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Abstract—Traditional nursing activity recognition relies on
manual observation and documentation, which are time-
consuming and error-prone. This paper presents CareAtten-
Net, a deep learning framework integrating adaptive feature
selection, correlation-aware processing, and temporal attention
mechanisms for automated nursing activity recognition from
wearable sensor data. We evaluated the framework using the
SONAR dataset comprising 70-dimensional sensor features from
14 healthcare professionals performing 23 nursing activities, to-
taling 7,631,843 temporal measurements. CareAttenNet achieved
77.36% validation accuracy and 60.00% test accuracy, outper-
forming baseline architectures including CNN-LSTM (57.92%),
Correlation-Aware CNN (54.62%), and Feature-Selective Net-
work (52.86%). Ablation studies revealed temporal attention
as the most effective component (78.33% test accuracy), while
feature selection combined with temporal attention achieved
77.40% accuracy. However, combining all components resulted
in performance degradation, indicating complex negative inter-
actions between architectural modules. These findings provide
insights into multi-modal sensor fusion challenges and establish
a foundation for intelligent healthcare monitoring systems.

Index Terms—Nursing activity recognition, Wearable sensors,
Deep learning, Temporal attention, Healthcare monitoring

I. INTRODUCTION

Healthcare systems worldwide face unprecedented chal-
lenges in maintaining quality care while managing increasing
patient loads and resource constraints [1, 2]. Nursing activities
constitute a critical component of healthcare delivery, encom-
passing complex sequences of patient care tasks that require
precise execution and continuous monitoring [3]. Traditional
approaches to nursing activity recognition rely heavily on
manual observation and documentation, which are inherently
subjective, time-consuming, and prone to human error [4, 5].

† Equal contribution.
* Corresponding Author: Zijing Chen(zijingc@tsinghua.edu.cn)

The emergence of wearable sensor technologies and advanced
machine learning techniques presents unprecedented opportu-
nities to revolutionize nursing care through automated activity
recognition systems [6, 7].

The automatic recognition of nursing activities from sen-
sor data faces several critical challenges. Nursing activities
involve complex temporal patterns and subtle variations that
complicate classification [8]. Healthcare sensor data presents
high dimensionality and noise, with significant inter-subject
variability [9]. Additionally, conventional machine learning ap-
proaches often overlook the physical and semantic constraints
in human motion data [10]. Human activity recognition has
been extensively studied for daily and sports activities [11],
however, existing approaches to nursing activity recognition
remain limited by single-technique methods [12, 13] and
methodological issues including data leakage and inadequate
evaluation protocols [14, 15]. This study presents CareAt-
tenNet, a comprehensive deep learning framework for nurs-
ing activity recognition that addresses existing challenges
through innovative architectural design. The framework builds
upon and extends established neural architectures including
adaptive feature selection, correlation-aware processing and
temporal attention modeling. The key contributions include
novel architectural innovations incorporating domain-specific
sensor physics knowledge through physics-informed feature
grouping [16] and adaptive attention mechanisms [17]. The
framework is evaluated through rigorous experimental proto-
cols with comprehensive regularization strategies [18], while
systematic ablation studies analyze the effectiveness of each
component [19]. Our evaluation utilizes the SONAR (Sensor-
Oriented Nursing Activity Recognition) dataset [20] which
represents one of the most comprehensive collections of real-
world nursing activity data. The data collection method is
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shown in Figure 2A. The dataset comprises 70-dimensional
sensor features (Figure 2B) captured from 14 healthcare pro-
fessionals performing 23 distinct nursing activities in authentic
clinical environments.

II. RELATED WORK

A. Patient Activity Analysis in Clinical Nursing Research

Nursing research has explored various approaches to docu-
ment and analyze patient activities, with observational studies
capturing patient behaviors through comprehensive activity
logs and standardized assessment tools that focus on key
activities of daily living and physical movements [21, 22]. Es-
tablished instruments such as the Barthel Index and Functional
Independence Measure (FIM) have become widely adopted for
assessing patient activity levels and functional status in clinical
settings [23, 24].

Clinical studies have demonstrated the application of activ-
ity analysis in specific patient populations. Research in post-
stroke rehabilitation has shown that systematic recording of
patient movements helps evaluate recovery progress and guide
therapeutic interventions [25]. In geriatric care, activity pattern
analysis has been used to assess fall risks and mobility status,
contributing to preventive care strategies [26, 27].

Activity documentation and analysis have influenced
evidence-based nursing practice. Studies have shown that
structured observation of patient behaviors can improve the
timing and effectiveness of nursing interventions [28, 29].

