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Abstract

Falls are a major concern for the well-being of elderly and disabled individuals. Timely
detection of falls could play a crucial role in preventing severe consequences of these
accidents. This study proposes a deep learning-based multi-sensor fusion framework
that integrates camera, wearable sensor data as well as other sensors. To allow a uni-
form CNN-based pipeline for both camera and sensor data, the methodology involves
the conversion of 1D sensor data into 2D Recurrence Plot images. In total, four mod-
els that utilize either feature-level or input-level fusion strategies were trained and
evaluated on the publicly available fall dataset. All the models were trained using
a windowing approach with overlapping segments for potential real-world usability.
Two of the models were trained following the multi-task learning approach, meaning
apart from fusion heads, sensor based independent training was employed. Results of
the performed experiments reveal that A2 was a slightly better performing binary and
multiclass classification model, with all the important metrics being above 99%. On
the other hand, models that were implemented using the multi-task learning approach
did not demonstrate a significantly higher resiliency to missing modality scenarios.
This study was able to achieve robustness to missing data without significant perfor-
mance sacrifices. The main aim of this study was to contribute to the development of
sensor-agnostic networks that could also be potentially used in real-time scenarios.
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Title: Chair, Professor
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Chapter 1

Introduction

1.1 Motivation

For the elderly population, falls pose a great threat to their health and independence.
According to the World Health Organization, the annual portion of people aged above
65 who experience falls is roughly 28-35% [20]. The statistics for the elderly aged
above 70 years increase to the range of 32-42% [20]. Every year, there are about
3 million emergency department visits associated with elderly people falling, and
roughly 1 million elderly hospitalizations caused by falls [21]. Moreover, the fact
that falls are the most common cause of traumatic brain injuries (TBI) makes the
timely detection of such accidents vital [22|. Furthermore, the timely detection of
falls is important to prevent situations in which individuals struggle to get up for an
extended amount of time. This prolonged state in which an individual remains on
the ground could result in unpleasant conditions including dehydration, hypothermia,
and could even lead to lethal outcomes [23]. All the above, make the timely detection
of falls of paramount importance.

In recent years, the rapid development of sensor technologies combined with the
advancements in the artificial intelligence (Al) field, allowed the emergence of various
robust Human Activity Recognition (HAR) and fall detection solutions. Different
research studies developed frameworks that utilize machine learning and deep learning

techniques to accurately classify readings from sensors. These sensors are typically
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used to gather data from various modalities, including inertial (e.g., accelerometer,
gyroscope, etc.), audio, and video data. Ome of the most extensively used data
modalities for fall detection and prediction is video data [24]. The reason for such
high rates of usage could be related to the non-intrusive nature of the sensors that
collect video data. In addition, 2D cameras are cost-effective and more prevalent,
especially compared to the 3D cameras that capture depth information.

This study aims to develop a robust deep learning based solution that is capable
of detecting fall events based on multimodal data acquired from video and inertial
sensors. The proposed approach involves several key preprocessing steps to derive
uniform 2-dimensional images from each sensor. The derived images will then be
fused at the input level or, at the feature level, after the feature extraction operation
performed by CNN branches, depending on the network architecture. The approach
will also incorporate a fusion head that will classify the feature vector at the final
step.

First of all, the study proposes several comprehensive deep learning models that
not only use multimodal data for the tasks of fall detection and fall prediction, but

also perform well despite the unavailability of certain data modalities during inference.

Objectives of the Study

e Leverage multimodal data to implement a robust deep learning-based fall de-

tection solution

e Apply feature-level as well as input-level data fusion techniques to combine data

from different sensors for enhanced model performance

e Incorporate modality dropout technique to ensure model resiliency to missing

data modalities

e Compare the developed model(s) with the existing models that used similar

approach

12



The rest of the paper is organized as follows: Section 2 describes the previous work
that has been done in this field, as well as general background information. Section
3 explains the proposed approach in fine detail. Section 4 discusses the results of the

performed experiments and summarizes key takeaways.
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Chapter 2

Related works

HAR and Fall detection tasks have gained increased attention from the research
community over the course of the last decade. Numerous research endeavors were
carried out to produce innovative approaches to solve HAR and fall detection tasks
using different sets of data modalities. Some researches focus on inertial sensor-based
classification leveraging data acquired from sensors like accelerometers and gyroscopes
[3]. Vision-based approaches are also prevalent due to the amount of information that
could be extracted from video/image data [4]. Audio-based [5] and even WiFi-based
[6] HAR were proven to be feasible. It is also a common practice, in the context of
HAR research, to combine multiple data types in order to boost the robustness of the
proposed framework. These frameworks are referred to as "multimodal" approaches
to solve HAR-related tasks.

