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ABSTRACT: This article presents a human fall detection system that addresses two critical challenges: privacy
preservation and detection accuracy. We propose a comprehensive framework that integrates state-of-the-art machine
learning models, multimodal data fusion, federated learning (FL), and Karush-Kuhn-Tucker (KKT)-based resource
optimization. The system fuses data from wearable sensors and cameras using Gramian Angular Field (GAF) encoding
to capture rich spatial-temporal features. To protect sensitive data, we adopt a privacy-preserving FL setup, where
model training occurs locally on client devices without transferring raw data. A custom convolutional neural network
(CNN) is designed to extract robust features from the fused multimodal inputs under FL constraints. To further
improve efficiency, a KKT-based optimization strategy is employed to allocate computational tasks based on device
capacity. Evaluated on the UP-Fall dataset, the proposed system achieves 91% accuracy, demonstrating its effectiveness
in detecting human falls while ensuring data privacy and resource efficiency. This work contributes to safer, scalable,
and real-world-applicable fall detection for elderly care.
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1 Introduction
Human fall detection is a growing concern due to its potential to cause serious health complications,

including fatal injuries. World Bank data indicates that 10% of the population is over 651. This demographic
trend highlights the urgent need for effective fall detection systems to protect the elderly population.
Therefore, the design and development of efficient and reliable fall detection systems is critical to ensure the
safety and well-being of a large number of elderly people, especially those living alone. Modern healthcare
systems can play a significant role in detecting falls early and enabling rapid response. Early fall detection
can greatly reduce injuries and improve the quality of life for elderly individuals.

Fall detection systems have recently been developed using sensors [1,2], vision-based approaches
[3–5], and multimodal methods [6,7]. Despite their advances, these systems face critical challenges such
as privacy concerns, high false detection rates, and inconsistent performance across varying environments.
Privacy is especially critical in vision-based systems, where video data can inadvertently expose sensitive

1https://data.worldbank.org/indicator/SP.POP.65UP.TO.ZS (accessed on 21 September 2025)
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personal information [8–10]. Another major issue is the occurrence of false positives and false negatives,
which compromise the reliability of these systems [5–7]. Multimodal approaches—such as combining video
with sensor data—offer improved accuracy by capturing complementary features, but they often require
substantial computational resources. Recently, federated learning methods with enhanced feature extraction
have shown potential in mitigating these limitations by enabling decentralized and efficient learning [11,12].
Federated learning (FL) is a distributed machine learning paradigm in which models are trained across
multiple devices holding local data samples—without transferring raw data to a central server. FL is
particularly suitable for privacy-sensitive applications, as it preserves data locality and prevents exposure
of personal information. It also supports scalability by utilizing the computational resources of distributed
client devices. This makes it an excellent candidate for privacy-preserving applications, such as fall detection
in elderly care, where devices can continuously learn personalized patterns without compromising privacy.

In this research, we propose a privacy-aware fall detection framework based on federated learning.
Each elderly individual’s device (e.g., wearable sensors or smart home cameras) locally collects and processes
motion data, keeping all raw data on-device. Importantly, only the model updates (e.g., gradients or weights)
are transmitted to the central server for aggregation. To support practical deployment, we also design
a resource-aware optimization strategy that adapts the training workload to each client’s computational
capacity, ensuring efficiency without sacrificing privacy. In summary, while significant progress has been
made in fall detection technology, key issues such as data privacy, detection accuracy, and computational
feasibility remain open. This study aims to address these challenges through a synergistic combination
of multimodal data fusion, deep learning, federated training, and resource-aware optimization. The main
contributions of this research are summarized below:

• This study integrates sensor and visual data using Gramian Angular Field (GAF) encoding to enhance
feature extraction and improve fall detection accuracy.

• A secure learning framework is designed to retain all raw data on local devices, sharing only model
updates to preserve privacy during distributed training.

• A lightweight convolutional neural network (CNN) is developed to process fused multimodal inputs,
capturing spatial and temporal features for accurate fall classification.

• A Karush-Kuhn-Tucker (KKT)-based optimization strategy is employed to ensure efficient task alloca-
tion and balanced training load across heterogeneous devices.

The remainder of this paper is structured as follows: Section 2 reviews the related work on fall
detection, multimodal fusion, and privacy-preserving techniques. Section 3 presents the proposed method-
ology. Section 4 discusses the experimental results. Finally, Section 5 concludes the paper and outlines future
research directions.

2 Literature Review
The fall detection research field has been developed by researchers over time. In this section, we have

reviewed articles covering multimodal data fusion, federated learning, convolutional neural network (CNN)-
based models, and resource optimization in distributed environments. The researchers investigated these
techniques to enhance fall detection accuracy and adaptability in different real-world scenarios.

Multimodal data fusion is becoming a handy technique to improve fall detection accuracy by inte-
grating data from different sources. Auvinet et al. proposed a multiple camera-based occlusion-resistant
fall detection technique using 3D silhouette vertical distribution [13]. Though they achieved a good score
of 99.7%, their method performed poorly in challenging environments like varying lighting conditions.
Another work, skeleton-based data fusion to improve fall event classification, was proposed by Xie et al. [14].
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However, their proposed method needs high-quality skeleton data for reliable detection. Qi et al. [6]
proposed the FL-FD model, which integrates federated learning with multimodal data fusion for human
fall detection. Their approach uses input-level fusion of GAF-encoded time-series data and grayscale images
derived from visual frames, and a 3-layer CNN is used as the local model to reduce communication cost.
Each user is treated as a private client in the FL framework, preserving data privacy by training locally
and only sharing model updates. While their model achieves strong performance, it does not consider
resource heterogeneity or task scheduling across devices. In contrast, our method not only adopts a privacy-
preserving federated architecture and input-level multimodal fusion but also incorporates KKT-based
optimization for resource-aware task allocation. This makes our approach better suited for deployment in
real-world, resource-constrained environments. Furthermore, our proposed model employs a deeper CNN
with enhanced feature extraction and dropout layers for robustness, contributing to improved generalization.

Several techniques are used to transform data/signals from one format into another, which is essential
for fusion. Wang et al. proposed that Gramian Angular Field (GAF) is capable of extracting both temporal
and structural information where other methods fail [15]. Spectrogram-based approaches are useful for
frequency domain analysis but have phase loss issues. As a result, these methods lack in identifying subtle
motion variations [16,17]. Though wavelet transforms are good at capturing multi-resolution patterns, they
fail to provide the structured patterns required for efficient detection [18,19]. On the other hand, recurrence
plots illustrate the recurrence dynamics but cannot capture continuous angular relationships [18,20].

Fall detection accuracy in different challenging environments can be improved using convolutional
neural networks (CNNs). Bo Luo presented a fall detection system for smart homes using YOLO networks
and achieved 95% [21]. However, his proposed system performs poorly in low-light and complex settings.
Another study mentioned that their model is effective across different lighting conditions, including low
light [22]. Their proposed model struggles in an environment with cluttered backgrounds and camera angle
variations. Another recent study proposed an enhanced feature extraction method from multiple datasets,
but it requires a high computational cost, which limited its applicability in real-world scenarios [4].

Federated learning (FL) leverages privacy-preserving fall detection by facilitating model training
without collecting data on a central server. Ma et al. proposed an enhanced FL security using multi-key
homomorphic encryption [23]. To address non-IID (independent and identically distributed) data issues,
their method needs to upload partial data to the central server for synchronization. Another study used an
Extreme Learning Machine (ELM) with FL for fall detection [11]. They achieved promising results but suf-
fered from mislabelling errors in manual feature labelling. Beyond standard federated learning (FL), recent
advancements in privacy-preserving techniques include secure aggregation using homomorphic encryption
and hybrid methods combining differential privacy (DP) with secure multiparty computation (SMC). Miao
et al. [24] proposed a blockchain-integrated FL framework that uses fully homomorphic encryption to
securely aggregate model updates, offering robustness against Byzantine attacks. While highly secure, such
techniques often introduce heavy computational and communication overhead, making them less feasible
for real-time, edge-based fall detection. In contrast, our lightweight FL framework balances privacy and
efficiency for deployment on resource-constrained devices. Similarly, Truex et al. [25] introduced a hybrid
DP+SMC model that adds noise to shared updates while coordinating secure computations, effectively
defending against inference attacks. Although such methods provide enhanced theoretical guarantees, our
work prioritizes practical trade-offs suited for scalable, multimodal fall detection scenarios.