B. Applications of AI in Clinical Nursing Practice

Artificial intelligence [30] has advanced patient activity
monitoring in nursing practice through machine learning al-
gorithms [31] and neural networks [32]. However, existing
applications often focus on single-task recognition without
considering the sequential nature of nursing activities [33, 34].

Deep learning approaches have demonstrated effectiveness
in analyzing patient behavior patterns and predicting health
events [35, 36]. While transformers have enhanced tempo-
ral pattern analysis [37], most approaches overlook nursing-
specific characteristics and clinical constraints [38].

AI systems support clinical decision-making by analyzing
patient activity patterns [39, 40]. However, existing solutions
often use simplified models that cannot fully capture real-
world nursing complexity [41] or handle multi-modal data
streams with hierarchical task structures [42].

The combination of AI techniques with nursing expertise
has led to improved patient monitoring systems. These ap-
proaches have demonstrated effectiveness in detecting and
classifying patient activities, supporting evidence-based nurs-
ing interventions [43]. However, previous work has typi-
cally employed generic activity recognition models that do
not incorporate nursing-specific knowledge or workflow pat-
terns [44]. The integration of domain expertise with advanced
AI architectures remains an underexplored area that could
significantly enhance the accuracy and reliability of activity
recognition systems in nursing applications [45].

III. METHODS

A. Problem Formulation

The nursing activity recognition problem is formalized as a
multivariate time series classification task. At each time step
t, an inertial measurement unit (IMU) system generates a D-
dimensional feature vector xt ∈ RD, where the dimensionality
D = 70 corresponds to multi-modal features obtained from 5
body-worn sensors.

Problem Definition: Given a temporal observation window
of length T , denoted as X = [x1,x2, . . . ,xT ] ∈ RT×D, we
seek to learn a mapping function:

f : RT×D → RC (1)

that maps the temporal window to a probability distribution
over C nursing activity categories, where C = 23 represents
distinct nursing activity types.

Multi-modal Sensor Structure: The sensor data exhibits a
clear physical structure reflecting different aspects of human
motion:

xt =


q
(1)
t ,q

(2)
t , . . . ,q

(S)
t

q̇
(1)
t , q̇

(2)
t , . . . , q̇

(S)
t

v
(1)
t ,v

(2)
t , . . . ,v

(S)
t

m
(1)
t ,m

(2)
t , . . . ,m

(S)
t

 (2)

where S = 5 represents the number of sensors, and for
each sensor s: q

(s)
t ∈ R4 denotes quaternion orientation

representation, q̇
(s)
t ∈ R4 represents quaternion derivatives

(angular velocity-related), v(s)
t ∈ R3 captures linear velocity

and acceleration components, and m
(s)
t ∈ R3 measures three-

axis magnetic field intensity.

B. Dataset

This study utilized the SONAR dataset, which represents
one of the most comprehensive collections of real-world
nursing activity data captured in authentic clinical environ-
ments. The dataset was collected in a single retirement and
assisted living facility in Potsdam, Germany, where experi-
enced professional nurses (aged 24-59, representing diverse
genders) provided care to elderly residents with physical
or mental limitations who resided in single rooms and re-
quired assistance with daily living activities. The dataset
comprises sensor measurements collected from 14 healthcare
professionals performing 23 distinct nursing activities using
wearable inertial measurement units (IMUs). This dataset
contains a total of 7,631,843 temporal measurements across
all subjects and activities, with each measurement consisting
of 70-dimensional sensor feature vectors. These features are
organized into four physically meaningful groups: quaternion
orientation data (12 dimensions representing device orientation
in 3D space), quaternion derivatives (12 dimensions capturing
orientation change rates), velocity measurements (24 dimen-
sions including linear and angular velocities), and magnetic
field data (23 dimensions from magnetometer readings). The
nursing activities were labeled in real-time by an external ob-
server who walked alongside the nurses and recorded activity
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Fig. 1. CareAttenNet Architecture. An overview of the CareAttenNet architecture for nursing activity recognition. The framework processes sensor data
through four sequential stages: (1) an Adaptive Feature Selection module to weight input channels, (2) a Correlation-Aware Processing stage to model inter-
sensor relationships, (3) a Temporal Attention Modeling stage using a Bidirectional LSTM and Multi-Head Attention to capture temporal dependencies, (4)
a Final Classification stage to output activity predictions.

types from start to end while obtaining verbal confirmation
from nurses to ensure correct label selection, with subsequent
validation enabled through synchronized pose estimation data
from parallel video recordings.

C. Model Architectures

We propose CareAttenNet (Care Activity Recognition with
Attention Network), a deep learning architecture integrating
adaptive feature selection, correlation-aware processing, and
temporal attention for nursing activity recognition as shown
in Figure 1. We compare CareAttenNet against four baseline
architectures to validate the effectiveness of our integrated
approach.

