand gesture
recognition have employed healthcare-oriented gesture
assistance, transformer-based temporal modeling, multimodal
sensor fusion, and adaptive deep learning strategies [8, 16, 17,
20]. These approaches have reported promising results, mostly
on controlled datasets, healthy participants, clearly articulated
gestures, or richer sensing modalities. However, subject-
independent evaluation is not consistently enforced, making
direct comparison with clinically oriented applications difficult.
In contrast, this study evaluates gesture recognition from real
bedside ICU videos under strict LOSO evaluation, where all
test samples come from previously unseen patients. Under this
more challenging setting, EfficientNetBO-LSTM achieved the
best overall performance, with an accuracy of 0.40 and a
micro-AUC of 0.5669. These modest results reflect the
difficulty of the task rather than a limitation of the model
architecture alone. Performance is constrained by severe class
imbalance, subtle and incomplete gestures, frequent occlusion,
and pronounced inter-subject variability. Accordingly, the main
contribution of this study is not to outperform existing
methods, but to provide a clinically grounded subject-
independent benchmark for future approaches, including
transformer-based, multimodal, and healthcare-oriented
gesture-recognition models, under realistic ICU conditions.

Table V provides a concise comparison between this study
and representative prior works in terms of study context, data
setting, evaluation protocol, and practical relevance. Overall,
the comparison indicates that the modest performance observed
in this study is closely related to the stricter subject-
independent protocol and the greater visual and clinical
complexity of real ICU bedside data.

IV. CONCLUSION

This study evaluated vision-based hand gesture recognition
for intubated ICU patients using a CNN-LSTM framework
under strict LOSO subject-independent evaluation. Using real
bedside ICU video data, the study provides a clinically realistic
assessment of cross-patient generalization. EfficientNetBO-
LSTM achieved the best overall performance, with an accuracy
of 0.40, a micro-AUC of 0.5669, and a descriptive 95%
confidence interval of 0.14-0.66, indicating substantial fold-
wise variability across unseen subjects. The findings confirm
that ICU hand gesture recognition remains challenging due to
small and imbalanced data, subtle gestures, occlusion, and
inter-subject variability. Thus, the modest performance should
be interpreted as a consequence of the strict LOSO protocol
and the complexity of real ICU bedside data, rather than as a
limitation of the CNN-LSTM architecture alone.

The main contribution of this work is the establishment of
an initial subject-independent baseline for hand gesture
recognition in intubated ICU patients under realistic clinical
conditions. Future work should focus on larger and more
balanced datasets, improved hand localization, motion-aware
representations, and multimodal integration to support more
robust Al-assisted non-verbal communication in ICU
environments.
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A generative Al tool was used only for limited assistance in
improving language clarity, organization, and the conceptual
layout of the manuscript's visual presentation. All scientific
content, technical elements, workflow design, annotations,
experimental data, results, clinical images, methodology,
analysis, interpretation, and conclusions were independently
developed, validated, and verified by the authors.
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