In the FL environment, computational resources must be optimized to deploy fall detection models in
practical settings. Liu et al. presented primal-dual algorithms for convex optimization problems in imaging
systems [26]. Another study focuses on the application of KKT-based optimization techniques to gradient
flows in noisy ReLU networks [27]. However, the authors did not adequately consider the constraints of



1090 Comput Model Eng Sci. 2025;145(1)

federated learning in a real-world setting. While KKT conditions are appropriate for our formulation, we
acknowledge that other optimization techniques may also be applicable depending on system objectives and
constraint complexity. For instance, evolutionary algorithms such as Genetic Algorithms (GA) have shown
promise in distributed FL for balancing communication delay and data privacy in vehicular networks [28].
Reinforcement Learning (RL) approaches can adaptively optimize computation offloading and resource
scheduling in dynamic mobile edge environments [29], while Simulated Annealing (SA) has been effectively
applied to offloading tasks in UAV-assisted MEC networks [30]. Additionally, greedy heuristics have shown
success in client selection and scheduling under constrained FL settings [31]. These alternative approaches are
promising in scenarios involving non-convex, non-differentiable objectives or environments with dynamic
topologies and intermittent connectivity.

Despite developments in the field of fall detection, several challenges remain unaddressed. One of
the major issues is that the effectiveness of the model is still questionable in challenging environments
like lighting variations, cluttered backgrounds, and diverse camera angles [21,22,32]. High computational
demands of CNN-based models are another crucial problem, which limits real-world applicability [4].
Lastly, distributing the tasks based on resource constraints in federated learning environments needs to
be addressed [11,23]. It is essential to address these challenges to ensure efficient, scalable, and real-world
applicable fall detection systems.

3 Methods
The proposed methodology for privacy-preserving human fall detection using federated learning is

shown in Fig. 1. This architecture comprises three key modules: multimodal data fusion, CNN-based feder-
ated learning, and KKT-driven resource optimization, working together to address privacy and efficiency in
fall detection.

Figure 1: Proposed privacy-preserving fall detection framework integrating multimodal data fusion and CNN-based
federated learning. The architecture includes resource-aware task optimization (via KKT) and illustrates how all client
devices operate identically—each extracting features and training local models before contributing updates to a global
model without sharing raw data
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The pipeline begins with multimodal inputs (sensor and camera), where sensor signals undergo
normalization and transformation via Gramian Angular Field (GAF), and visual data is processed through
color scaling and motion-aware frame differencing. Both streams are stacked and fused to generate enriched
multimodal representations. In the federated learning module, each client device hosts a local CNN model
that extracts features from the fused data and transmits model updates—not raw data—to a central server.
The server aggregates updates and redistributes the refined global model back to the clients. Cloud and
edge servers collaborate in this decentralized training. Simultaneously, a resource optimization module
utilizes Karush–Kuhn–Tucker (KKT) conditions to allocate training workloads across edge clients (e.g.,
smartphones, tablets, laptops) based on their current computational state. This end-to-end setup ensures
both privacy preservation and resource-aware efficiency, making the model practical for deployment in
real-world edge environments. The individual modules—data fusion, federated CNN training, and task
allocation—are discussed in more detail in the following subsections.

3.1 Multimodal Data Fusion
In the data fusion module, we collected heterogeneous data from wearable sensors and cameras, as

diverse modalities provide relevant information required for comprehensive and accurate detection. The
sensor and camera data are integrated using the input-level multimodal data fusion technique. The sensor
data processing part includes several steps: computing magnitudes, normalizing sensor data, and integrating
processed data using GAF. In the case of visual data, we apply color conversion and scaling techniques,
calculate frame differences, and create image stacking. The result from both modalities is fused to enhance
the representation, which assists in identifying the critical features required to detect human falls.

This fusion is designed to preserve complementary information from both sources: GAF-encoded
sensor data captures body movement dynamics (e.g., acceleration, rotation) across multiple anatomical
locations, while the grayscale visual input encodes contextual scene and motion boundary information. Their
combination enables the network to detect subtle motion variations and environment-sensitive cues, improv-
ing fall discrimination robustness. We further validate the benefit of this fusion through an ablation study
in Section 4.3, which shows that individual modalities (sensor-only or camera-only) perform significantly
worse compared to the fused configuration. This confirms that each channel contributes complementary
information critical to accurate fall recognition.

3.1.1 Transforming Time Series Data to Image
We used Gramian Angular Field (GAF) to integrate sensor data with visual data as it offers notable

advantages over other time-series conversion techniques such as spectrograms, wavelet transforms, or
recurrence plots (RP). The concept of GAF to convert time series data to visual data was introduced by
Wang and Oates in 2015 [15]. Integration of images achieved from sensor-based accelerometer and gyroscope
signals with RGB data allows the model to learn multi-modal features more effectively. We integrated
multimodal sensor data (accelerometer and gyroscope) from wearable sensors located at the ankle, right
pocket, belt, neck, and wrist. Data from these body locations captures the scenarios that contributed to falls.
We summarize the mathematical steps of GAF to process sensor data in the next section (Algorithm 1).

Initially, the raw time-series data, XT = {x1 , x2, . . . , xN} is normalized to ensure that all values fall within
the range [−1, 1] (lines 1–2). This normalization step retains the relative amplitude variations. Moreover, this
step standardizes the data for the angular transformation. Then, the inverse cosine function is applied to
map the normalized data points to angular values. In this step, the phase information encodes the temporal
evolution of the signal. Moreover, a radial component is tagged based on the time index to safeguard a
structured representation of the sequential data. The transformed polar coordinates produce a geometric
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comprehension of the time-series progression (lines 3–5). The key part of this process is composing the
GAF matrix, where the cosine summation rule is used to compute each element (lines 6–8). This stage
encapsulates pairwise relationships among time points, integrating temporal dependencies into the two-
dimensional representation. The resulting matrix preserves key fall detection patterns effectively by encoding
both magnitude and phase relationships. The final GAF images are fused with image data to develop a robust
CNN-based detection model. It facilitates effective spatial feature extraction and enhances the accuracy of
human fall detection systems.

Algorithm 1: Gramian angular field (GAF) generation
1 Step 1: Normalize the Time-Series Data.
2 Map the raw time-series XT into the range [−1, 1]:

x̃i = xi −min(XT)
max(XT)−min(XT)

⋅ 2 − 1.
3 Step 2: Convert to Polar Coordinates.
4 for i ← 1 to N do
5 Compute the angular value:

ϕi = arccos(x̃i), x̃i ∈ [−1, 1].
Set the radial component as:
ri = i

N , where N is the total time points.
6 Step 3: Generate the GAF Matrix.
7 for each pair (i, j) where i , j = 1, 2, . . . , N do
8 Compute the GAF element:

Gi , j = cos(ϕi + ϕ j).
9 Step 4: Output the GAF Image.
10 Return the 2D matrix G as the Gramian Angular Field (GAF) image.

3.1.2 Processing Visual Data
The camera frames pass several preprocessing stages before fusing with GAF images obtained from

time-series data to enhance fall detection effectiveness, shown in Fig. 2. To ensure consistency in different
image sources, initially, the raw frames are resized to 140 × 140 pixels. Then, color images are converted to
grayscale to diminish computational complexity. But this conversion ensures preserving essential motion-
related features. Frame differences (Δxi ) are computed by subtracting consecutive grayscale frames to capture
movement dynamics. It highlights the motion patterns and eliminates static background noise effectively.
Subsequently, the computed frame differences are stacked and summed to enhance the prominence of
motion features. Lastly, to confirm uniform intensity distribution and enhance feature representation,
normalization is applied to the summed differences. The normalized camera data is integrated with the sensor
data (GAF images) to design a fall detection framework with improved accuracy, making it more resilient to
variations in environmental conditions and sensor noise.