CareAttenNet implements a three-stage processing pipeline
addressing specific challenges in nursing activity recognition:

a) Stage 1: Adaptive Feature Selection: A two-layer
gating network learns importance weights for input features:

gfs = sigmoid(Wfs tanh(W
′
fsX+ b′

fs) + bfs) (3)

Applied element-wise to suppress irrelevant channels:

Xfs = gfs ⊙X (4)

b) Stage 2: Correlation-Aware Processing: Computes
batch-wise correlation matrices to model inter-sensor relation-
ships:

Rt = BatchCorr(Xfs) (5)

Processes original and correlation-weighted features jointly:

hca = Conv1D([Xfs,RtXfs]) (6)

c) Stage 3: Temporal Attention Modeling: Bidirectional
LSTM captures temporal context:

hlstm = BiLSTM(hca) (7)

Attention mechanism computes temporal importance
weights:

et = vT tanh(Wehlstm,t + be) (8)

αt =
exp(et)∑T
j=1 exp(ej)

(9)

Context vector aggregates temporal information:

c =

T∑
t=1

αthlstm,t (10)

d) Multi-Scale Feature Fusion and Classification: Com-
bines attention-weighted temporal representations with global
features:

hfinal = Wfusion[c;hlstm,T ;GlobalAvgPool(hca)]+bfusion

(11)
Final classification through softmax:

y = softmax(Wclfhfinal + bclf ) (12)

D. Baseline Architectures

We compare CareAttenNet against four baseline architec-
tures:
CNN-LSTM: Standard hierarchical architecture with 1D con-
volutional layers (64, 128 filters, kernel size 3) and bidirec-
tional LSTM (64 hidden units) [46].
Correlation-Aware CNN: Groups 70-dimensional inputs into
four semantic categories (quaternion, derivatives, velocity,
magnetic field) with inter-sensor correlation modeling [47].
Attention LSTM: Bidirectional LSTM with multi-head self-
attention (8 heads) for temporal importance modeling [48].
Feature-Selective Network: Two-layer gating mechanism for
adaptive sensor channel selection and noise reduction [49].

E. Training Methodology and Optimization

All models were trained using AdamW optimizer (learning
rate: 1 × 10−4, weight decay: 1 × 10−4) with early stopping
(patience: 100 epochs), ReduceLROnPlateau scheduling (fac-
tor: 0.5), and gradient clipping (max norm: 1.0). Cross-entropy
loss with label smoothing (ε = 0.1) and batch size of 8 were
employed (We experimented with batch sizes of 4, 8, and
16, and selected 8 based on optimal model performance and
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training stability.). To address class imbalance (156:1 ratio),
we applied inverse frequency weighting, and used stratified
data splitting. Models were evaluated using accuracy, weighted
F1-score, precision, recall, ROC curves, and confusion matri-
ces. This study employs non-overlapping temporal windows
of 20 timesteps to segment sensor data, balancing sufficient
temporal context for activity pattern recognition while pre-
venting data leakage and ensuring each window contains
a consistent activity label. The sensor features data were
normalized before feeding into the model. Code is available
at https://github.com/xiaoyanLi629/.

F. Ablation Study Design

We conducted comprehensive ablation studies to assess
each architectural component’s efficacy. Eight configurations
were evaluated: CNN-LSTM [46], three individual compo-
nents (feature selection mechanism, correlation awareness
module, temporal attention), three pairwise combinations, and
the complete CareAttenNet architecture. Identical training
protocols and hyperparameters ensured fair comparison. Statis-
tical testing validated performance improvements, quantifying
individual contributions and synergistic interactions between
components.

IV. RESULTS

A. Data Statistics

The dataset contains 7,631,843 samples from 14 subjects
performing 23 nursing activities. Each subject contributed
474,356 ± 321,927 samples across 16.9 ± 3.6 activities. Activ-
ity distribution (Figure 2D) analysis showed “change clothes”
as most frequent (259,286 samples), followed by “clean up”
(165,120) and “make bed” (137,428). All activities exceeded
1,000 samples, ensuring robust analysis. Activity durations
varied significantly, from dental care (86,455 seconds average)
to blow-drying (317,273 seconds). The 70-dimensional sensor
features (Figure 2C) data included quaternion measurements,
angular velocities, linear accelerations, and magnetic field
readings. Correlation analysis revealed six feature pairs with
|r| > 0.8 and 19 pairs with |r| > 0.5 (maximum 0.959),
indicating potential redundancy and dimensionality reduction
opportunities (Figure 2E). The UMAP plot in Figure 2F
demonstrates that data points corresponding to the same ac-
tivity are projected to similar spatial locations, resulting in the
formation of well-defined clusters.