Classical machine learning-based techniques were extensively employed for HAR
and fall detection tasks. For instance, Yazici et al. (2023) used the Random Forest
algorithm to classify a data stream from inertial sensors (e.g., accelerometer, gyro-
scope, etc.) into "fall" or "no fall" classes, achieving roughly 99% accuracy on the
MHEALTH dataset [7]. Wang et al. (2020) have also utilized Random Forest for
fall detection using dynamic and static features of the human body which were ex-
tracted using a dual-channel sliding window model [8]. Taghvaei et al. (2017) used a
Hidden Markov Model in conjunction with an Autoregressive-Moving-Average model

for the fall detection task [9]. In their comparative study, Zerrouki et al. (2016), ex-
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plored the performance of several widely used machine learning algorithms in terms
of metrics such as average accuracy and Area Under Curve (AUC) values on two
distinct fall detection datasets and identified Support Vector Machine (SVM) to be

the best-performing model [10].

Following their emergence as a breakthrough in the field of AI, Deep Learning
techniques were incorporated to solve tasks from a myriad of domains. The field
of HAR also benefited from Deep Learning methods due to their ability to handle
large and complex data in its raw form, eliminating the need for extensive data pre-
processing steps. In [7], a vanilla Convolutional Neural Network (CNN) was trained
on image frames extracted from the DMLSmartActions dataset to identify falls. Their
proposed network achieved an accuracy of 86.97% on the test set of the aforementioned
dataset. Lu et al. (2018) proposed a 3D CNN-based feature extractor and trained
it on a popular Sports-1M dataset before combining it with the Long Short-Term
Memory (LSTM) model for temporal information [11]. A similar combination of
deep learning models was proposed by Islam et al. (2023), they used a CNN with a
special Convolution Block Attention Module (CBAM) for feature extraction purposes
from the visual data in combination with a Convolutional LSTM to capture temporal
information from multimodal data [12]. In 2020, Ihianle et al. (2020) developed a
framework that consisted of CNN and Bidirectional LSTM networks for multimodal

HAR multiple wearable sensor data [13].

Xie et al. [14] incorporated input-level fusion to perform binary (fall vs no fall)
classification on the UP-FALL dataset [1|. Their pipeline involved the extraction
of 2D skeleton data and the subsequent keypoints fusion. However, their model
is not adapted for potential real-time usage and most importantly does not utilize
multimodal data and relies solely on camera data. In contrast, Cai et al. [15] opted
for combining multiple data modalities such as acceleration and human skeleton via
feature-level fusion to train a GBDT for a fall detection task. Xu et al. [16] and Yang
et al. [17] also applied feature-level fusion to combine manually extracted features
and perform fall detection tasks. And obvious downside of these studies is that the

necessary features have to be selected by an expert. This study [18] employed graph
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convolutional networks alongside a 1D CNN to generate spatiotemporal kinematic
gait features. After that, they applied concatenative feature fusion and trained the
models to detect falls. The limitation here is that it only relies on a single modality
- video. Similarly, [19] only relies on video modality while using decision-level fusion
for fall detection. Pian et al. [2] implements fall detection models via input-level
fusion by stacking multiple sensor modalities as channels after converting 1D signals
into images using Gramian Angular Field method. This study’s main limitation is
related to the model’s usability for potential real-time cases as well as the absence of
resiliency to missing data modalities during inference.

This study proposes several fall detection and classification models that are not
only multimodal but are also potentially applicable for real-time usage, are capable
of classifying with any subset of modalities during inference, and that do utilize
both feature-level and input-level fusion strategies. The key differences between our

proposed approach and other previous papers are summarized in Table 2.1

Table 2.1: Comparison of Related Works

Study Multimodal Real-Time Fusion Type Robustness to Missing Sensors
[14] X X Input Level X
[15] v v Only Feature Level X
[16] 4 v Ounly Feature Level X
[17] X v Only Feature Level X
[18] X v Only Feature Level X
[19] X X Only Decision Level X
[4] v X Input Level X
Our Study v v Input + Feature Level v
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Chapter 3

Methodology

3.1 Dataset

This study uses a publicly available dataset called UP-FALL [1]. The dataset includes
readings from multiple data modalities and is designed for fall detection/classification
and HAR tasks. The dataset collection process involved recording 17 subjects per-
forming 11 activities in 3 trials on multiple wearable and environmental sensors.