3.1.3 Fusion of Sensor and Camera Data
GAF images from sensor data are combined with camera-based motion features into a unified three-

channel representation. A 3-channel RGB-like image is produced by stacking the GAF acceleration, GAF
angular velocity, and camera grayscale image (Fig. 3). These fused images facilitate capturing human motion
dynamics by extracting both spatial and temporal dependencies. The linear human motion variation is
encoded into the GAF acceleration channel. On the other hand, the rotational dynamics are presented by the
GAF angular velocity channel. The time series perspective on movement patterns from these two channels



Comput Model Eng Sci. 2025;145(1) 1093

is crucial to differentiate between fall and non-fall activities. The generated grayscale image provides visual
context by highlighting the human silhouette and movement boundaries. Each channel contributes distinct
types of motion information—linear force (acceleration), rotational movement (angular velocity), and
silhouette-based scene dynamics (visual channel)—enabling the network to learn from spatial and temporal
interactions across modalities. The proposed CNN model learns cross-domain features. Thus the model
becomes more generalized in different environments, such as sensor noise and varying lighting conditions.

Figure 2: Processing steps of camera data, illustrating grayscale frame extraction, frame differencing to highlight
motion, and summation of normalized differences
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Figure 3: Concatenation of multi-sensor (Ankle, Right Pocket, Belt, Neck, Wrist) Gramian angular field (GAF) images
and camera data, integrating acceleration, angular velocity, and visual inputs
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3.2 Federated Deep Learning Module
In this module, high-dimensional spatial-temporal features are extracted from the multimodal fused

input using a custom convolutional neural network (CNN), optimized for fall detection tasks. A Federated
Learning (FL) framework is adopted to preserve data privacy and enable distributed training across edge
devices. This setup eliminates the need to transfer raw sensor or camera data to the server. Each client
trains its own local model on fused sensor-camera data, keeping all user data on-device while learning
personalized fall-related patterns. After local training, only the model weight updates are shared with a
central server, which performs model aggregation using Federated Averaging (FedAvg) to build a global
model. This global model is then broadcasted back to all clients for the next training round, continuing
iteratively until convergence.

3.2.1 Data Partitioning Assumption in FL Setup
Our current federated learning setup assumes an IID (Independent and Identically Distributed) data

distribution across clients by randomly sampling from the global training pool. This simplifies convergence
and enables controlled performance comparisons across model variants. However, it does not reflect real-
world non-IID scenarios where client data distributions vary by user or context. Although our work
prioritizes privacy-preserving training and multimodal fusion, evaluating performance under non-IID
conditions remains a key direction for future research.

3.2.2 Proposed CNN Architecture
While popular architectures like ResNet and MobileNet were evaluated in our benchmarks, we found

that adapting them to handle fused 15-channel multimodal input in a federated setup led to suboptimal
convergence and lower accuracy. To address these shortcomings, we designed a lightweight CNN tailored
for spatial-temporal feature extraction from fused sensor and camera modalities, with layers configured for
robustness under FL constraints.

Our proposed convolutional neural network (CNN) architecture is capable of processing multimodal
data to enhance detection accuracy (Fig. 4). By extracting spatial and temporal motion features from fused
data, the network effectively learns hierarchical characteristics. After feature extraction using convolutional
layers, fully connected layers efficiently classify fall and non-fall activities. Three channels, namely GAF
acceleration, GAF angular velocity, and camera grayscale motion images, are provided as input to the CNN
model. They supply complementary information to the model, such as capturing motion intensity, rotational
movement, and visual motion boundaries. Several convolutional layers are used to process the multimodal
data to reduce spatial dimensions and extract high-level patterns related to human movement.

The network starts with an input volume of 15 channels, corresponding to the 3 × 5 fused GAF and
visual features of size 140 × 140 pixels. The first convolutional layer (Conv1) applies 32 filters of size 3 × 3
with stride 1 and padding 1, maintaining the spatial resolution. This is followed by a 2 × 2 max pooling layer
(MaxPool1) which downsamples the feature map to 70× 70. To prevent overfitting, a dropout layer with a rate
of 0.2 (Dropout1) is applied, followed by batch normalization (BatchNorm1) to stabilize training. The second
convolutional layer (Conv2) operates on 32 × 70 × 70 feature maps and outputs 64 feature maps of the same
spatial resolution using the same 3× 3 kernel and padding. Max pooling again reduces the spatial dimensions
to 35 × 35, followed by dropout (0.2) and batch normalization. This block further captures mid-level spatial
dependencies in motion and structure. The third convolutional block (Conv3) increases the filter depth to
128 and retains the 35 × 35 resolution, followed by another 2 × 2 max pooling layer that brings down the
spatial resolution to 17 × 17. As before, dropout and batch normalization are used to regularize and normalize
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activations. These three convolutional stages enable progressive abstraction of motion features across sensor
and camera modalities.

Figure 4: Block diagram of the proposed CNN architecture illustrating the transformation of multimodal input (sensor
+ visual) through convolutional and dense layers

The final feature maps (128 channels of size 17 × 17) are flattened to a 36,992-dimensional vector,
which is passed through a dense fully connected layer (FC1) with 512 neurons, using a dropout of 0.3 and
ReLU activation. The final output layer (FC2) uses 11 neurons with softmax activation to classify the input
into one of the eleven fall/daily activity categories. This layered structure enables both low-level and high-
level feature abstraction and is explicitly designed for multimodal input. It supports large receptive fields
while ensuring regularization at each stage. Table 1 provides an expanded view of the layer configurations
including input/output shapes, filters, operations, and regularization details for clarity and reproducibility.
Additionally, the network is visualized in a block diagram (Fig. 4) to aid interpretability.

Table 1: Expanded layer-wise configuration of the proposed CNN architecture for fall detection

Layer Input shape Output shape Filters/Units Kernel/Op Stride/Pool Dropout Activation
Input 15 × 140 × 140 15 × 140 ×140 – – – – –
Conv1 15 × 140 × 140 32 × 140 × 140 32 3 × 3, pad = 1 stride = 1 – ReLU

MaxPool1 32 × 140 × 140 32 × 70 × 70 – 2 × 2 stride = 2 – –
Dropout1 32 × 70 × 70 32 × 70 × 70 – – – 0.2 –

BatchNorm1 32 × 70 × 70 32 × 70 × 70 – – – – –
Conv2 32 × 70 × 70 64 × 70 × 70 64 3 × 3, pad = 1 stride = 1 – ReLU

MaxPool2 64 × 70 × 70 64 × 35 × 35 – 2 × 2 stride = 2 – –
Dropout2 64 × 35 × 35 64 × 35 × 35 – – – 0.2 –

BatchNorm2 64 × 35 × 35 64 × 35 × 35 – – – – –
Conv3 64 × 35 × 35 128 × 35 × 35 128 3 × 3, pad = 1 stride = 1 – ReLU

MaxPool3 128 × 35 × 35 128 × 17 × 17 – 2 × 2 stride = 2 – –
Dropout3 128 × 17 × 17 128 × 17 × 17 – – – 0.2 –

BatchNorm3 128 × 17 × 17 128 × 17 × 17 – – – – –
Flatten 128 × 17 × 17 36992 – – – – –

FC1 36992 512 512 Dense – 0.3 ReLU
FC2 (Output) 512 11 11 Dense – – Softmax

Notes: pad = padding; – indicates not applicable.