B. Experiment Results

The experimental results revealed varying levels of perfor-
mance across different architectural configurations. CareAt-
tenNet demonstrated superior performance, achieving 77.36%
validation accuracy and 60.00% test accuracy, outperforming
other architectures in both metrics as shown in Table I.
The Attention LSTM [48] followed closely with 76.53%
validation accuracy and 58.33% test accuracy, while the CNN-
LSTM [46] achieved 75.96% validation accuracy and 57.92%
test accuracy. The confusion matrix heatmap demonstrates

CareAttenNet’s classification performance across nursing ac-
tivities, where ”put accessories” and ”serve food” show the
strongest diagonal intensities indicating best recognition accu-
racy, while activities like ”wipe up” and ”wheelchair transfer”
exhibit higher confusion rates, particularly between function-
ally similar tasks, suggesting challenges in distinguishing ac-
tivities that share similar motion patterns or sensor signatures
as shown in Figure 2G.

The Correlation-Aware CNN [47] showed relatively lower
performance with 71.98% validation accuracy and 54.62%
test accuracy, suggesting limited benefits from explicit sensor
correlation modeling. The Feature-Selective Network [49]
achieved 68.55% validation accuracy and 52.86% test ac-
curacy, indicating that adaptive feature selection alone may
not provide sufficient discriminative power for robust activity
recognition.

Performance metrics across architectures showed consistent
patterns between accuracy and F1-score, suggesting balanced
performance despite class imbalance in the dataset. Precision
metrics generally exceeded recall across all models, indicating
conservative prediction behavior that prioritizes prediction
confidence over coverage. CareAttenNet maintained the high-
est precision at 79.39% while achieving 77.36% recall on the
validation set.

Ablation studies in Table II reveal temporal attention as the
most effective single component (78.33% test accuracy). Fea-
ture selection and correlation-aware provide modest individual
improvements (69.33% and 64.34%), while their combination
yields mixed results. The complete CareAttenNet architecture
shows unexpected degradation compared to simpler combina-
tions, suggesting integration challenges. Feature + Attention
achieves competitive performance (77.40%), indicating syn-
ergy between adaptive selection and temporal modeling, while
Correlation + Attention shows strong validation but limited test
generalization.

V. DISCUSSION

In response to increasing healthcare system pressures, ac-
curate identification and documentation of nursing activities
are crucial for improving care quality and optimizing resource
allocation.

A. Module Interaction Conflicts

Our experimental analysis reveals several unexpected chal-
lenges that provide important insights into the complexity of
multi-modal sensor fusion for healthcare applications. The
counterintuitive performance degradation when combining all
CareAttenNet components (60.00% test accuracy) compared
to Feature + Attention (77.40% test accuracy) reveals com-
plex negative interactions that challenge modular architecture
assumptions. The correlation-aware processing module com-
putes batch-wise correlation matrices Rt = BatchCorr(Xfs)
while temporal attention learns importance weights through
αt = exp(et)∑T

j=1 exp(ej)
, creating competing adaptive mechanisms

that may interfere with each other. This suggests information
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Fig. 2. Dataset composition and statistical characterization. A, Data acquisition protocol utilizing wearable inertial measurement units (IMUs) to capture
sensor measurements from 14 healthcare professionals executing more than 20 distinct nursing activities in clinical environments. B, Representative temporal
signal patterns for change clothes and wash in bed activities demonstrating characteristic motion signatures. C, Correlation matrix visualization of the 70-
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representations. G, Confusion matrix heatmap quantifying CareAttenNet classification performance with predicted labels versus ground truth annotations.

redundancy between correlation processing and temporal at-
tention mechanisms, where both capture sensor interdepen-
dencies through different pathways, resulting in optimization
conflicts rather than enhanced performance.