By combining deep feature extraction with multimodal fusion, the CNN architecture enhances fall
detection robustness, ensuring improved recognition accuracy across diverse real-world scenarios. The
model leverages the strengths of both sensor-based motion analysis and vision-based detection, making it
highly effective in detecting human falls under varying environmental conditions.
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3.2.3 CNN-Based FL Implementation
The Federated Learning (FL) algorithm ensures privacy preservation by decentralizing model training,

allowing clients to train locally on their own datasets without transmitting raw data to the central server
(Algorithm 2). In each communication round, a subset of K clients is randomly selected (Line 3) to
participate in training, reducing computational overhead while maintaining model generalization. Each
client downloads the current global model (Line 5) and trains it locally using its multimodal dataset,
computing gradients from mini-batches (Line 9) and updating the local model parameters (Line 10). Once
training is completed, the clients send only the updated model weights wt+1

k back to the server (Line 11),
ensuring that raw sensor and image data remain on local devices. The server then performs Federated
Averaging (FedAvg) (Line 12), aggregating the received updates from all selected clients to form an improved
global model:

wt+1 =
1
K

K
∑
k=1

wt+1
k (1)

This iterative process enables the model to learn from decentralized data sources while preventing
sensitive information from being exposed. Additionally, the resource optimization module (Fig. 1) utilizes
KKT-based task assignment to efficiently allocate computational resources, balancing workload among
clients and minimizing communication overhead. By integrating CNN-based local training with FL, the
system effectively extracts spatial and temporal multimodal features while preserving user privacy and
optimizing network efficiency.

Algorithm 2: Federated learning with FedAvg aggregation
Input: Global model w0, Number of rounds T, learning rate η, batch size B, number of selected clients K
Output: Final global model wT

1 Initialize global model w0 on the central server;
2 for t ← 1 to T do
3 Server randomly selects K participating clients;
4 for each client k ∈ K in parallel do
5 Download current global model wt to client k;
6 Split local dataset Dk into batches of size B;
7 for each local epoch e do
8 for each batch b ⊂ Dk do
9 Compute gradient: ∇�(wt ; b);
10 Update local model: wt+1

k ← wt − η∇�(wt ; b);
11 Client uploads updated local model wt+1

k to the server;
12 Server aggregates local models using FedAvg:

wt+1 = 1
K

K
∑
k=1

wt+1
k

;
13 Server broadcasts wt+1 to all clients;
14 return final global model wT ;

3.3 Task Assignment Using KKT Conditions
The use of Karush–Kuhn–Tucker (KKT) conditions in our resource-aware task distribution module

is driven by their proven ability to handle nonlinear constraints in convex optimization problems. This
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makes KKT especially well-suited for federated learning (FL) applications involving edge devices with
heterogeneous computing and energy capabilities—common in fall detection scenarios for elderly care.
In such domains, strict latency and real-time requirements exist, while devices may vary significantly in
processing power. KKT’s analytical formulation allows us to formally enforce constraints such as task size,
device capacity, and processing overhead, enabling efficient and balanced workload distribution.

However, we acknowledge that our current implementation assumes static device availability, fixed task
profiles, and no communication loss. While the method has demonstrated favorable results under controlled
conditions, real-world FL deployments may face client dropout, bandwidth fluctuations, or network delays.
We now explicitly recognize these factors as limitations of the current system and highlight them as targets
for future research.

3.3.1 Optimization Problem Formulation
This section presents the task assignment optimization problem using the Karush-Kuhn-Tucker (KKT)

approach. The optimization objective and constraints are detailed below.
Objective Function. The optimization aims to minimize the total computational cost, which includes

both the task-specific computational cost and a fixed overhead cost. The objective function is formulated as:

min
xi , j ,k

S
∑
i=1

A
∑
j=1

D
∑
k=1

xi , j ,k ⋅ (Costi , j ,k + O) (2)

where xi , j ,k is a binary decision variable that takes the value 1 if activity j of subject i is assigned to device k,
and 0 otherwise. The term Costi , j ,k represents the computational cost associated with assigning an activity
to a device, while O denotes the fixed overhead cost per task.

Constraints. The following constraints must be satisfied to ensure feasible task assignments.
Task Completion Constraint. Each activity must be assigned to exactly one device, ensuring that no task

is left unallocated or assigned to multiple devices:

D
∑
k=1

xi , j ,k = 1, ∀i ∈ {1, . . . , S}, j ∈ {1, . . . , A}. (3)

Capacity Constraint. The total workload assigned to a device must not exceed its available computational
capacity:

S
∑
i=1

A
∑
j=1

xi , j ,k ⋅ T ≤ Ci ,k − Li ,k , ∀i ∈ {1, . . . , S}, k ∈ {1, . . . , D}. (4)

Here, T represents the task size, Ci ,k is the total available capacity of device k, and Li ,k denotes the
current load on the device. This constraint ensures that assigned tasks do not exceed a device’s remaining
processing capability.

Binary Constraint. The task assignment variable xi , j ,k is restricted to binary values:

xi , j ,k ∈ {0, 1}, ∀i , j, k. (5)

The task assignment optimization follows an iterative process where tasks are allocated based on
adjusted costs, and dual variables λi , j and μi ,k are updated dynamically to enforce the constraints. This
method ensures efficient task distribution while maintaining resource limitations.
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3.3.2 Implementation
To achieve optimal resource allocation, Algorithm 3 leverages Karush-Kuhn-Tucker (KKT) conditions

to balance task assignments while respecting device capacity constraints. Algorithm 3 initializes task
allocation variables (xi , j ,k), dual variables (λi , j), and resource penalties (μi ,k) to zero (Line 1). It iteratively
assigns tasks to available devices while minimizing an adjusted cost function (Lines 4–5). The adjusted cost
for assigning task j of subject i to device k is computed by incorporating the original task cost (Costi , j ,k),
a penalty term (O), and dual variable corrections (−λi , j and μi ,k ⋅ T) (Line 5). This ensures that tasks are
assigned efficiently, prioritizing devices with lower adjusted costs while maintaining capacity limits.

Once tasks are assigned, the algorithm updates dual variables to enforce constraints dynamically. The
first dual variable update (Line 7) ensures that each task is assigned to exactly one device while penalizing
over-allocation using the learning rate η. The second dual variable update (Line 7) adjusts μi ,k to account
for the total load assigned to device k, ensuring it does not exceed its capacity. If the total workload exceeds
the device’s capability, the penalty term is increased to discourage further task assignments to that device.
The algorithm continues iterating, adjusting assignments dynamically, and increments the simulated time as
needed (Line 9) until all tasks are optimally allocated. The final output consists of optimized task assignments,
total cost, and execution time (Line 10).

This approach optimally distributes computational tasks across heterogeneous devices while enforc-
ing resource constraints through KKT conditions. By dynamically adjusting dual variables, the method
efficiently balances the workload, preventing overloading and ensuring smooth execution.

Algorithm 3: Task assignment with KKT optimization
Input: Subjects S, Devices D, Activities A, device capacities C[S][D], current loads L[S][D], task cost

Cost[S][A][D], task size T, overhead cost O
Output: Task assignments xi,j,k, total cost, total time

1 Initialize xi , j ,k ← 0, λi , j ← 0, μi ,k ← 0;
2 while unassigned tasks exist or active tasks remain do
3 Assign Tasks:
4 for each i, j do
5 Compute adjusted cost:

AdjustedCosti , j ,k = Costi , j ,k + O − λi , j + μi ,k ⋅ T
Assign task j of subject i to device k with minimum adjusted cost, subject to capacity constraints;

6 Update Dual Variables:
7 Update λi , j:

λi , j ← λi , j + η ⋅ (1 −
D
∑
k=1

xi , j ,k)

Update μi ,k :

μi ,k ← μi ,k + η ⋅max (0,
A
∑
j=1

xi , j ,k ⋅ T − (Ci ,k − Li ,k))

8 Update Time:
9 Increment simulated time if necessary;
10 return Task assignments xi,j,k, total cost, total time;
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4 Results and Discussion

4.1 Data Collection
The UP-Fall Detection Dataset is a comprehensive multimodal dataset designed for fall detection

research, capturing fall-related and daily activities performed by multiple subjects. The dataset includes
11 activities categorized into falling scenarios (e.g., falling forward using hands/knees, falling backward,
sideways, and sitting falls) and daily activities (e.g., walking, standing, sitting, object pickup, jumping, and
laying), as detailed in Table 2. To enable robust analysis, the dataset was collected using a combination
of wearable sensors, environmental sensors, and cameras. Fig. 5 illustrates the data collection setup, high-
lighting the sensor placement on the body and the camera views used for visual data acquisition. The
UP-Fall dataset includes accelerometers, gyroscopes, environmental sensors, and EEG headsets to capture
multimodal information. In this study, however, we used only wearable sensor and camera data for fusion
and model training.

Table 2: Activity duration while experimenting

Activity ID/Class Description Duration (s)
1 Falling forward using hands 10
2 Falling forward using knees 10
3 Falling backward 10
4 Falling sideways 10
5 Falling sitting in empty chair 10
6 Walking 60
7 Standing 60
8 Sitting 60
9 Picking up an object 10
10 Jumping 30
11 Laying 60

Infrared Sensor

Camera 1

Camera 2

Forehead

Neck

WristBelt

Pocket

Ankle

(a) (b)

Figure 5: Dataset collection setup: (a) Infrared sensors and camera views; (b) Sensor orientation (wearables and EEG
headset) (adapted from [33])

Fig. 6 provides a visual representation of each recorded activity in the dataset, demonstrating the
diversity in movement patterns across different actions. Additionally, Fig. 7 illustrates the process of tracking
a single activity composed of multiple poses, emphasizing the dataset’s granularity in capturing continuous
motion sequences. The duration of activities varies from 10 to 60 s, ensuring sufficient data for training robust
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machine learning models. This dataset serves as a valuable resource for researchers focusing on computer
vision, deep learning, and sensor-based fall detection, contributing to the development of automated fall
detection systems for elderly and at-risk individuals.

Figure 6: Example of each activity in the UP-fall dataset

Figure 7: Tracking a single activity composed of several poses

4.2 Experimental Setup
The experiments were conducted on a local machine (HP Victus Gaming 16-r0007nx), featuring the

following hardware specifications: 13th Gen Intel Core i7-13700H processor (2.40 GHz), 32 GB DDR5-5600
MHz RAM (2 × 16 GB), NVIDIA GeForce RTX 4060 GPU with 8 GB VRAM, and 1 TB M.2 SSD. The system
ran on Windows 11 (64-bit OS) with a Full HD IPS display at 1920 × 1080 resolution and a refresh rate of
144 Hz. For the software environment, we used the Anaconda Python distribution, including Jupyter
Notebook version 7.0.8 and Anaconda Toolbox version 4.0.15. Deep learning models were implemented using
PyTorch and TensorFlow/Keras libraries. All training and evaluation were performed locally, without the use
of cloud computing or distributed servers.
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4.3 Evaluation of the Proposed System
This section presents a comprehensive evaluation of the proposed fall detection system, focusing

on quantifying the contribution of each key module. We perform ablation studies to analyze the impact
of multimodal data fusion (sensor and camera), the proposed federated learning (FL) framework vs.
centralized training, and the effectiveness of KKT-based resource optimization. Each subsubsection presents
both quantitative metrics and visualizations to demonstrate improvements in accuracy, generalization, and
deployment efficiency.

4.3.1 Performance of Different Modality Data
The performance comparison of different modalities for fall detection is analyzed through the confusion

matrices (Fig. 8) and performance metrics table (Table 3). The confusion matrices in Fig. 8 illustrate the
classification results for different input modalities: time series, camera, and their combination (TS+Camera).
From the individual confusion matrices (Fig. 8a and b), it is evident that both the time series and camera
data alone lead to significant misclassification across different classes, resulting in scattered off-diagonal
values. However, when both modalities are combined (Fig. 8c), the confusion matrix becomes more diagonal
dominant, indicating improved classification performance.

Figure 8: Confusion matrix for different modalities: (a) Time series; (b) Camera; (c) Time series + camera
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Table 3: Performance comparison of different modalities for fall detection

Modality Precision Recall F1-score Accuracy
Time series (TS) 0.59 0.64 0.57 0.64

Camera 0.87 0.82 0.82 0.82
TS + camera 0.93 0.91 0.90 0.91

The performance comparison in Table 3 further supports this observation. Using a single modality,
the performance is limited: the time series (TS) data achieves a precision of 0.59, recall of 0.64, F1-score of
0.57, and accuracy of 0.64, while the camera modality alone improves performance to a precision of 0.87,
recall of 0.82, F1-score of 0.82, and accuracy of 0.82. However, when both modalities are combined (TS +
Camera), the model demonstrates a substantial improvement across all metrics, achieving a precision of 0.93,
recall of 0.91, F1-score of 0.90, and accuracy of 0.91. This significant improvement highlights the advantage
of multimodal fusion, as the combined data captures complementary features, leading to more robust and
reliable fall detection. Overall, the results demonstrate that integrating both time series and camera data
enhances model performance, making it a more effective solution for accurate fall detection.

4.3.2 Centralized vs. Federated Training
To assess the effectiveness of our federated learning (FL) framework, we conducted an ablation study

comparing the proposed CNN model’s performance under two training settings: centralized training and
federated training. Both settings used the same multimodal inputs (sensor + camera), CNN architecture,
and hyperparameters on the UP-Fall dataset to ensure fairness. Fig. 9 shows the comparative results across
four performance metrics. The federated model outperforms the centralized one in every aspect, achieving
93.3% precision, 90.9% recall, 90.15% F1-score, and 90.91% accuracy—compared to 78.1%, 75.8%, 73.5%, and
75.8%, respectively, in the centralized case. These improvements confirm that federated learning not only
preserves data privacy but also enhances generalization across distributed devices.

Figure 9: Overall performance comparison between centralized and federated training
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To provide further insight, Table 4 reports the class-wise precision, recall, and F1-score for both models.
The federated model shows consistently higher scores across all activity classes—including challenging fall
classes such as A3, A4, and A5—where the centralized model either failed completely (A3) or struggled (A5).
These findings highlight the federated model’s superior robustness in learning discriminative features across
a broader distribution of user data. These class-wise improvements demonstrate that federated training is not
only advantageous in preserving data privacy but also leads to better learning of fall-specific motion patterns
across a diverse subject population.

Table 4: Class-wise precision, recall, and F1-score of centralized and federated training models

Class Centralized Federated

Prec. Recall F1-score Prec. Recall F1-score
A1 1.00 0.33 0.50 1.00 0.33 0.50
A2 0.75 1.00 0.86 0.60 1.00 0.75
A3 0.00 0.00 0.00 0.67 0.67 0.67
A4 0.43 1.00 0.60 1.00 1.00 1.00
A5 1.00 0.67 0.80 1.00 1.00 1.00
A6 1.00 1.00 1.00 1.00 1.00 1.00
A7 1.00 0.67 0.80 1.00 1.00 1.00
A8 1.00 1.00 1.00 1.00 1.00 1.00
A9 0.75 1.00 0.86 1.00 1.00 1.00
A10 0.67 0.67 0.67 1.00 1.00 1.00
A11 1.00 1.00 1.00 1.00 1.00 1.00

4.3.3 KKT-Based Optimization for Resource Utilization
The experiment was conducted with three subjects performing eleven activities, distributed across

ten computational devices. Each subject had a predefined computational capacity ranging from 100 to 120
processing units, with an initial load of 20 to 30 units per device. The task size was set to 15 units, and each
task had a processing duration of 1 s with an overhead cost of 2 s per assignment. The goal was to evaluate
task assignment efficiency with and without KKT-based optimization. The primary assumption in this study
is that each device operates under resource constraints, meaning tasks must be assigned efficiently without
exceeding device capacity. Additionally, it is assumed that all tasks must be completed within the available
computational resources. The optimization aims to minimize divergence time while ensuring balanced
workload distribution.