B. Temporal Modeling Challenges

Beyond module interactions, the temporal modeling com-
ponent faces fundamental challenges stemming from nursing
activity variability. The extreme duration variations (86,455
to 317,273 seconds) expose limitations in CareAttenNet’s
fixed-window temporal modeling approach. The bidirectional

LSTM architecture requires either truncation of long activ-
ities or padding of short activities, introducing systematic
biases that compromise temporal pattern learning. Activities
longer than window T reduce to local motion classification
rather than comprehensive activity recognition, while shorter
activities suffer from temporal dilution through zero-padding.
This fixed-window approach fails to capture activity bound-
ary dynamics and phase transitions crucial for distinguishing
sequential activities, suggesting adaptive temporal windowing
may be necessary.
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TABLE I
PERFORMANCE COMPARISON OF CAREATTENNET AGAINST BASELINE ARCHITECTURES

Metrics Train Validation Test

Acc F1 Prec Recall Acc F1 Prec Recall Acc F1 Prec Recall

CNN-LSTM 0.86 0.86 0.86 0.86 0.76 0.76 0.78 0.76 0.58 0.58 0.62 0.58
Correlation CNN 0.80 0.80 0.80 0.80 0.72 0.72 0.75 0.72 0.55 0.55 0.58 0.55
Attention LSTM 0.89 0.89 0.89 0.89 0.77 0.77 0.79 0.77 0.58 0.59 0.62 0.58
Feature SelectiveNet 0.76 0.76 0.77 0.76 0.69 0.69 0.71 0.69 0.53 0.53 0.55 0.53
CareAttenNet 0.88 0.88 0.89 0.88 0.77 0.78 0.79 0.77 0.60 0.60 0.64 0.60

TABLE II
ABLATION STUDY RESULTS SHOWING INDIVIDUAL AND COMBINED CONTRIBUTIONS OF CAREATTENNET COMPONENTS

Model Train Validation Test

Acc F1 Prec Recall Acc F1 Prec Recall Acc F1 Prec Recall

Baseline 0.78 0.78 0.79 0.78 0.33 0.34 0.40 0.33 0.68 0.68 0.70 0.68
Feature Selection Only 0.80 0.80 0.80 0.80 0.35 0.35 0.41 0.35 0.69 0.69 0.71 0.69
Correlation Aware Only 0.73 0.73 0.74 0.74 0.35 0.34 0.37 0.35 0.64 0.64 0.67 0.64
Temporal Attention Only 0.90 0.90 0.90 0.90 0.39 0.40 0.45 0.39 0.78 0.79 0.81 0.78
Feature + Correlation 0.78 0.77 0.78 0.78 0.33 0.33 0.39 0.33 0.67 0.67 0.68 0.67
Feature + Attention 0.89 0.89 0.89 0.89 0.37 0.37 0.43 0.37 0.77 0.78 0.80 0.77
Correlation + Attention 0.89 0.89 0.89 0.89 0.77 0.78 0.79 0.77 0.55 0.54 0.60 0.55
Full CareAttenNet 0.88 0.88 0.89 0.88 0.77 0.78 0.79 0.77 0.60 0.60 0.64 0.60

C. Physics-Informed Feature Grouping Limitations

Complementing these architectural challenges, our inves-
tigation into physics-informed feature representations re-
veals additional complexity in domain knowledge integration.
The suboptimal performance of physics-informed grouping
(54.62% test accuracy) suggests that our quaternion-velocity-
magnetic field decomposition may be insufficient to capture
the complete spectrum of biomechanical relationships un-
derlying nursing activities. The complex motor patterns in
healthcare tasks likely involve higher-order physical interac-
tions—such as multi-joint coordination dynamics, force dis-
tribution patterns, or vestibular-proprioceptive coupling—that
are not adequately represented by the current decomposition.
This limitation suggests that more comprehensive physics-
based modeling is needed, potentially incorporating additional
sensor modalities or more sophisticated relationship modeling
that captures multi-scale biomechanical dependencies without
over-constraining the learning process.

VI. CONCLUSION

This study presents CareAttenNet model, a novel deep
learning architecture for automated nursing activity recog-
nition that achieved 60.00% test accuracy on the SONAR
dataset, outperforming baseline methods. Temporal attention
emerged as the most effective component (78.33% individ-
ual accuracy), while combining all architectural components
unexpectedly degraded performance, revealing complex nega-
tive interactions between correlation processing and temporal
attention mechanisms.

The analysis exposed fundamental challenges in health-
care sensor fusion, including limitations of fixed-window
approaches for variable-duration activities (86,455 to 317,273
seconds) and insufficient physics-informed feature grouping.
These findings highlight the need for adaptive temporal win-
dowing, enhanced biomechanical modeling, and systematic
investigation of component integration challenges.

Future research should focus on cross-domain generaliza-
tion, real-time processing capabilities, and clinical deployment
considerations. This work establishes a foundation for intel-
ligent healthcare monitoring systems that could reduce doc-
umentation burden and support nursing professionals, while
demonstrating the nuanced challenges of applying AI to
complex healthcare environments. While our current approach
computes batch-wise correlation matrices, exploring running
correlations or temporal correlation measures (such as sliding
window correlations or time-lagged cross-correlations) that
could better capture the dynamic relationships in nursing
activities.
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