The results demonstrate that KKT-based optimization significantly improves resource utilization. The
number of iterations required for task allocation decreased from three (without KKT) to just one (with
KKT), ensuring faster task execution (Fig. 10a). Without KKT, task assignments led to bottlenecks and
inefficient workload balancing, resulting in a higher divergence time of 102.0001 s. In contrast, KKT-based
optimization reduced this to 100.0047 s by optimally distributing tasks across available devices (Fig. 10b).
Although the total computational cost remained the same (495 GFLOPS), KKT optimization ensured
efficient task execution, reducing idle time and unnecessary delays. This is crucial for privacy-preserving
federated learning applications, particularly for human fall detection, where timely inference and efficient
model updates are essential.
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Figure 10: Results of KKT conditions-based resource optimization: (a) Required number of iterations; (b) Divergence
time

In summary, KKT optimization improves efficiency by reducing divergence time, minimizing iterations,
and ensuring optimal resource utilization. This makes real-time federated learning more practical in
resource-constrained environments, enabling faster and more reliable fall detection while maintaining
privacy.

4.4 Training Loss
The training loss analysis in Fig. 11 offers insights into model convergence under a federated learning

(FL) setting for multimodal fall detection. The proposed model consistently achieves the lowest and most
stable training loss across all 40 epochs, reflecting efficient learning even under decentralized data condi-
tions. Compared to the proposed model, other CNN-based architectures demonstrate varied performance.
ResNet18, InceptionV3, and DenseNet show volatile loss curves with several spikes, suggesting unstable
convergence in the FL context. MobileNet converges more consistently but to a higher final loss. XceptionNet
performs competitively in later epochs. In contrast, VGG16 and VGG19 exhibit extremely poor results (both
9% accuracy), as these architectures are primarily designed for single-modal image classification and failed
to converge effectively under our multimodal FL setup. This highlights the need for customized architectures
tailored to fused multimodal data.

To ensure a fair and consistent evaluation, all baseline models (e.g., ResNet18, MobileNet, VGG16)
were initialized with pretrained ImageNet weights to leverage transferable visual features. Each model was
modified to accept 15-channel multimodal input by inserting a 1 × 1 convolutional adapter at the input layer.
A uniform training configuration was applied across models—using the Adam optimizer, fixed learning rate
(0.001), batch size of 32, and 40 training epochs—based on empirical stability across the UP-Fall dataset.
These steps ensured that all models were fairly compared under the same multimodal federated learning
framework. Despite these architectural adjustments, many of the baseline networks are originally designed
for single-modal image classification tasks. Their fixed feature extraction pipelines are often ill-suited for
the complex spatial-temporal correlations in multimodal fused data, leading to suboptimal convergence and
reduced generalization under federated conditions.

The proposed model incorporates convolutional layers specialized for fused sensor-visual input, along
with batch normalization and dropout, to ensure stable convergence and prevent overfitting in a federated
setting. Its performance reflects strong generalization across decentralized clients while preserving data
privacy. Overall, these results emphasize the importance of architectural customization when training on
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multimodal inputs under federated constraints. The proposed model consistently maintains lower training
loss and higher stability, reinforcing its effectiveness for real-world, privacy-aware fall detection systems.

Figure 11: Training loss curves (log scale) across 40 epochs for various CNN-based models in a federated learning
environment

4.5 Benchmarking against UP-Fall Competition Winners
To ensure a fair and domain-specific benchmark, we compared our proposed system with the top-

ranking models from the Challenge UP–Multimodal Fall Detection competition2. All models were evaluated
on the UP-Fall dataset using a 1-second sliding window classification task [34]. The first-place model by
Gjoreski et al. used a Random Forest classifier trained solely on wearable sensor data and achieved an F1-
Score of 82.47% and an exceptionally high accuracy of 98.04%. Sahin (2nd place) utilized a 1D CNN with data
from sensors, EEG, and ambient sources but only achieved 34.04% F1-Score and 64.92% accuracy. Endo et al.
(3rd place) implemented a BiLSTM using wearable data and reported even lower performance (F1-Score:
31.37%, Accuracy: 62.83%). The honorable mention by Jovicic reached an F1-Score of 60.40% and accuracy
of 82.12%, though implementation details were not disclosed.

In contrast, our proposed method achieves strong and balanced performance across all evaluation
metrics, with 90.15% F1-Score, 90.91% accuracy, 93.33% precision, and 90.91% recall. While Gjoreski et al.’s
model reported a slightly higher accuracy (98.04%), our approach provides superior precision, recall, and F1-
Score, reflecting more consistent detection capability. These gains are driven by two key design choices: (1) the
fusion of visual and sensor modalities using Gramian Angular Field (GAF) encoding to jointly capture spatial
and temporal dynamics, and (2) the integration of a privacy-preserving Federated Learning (FL) framework,
which none of the benchmarked methods employed. Together, these features validate the strength of our

2Official competition link: https://sites.google.com/up.edu.mx/challenge-up-2019/overview (accessed on 21 September 2025).

https://sites.google.com/up.edu.mx/challenge-up-2019/overview
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system not only in accuracy but also in robustness, fairness across metrics, and secure, real-world deployment
potential. Table 5 summarizes the performance comparison, demonstrating the superiority of our approach
over existing top-ranked models from the UP-Fall detection benchmark.

Table 5: Performance comparison with top competition entries using the UP-Fall dataset

Author(s) Precision Recall F1-score Accuracy
Gjoreski et al. (1st) 85.77 79.42 82.47 98.04

Sahin (2nd) 32.99 35.15 34.04 64.92
Endo et al. (3rd) 33.11 29.81 31.37 62.83

Jovicic (Honorable) 53.78 68.89 60.40 82.12
Proposed (Ours) 93.33 90.91 90.15 90.91

4.6 Comparison with SOTA Models
Table 6 presents a comparative analysis of the proposed model against several state-of-the-art (SOTA)

deep learning architectures, all of which were trained in a federated learning environment using the same
multimodal dataset and experimental setup. The evaluation metrics include Precision, Recall, F1-Score,
and Accuracy, providing a comprehensive assessment of classification performance. The proposed model
achieves the highest accuracy of 91%, along with superior F1-Score (0.90), Precision (0.93), and Recall (0.91),
outperforming all other models. Compared to the proposed model, the FL-adapted versions of ResNet18,
MobileNet, and InceptionV3 perform moderately, achieving accuracies of 58%, 63%, and 67%, respectively.
XceptionNet achieves competitive performance with 73% accuracy. In contrast, VGG16 and VGG19 exhibit
extremely poor results (both 9% accuracy), while DenseNet121 performs marginally better at 45%. These
results reflect clear disparities in model adaptability to the federated multimodal context.

Table 6: Comparison with the state-of-the-art models and the proposed model for 40 epochs in the federated learning
environment

Model Precision Recall F1-score Accuracy
ResNet18 0.48 0.58 0.49 0.58

InceptionV3 0.65 0.67 0.60 0.67
MobileNet 0.64 0.64 0.61 0.63

XceptionNet 0.67 0.73 0.67 0.73
VGG16 0.01 0.09 0.02 0.09
VGG19 0.01 0.09 0.02 0.09

DenseNet121 0.33 0.45 0.34 0.45
Proposed Net 0.93 0.91 0.90 0.91

The poor performance of several well-known architectures can be attributed to their design limitations.
Most, including ResNet18, DenseNet, and InceptionV3, were originally optimized for single-channel image
classification (e.g., RGB or grayscale images) and lack mechanisms for handling fused multimodal inputs.
Consequently, they struggle to capture the complex spatial-temporal correlations present in Gramian Angu-
lar Field (GAF)-based sensor features combined with visual motion data, leading to unstable convergence
and suboptimal classification. From an implementation perspective, the proposed model is specifically
designed for multimodal feature extraction. It effectively utilizes convolutional layers to capture spatial
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and temporal patterns in the fused input, while batch normalization and dropout mechanisms enhance
generalization, reducing overfitting. In addition, the proposed model also supports privacy-aware processing
by leveraging local sensor fusion without centralized raw data transmission, making it more suitable for
deployment in real-world edge environments.

Overall, the proposed model provides an optimal balance between privacy preservation, computational
efficiency, and classification accuracy. The results highlight the necessity of custom architectures tailored for
multimodal federated learning tasks, rather than relying solely on standard deep learning models designed
for unimodal vision applications.

4.7 Statistical Significance Testing
To rigorously assess the superiority of our proposed model, we conducted a paired t-test [35] on the

per-class F1-scores (A1–A11) obtained from the proposed model and each baseline. This test, originally
introduced by Gosset under the pseudonym “Student”, evaluates whether the means of two related samples
differ significantly. Since all models are evaluated over the same set of 11 activity classes, the paired t-test is
appropriate for comparing these matched observations.

Table 7 presents the detailed F1-scores across all classes along with the macro-averaged F1. The pro-
posed model consistently achieves near-perfect results, whereas models such as ResNet18, InceptionV3,
MobileNetV2, and Xception show moderate performance. VGG16 and VGG19 perform poorly and fail to
generalize in a multimodal federated setting, while DenseNet121 performs better but still trails the proposed
approach. To formally assess the performance differences, we conducted paired t-tests on the per-class F1-
scores (A1–A11) of the proposed model compared to each baseline. Table 8 reports the mean improvements
(ΔF1), t-statistics, raw p-values, Bonferroni-corrected p-values (FWER), Benjamini-Hochberg adjusted
q-values (FDR), and Cohen’s dz effect sizes.

Table 7: Per-class F1-scores of the proposed model and baseline models across 11 activity classes (A1–A11)

Model A1 A2 A3 A4 A5 A6 A7 A8 A9 A10 A11 M-F1
Proposed 0.500 0.750 0.667 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 0.902
ResNet18 0.500 0.857 0.444 0.000 0.000 0.600 0.667 0.000 1.000 0.857 0.500 0.493

InceptionV3 0.500 0.667 0.500 0.857 0.800 0.857 0.000 0.000 0.667 1.000 0.750 0.600
MobileNetV2 0.333 0.667 0.000 0.667 0.667 1.000 0.800 0.500 0.444 0.857 0.750 0.608

Xception 0.000 0.545 0.000 0.800 0.750 1.000 0.857 0.667 1.000 1.000 0.800 0.675
VGG16 0.000 0.000 0.167 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.015
VGG19 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.167 0.000 0.000 0.015

DenseNet121 0.000 0.667 0.000 0.462 0.000 1.000 0.000 0.000 0.500 0.667 0.400 0.336

Note: M-F1 =Macro-F1.

The results confirm that the proposed model achieves statistically significant improvements over all
baselines (pt < 0.05). After applying Bonferroni correction, improvements remain significant for VGG19,
VGG16, DenseNet121, MobileNetV2, and Xception. While ResNet18 and InceptionV3 do not reach signif-
icance under Bonferroni correction, they remain statistically significant under the Benjamini-Hochberg
(BH) adjustment for false discovery rate (see Appendix A7 for detailed calculations). Effect sizes across all
comparisons are large (dz > 0.8), indicating strong practical impact in addition to statistical significance.
The most pronounced improvements were observed over VGG19 and VGG16, with dz = 5.04 and 4.32,
respectively. Notably, large effect sizes were also observed for more recent and widely adopted models like
DenseNet121 (dz = 1.64) and MobileNetV2 (dz = 1.41).
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Table 8: Paired t-test results on per-class F1-score differences between the proposed model and baseline federated
models. ΔF1 =mean F1 improvement; dz = Cohen’s effect size for paired designs

Baseline ΔF1 t pt pBonf
t qBH dz

VGG19 0.886 16.717 0.00000 0.00000 0.00000 5.040
VGG16 0.886 14.337 0.00000 0.00000 0.00000 4.323

DenseNet121 0.566 5.429 0.00029 0.00203 0.00068 1.637
MobileNetV2 0.294 4.678 0.00087 0.00609 0.00152 1.411

Xception 0.227 3.577 0.00504 0.03529 0.00706 1.078
ResNet18 0.408 3.221 0.00916 0.06412 0.01069 0.971

InceptionV3 0.302 2.789 0.01916 0.13412 0.01916 0.841

In conclusion, the results in Tables 7 and 8 provide robust evidence that the proposed model delivers
consistent and significant performance improvements over both classic and modern CNN baselines. This
supports its claim as a state-of-the-art solution for multimodal federated fall detection.

4.8 Comparative Analysis of Benchmark Approaches
This section presents a two-part comparative analysis. First, we examine neural network-based multi-

modal fall detection methods, regardless of deployment settings. Then, we focus on approaches leveraging
federated learning (FL) to ensure data privacy and distributed intelligence. Both categories use the UP-Fall
dataset, a widely accepted benchmark in fall detection research.

4.8.1 Vision-Based Multimodal Fall Detection Methods
Table 9 summarizes the performance of state-of-the-art multimodal neural architectures that do not

adopt FL. Martinez-Villasenor et al. [33] employed a simple MLP using fused IMU, EEG, and dual-camera
modalities, achieving 95.00% accuracy. However, the recall remained at 69.90%, reflecting the risk of
undetected fall events. Espinosa et al. [3] developed a CNN-based vision-only method (V-FD), reporting
modest gains in F1-score (72.94%) without leveraging sensor data or privacy mechanisms.

Table 9: Performance comparison of vision-based multimodal fall detection methods on the UP-Fall dataset

Article Precision Recall F1-score Accuracy
UP-Fall [33] 77.70 69.90 72.80 95.00

V-FD [3] 74.25 71.67 72.94 82.26
Proposed (Ours) 93.33 90.91 90.15 90.91

In comparison, our proposed model integrates Gramian Angular Field (GAF) encoding, deep CNNs
tailored for multimodal spatio-temporal data, and resource-aware training mechanisms. It achieves 93.33%
precision, 90.91% recall, 90.15% F1-score, and 90.91% accuracy, surpassing all vision-based models while
preserving real-time applicability and scalability.

4.8.2 Federated Learning-Based Multimodal Fall Detection
Table 10 compares FL-enabled fall detection systems. Qi et al. [6] introduced FL-FD, using CNNs with

sensor-visual inputs in a federated setup. It achieves 87.00% F1-score and 88.00% accuracy, demonstrating
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the promise of privacy-preserving fall detection. Kim et al. [36] proposed FL-PFR, which uses a hybrid of
GAT (Graph Attention Network) and LSTM layers to model spatial-temporal dependencies from CCTV
streams. Their design emphasizes real-world road surveillance and achieves 90.04% F1-score and 89.75%
accuracy using the UP-Fall dataset. Our proposed system, when tested under a similar FL setup, delivers
superior performance with 93.33% precision, 90.91% recall, 90.15% F1-score, and 90.91% accuracy. It also
incorporates a KKT-based optimization module for resource-aware task distribution—a feature absent in
FL-FD and FL-PFR. These findings highlight the competitive advantage of our model in both predictive
accuracy and practical deployment in distributed, privacy-critical environments.

Table 10: Comparison of federated learning-based multimodal fall detection models on the UP-Fall dataset

Article Precision Recall F1-score Accuracy
FL-FD [6] 93.00 87.00 87.00 88.00

FL-PFR [36] 93.14 90.16 90.04 89.75
Proposed (Ours) 93.33 90.91 90.15 90.91

5 Conclusion and Future Research Directions
This research presents a privacy-aware and resource-efficient fall detection framework that combines

multimodal sensor and visual data fusion with federated deep learning. By encoding accelerometer, gyro-
scope, and camera inputs using Gramian Angular Field (GAF), the system captures spatial-temporal patterns
crucial for robust fall classification. A custom CNN architecture is proposed to process the fused input
within a federated learning (FL) setup, ensuring that raw data remains on-device and privacy is preserved.
Additionally, the system incorporates Karush–Kuhn–Tucker (KKT)-based optimization to intelligently
distribute training workloads across edge devices based on computational capacity. Evaluated on the UP-Fall
dataset, the framework achieves a 91% accuracy, outperforming several baseline and competition models.
These results confirm the effectiveness of our integrated approach in delivering accurate, secure, and scalable
fall detection suitable for real-world deployment in elderly care. Moreover, comparative evaluations and
ablation studies validate the robustness and generalizability of our multimodal fusion approach under
federated constraints.

Limitations and Future Research Directions
Despite these achievements, several future research directions can further enhance the system’s real-

world feasibility, accuracy, and deployment scalability. Although the UP-Fall dataset provides a rich
multimodal benchmark, it represents a single controlled environment. In future work, we plan to evaluate
the model’s generalizability using other publicly available datasets such as DR Fall [37] and UR Fall [38],
which capture more realistic or varied deployment settings.

Another limitation of this study is the assumption of an IID data distribution across clients in the feder-
ated learning setup. In real-world deployments, user devices typically contain non-IID data based on activity
type, subject variability, or sensor noise. In future work, we plan to simulate non-IID conditions—such as
subject-wise or activity-wise data partitioning—to evaluate model robustness under realistic heterogeneity
and personalization scenarios. Moreover, our current implementation relies on synchronized sensor-visual
data collected under controlled laboratory conditions. Such a setup may not reflect challenges in real-world
deployment, such as missing data, environmental noise, or asynchronous sensor streams common in home
environments. To address this, future work should explore robustness under partial modality availability,
variable lighting, and layout diversity.
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While our CNN is lightweight and KKT optimization improves task distribution, we acknowledge that
GAF transformations and CNN inference can be demanding for low-power edge devices. Future work will
explore model compression (e.g., quantization, pruning) and offloading GAF preprocessing to edge gateways
to enhance real-world feasibility without compromising privacy. Additionally, investigating fall detection
on encrypted data using Homomorphic Encryption can enhance privacy without compromising model
performance. Recent advancements in secure aggregation and differential privacy combined with secure
multiparty computation (DP+SMC) offer promising avenues for stronger privacy guarantees in federated
learning. Although our current system relies on a standard FL setup without cryptographic overhead, future
extensions could explore integrating these techniques to protect against adversarial inference or collusion
risks. Incorporating secure aggregation via homomorphic encryption or hybrid DP-SMC strategies would
further enhance privacy at the cost of computational complexity, which should be carefully balanced for edge
deployment feasibility.

To strengthen deployment readiness, future efforts should include testing across home environments
with variable lighting, background clutter, and natural occlusions to ensure robust inference in uncon-
strained conditions. In future work, we aim to extend the proposed KKT optimization strategy by integrating
it with dynamic system feedback, including latency monitoring, device dropout handling, and task reallo-
cation in real time. Additionally, we plan to investigate alternative optimization techniques such as Genetic
Algorithms, Reinforcement Learning, and Simulated Annealing to complement or enhance scheduling
robustness under non-convex and dynamic scenarios.

Lastly, future work can extend this research toward proactive fall prevention by leveraging sequential
visual and sensor data to predict imminent falls before they occur. This would enable early warnings and
preventive interventions, advancing the system from detection to prediction. Altogether, these additions
will help validate the model’s performance beyond a single dataset and foster trust in its generalizability
across unseen domains. Addressing these practical limitations will also bridge the gap between laboratory
performance and real-world usability. These advancements will further refine the fall detection framework,
making it more adaptable, secure, and effective in real-world scenarios.
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Appendix A Statistical Testing Procedure
To formally validate the superiority of our proposed model, we conducted paired statistical tests on the

per-class F1-scores of all models. The following steps were applied:

Appendix A1 Data Preparation
For each model M, we extracted the per-class F1-scores across all 11 activity classes (A1 . . . A11) from the

classification reports. This yielded paired samples:

F1Proposed = ( f P
1 , f P

2 , . . . , f P
11 ), F1M = ( f M

1 , f M
2 , . . . , f M

11 ).

Appendix A2 Paired Differences
For each class i, we computed the difference in F1-scores:

di = f P
i − f M

i , i = 1, . . . , 11.

The mean difference is given by

d = 1
n

n
∑
i=1

di ,

where n = 11 is the number of paired samples.

Appendix A3 Paired T-test
The paired t-test statistic is calculated as:

t = d
sd/
√

n
,

where sd is the standard deviation of the differences:

sd =
�
��� 1

n − 1

n
∑
i=1
(di − d)2.

The corresponding two-tailed p-value is obtained from the Student’s t-distribution with n − 1 degrees
of freedom.

Appendix A4 Multiple Comparisons Correction
Since the proposed model was compared against seven baselines, we corrected for multiple hypothesis

testing using:

• Bonferroni correction: pBonf =min(p ×m, 1.0), where m = 7 is the number of tests.
• Benjamini-Hochberg (BH) correction: False discovery rate control was applied by ranking the p-values

and adjusting them as qi =min( pi ⋅m
rank i

, 1.0).
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Appendix A5 Effect Size
We also report Cohen’s dz , which measures the magnitude of the improvement for paired samples:

dz =
t√
n

.

A dz of 0.2 is considered small, 0.5 medium, and >0.8 large. In our case, all effect sizes were large (0.89–
7.60), demonstrating practical as well as statistical superiority.

Appendix A6 Implementation
All computations were implemented in Python using the numpy and scipy.stats libraries,

ensuring reproducibility. Scripts used for significance testing will be shared upon request for academic use.

Appendix A7 Example Calculation (Proposed vs. ResNet18)
As an illustrative example, we detail the paired t-test calculation for the comparison between the

proposed model and ResNet18.
Step 1: Extract per-class F1-scores. From Table 7:

F1Proposed = (0.500, 0.750, 0.667, 1.000, 1.000, 1.000,
1.000, 1.000, 1.000, 1.000, 1.000),

F1ResNet18 = (0.500, 0.857, 0.444, 0.000, 0.000, 0.600,
0.667, 0.000, 1.000, 0.857, 0.500).

Step 2: Compute paired differences.

d = Proposed − ResNet18 =

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

0.000
−0.107
0.223
1.000
1.000
0.400
0.333
1.000
0.000
0.143
0.500

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

Step 3: Mean and standard deviation of differences.

d = 1
11

11
∑
i=1

di = 0.408, sd = 0.420.

Step 4: t-statistic.

t = d
sd/
√

11
= 0.408

0.420/
√

11
= 3.221.
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Step 5: p-value (two-tailed). With n − 1 = 10 degrees of freedom:

pt = 0.00916.

Step 6a: Bonferroni correction (FWER). For m = 7 baseline comparisons:

pBonf
t =min(pt ⋅m, 1.0) = 0.06412.

Step 6b: Benjamini-Hochberg correction (FDR). Assuming the ranked p-values from Table 8,
ResNet18 ranks r = 6 among m = 7 comparisons. Then,

qt =min( pt ⋅m
r

, 1.0) =min(0.00916 ⋅ 7
6

, 1.0) = 0.01069.

Step 7: Effect size.

dz =
t√
n
= 3.221√

11
= 0.971.

Interpretation. The proposed model improves mean per-class F1 by d = 0.408 over ResNet18. This
improvement is statistically significant at the uncorrected level (pt = 0.00916), and remains significant under
BH correction (qt = 0.01069), though not under the stricter Bonferroni adjustment (pBonf

t = 0.06412). The
effect size is large (dz = 0.971), indicating a strong practical improvement.
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