The data modalities present in the dataset belong to three main categories: vision-
based, wearable-inertial, and environmental data. Infrared sensors and 2D cameras
make up the vision-based sensors, while the wearable-inertial data was collected using
accelerometers, gyroscopes and luminosity sensors. The latter group of sensors was
attached to the subjects’ ankles, belts, necks, right pockets, and wrists. Additionally,
EEG sensors were worn by the subjects for brain activity data while performing the
activities. The detailed figure with the sensor configuration and experimental setup
can be seen in Figure 3-1

With regards to the activities, there are 5 types of falls, such as "Falling forwards
using hands", "Falling forwards using knees", etc. The remaining 6 activities are
different Activities of Daily Living (ADLs) such as "Walking", "Standing", etc. The
full list of activities and their duration in seconds can be seen in Table 3.1.

The data belonging to subjects number 5 and 9 were excluded from the dataset

due to corrupt and missing data. Furthermore, the dataset was partitioned into
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Figure 3-1: Dataset collection setup

train, test, and validation subsets according to the following strategy: trial 3 data
of all the subjects was only used for inference to assess how the models will perform
on completely unseen data. The data from trials 1 and 2 were used for training
and validation, with validation consisting of 2 random subjects’ data, while training
included the trial 1 and 2 data of the remaining subjects.

Additionally, the best performing models were further tested following the leave-
one-subject-out (LOSO) strategy, in which all the trial data available for N-1 subjects
is used for training, and all the trials of the remaining 1 subject are used purely for
testing. The process is performed iteratively while isolating every single subject
for testing, and the average of performance metrics was recorded to analyze the

performance of the models on completely unseen individuals.

3.2 Data Preprocessing

3.2.1 Video Data Preprocessing

Originally, the dataset stores video data as a sequence of frames taken at an 18Hz

frame rate. For the benefits related to storage and computational cost reductions, as
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Table 3.1: List of Activities in the UP-FALL Dataset
Activity No. | Activity Name Duration (s)
1 Falling forward using hands 10
2 Falling forward using knees 10
3 Falling backward 10
4 Falling sideways 10
D 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 Lying Down 60

well as motion information capturing, the "Summed Difference Image" technique was
employed. The selected approach involves the calculation of the absolute difference
between consecutive frames. As a next step, the addition of the differences is per-
formed over a specified window (for this study, 10s windows were chosen). The given
preprocessing technique helps to focus on motion patterns across the frames while
effectively eliminating any noise and static parts of the video.

For every sliding window of 10 seconds or 180 frames, the Summed Difference
Image is calculated as:

N-1

SDI = |Iiy1 — 1|

i=1

where I; is the normalized video frame at index 7, and IV is the total number of
frames in a given window.

The image normalization is performed using the min-max technique:

Lnorm = % x 255

As a final step, the obtained images are rescaled to 128x128, which helps keep the
computational complexity low, compared to some of the previous research papers [2]
which opted for higher resolution options. This step is performed using the OpenCV

library, which provides comprehensive downscaling options that ensure key detail
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preservation.

An example image (prior to downscaling) as a result of this preprocessing pipeline

could be seen in Figure 3-2

Figure 3-2: Example of a summed difference image computed over a 10-second win-
dow.

3.2.2 Sensor Data Preprocessing

The raw data collected from the Inertial Measurement Units (IMUs), infrared sensors,
and a brain sensor also underwent certain preprocessing steps. First of all, the 1-
dimensional signal magnitudes were transformed into 2-dimensional Recurrence Plot

(RP) images, which allows time-series data to be suitable for CNNs.

The Recurrence Plots technique is crucial for capturing the self-similarity of the
time-series data along the time axis and most importantly, it highlights important

dynamical structures of the data.

22



It could be defined with the given formula:

1, if HIZ — .CL’]” <e€
Ri,j —

0, otherwise

where z(t) is a time-series data and ¢ is a threshold.

The RP image generation was done with the help of the pyts library. Further-
more, the same normalization, resolution, and windowing techniques as in video data
preparation were used for the sensor data preparation. An example image (prior to

downscaling) as a result of this preprocessing pipeline could be seen in Figure 3-3

Figure 3-3: Example of a recurrence plot generated from accelerometer data.

3.3 Proposed Multi-Sensor Model Architectures

This study proposes multiple robust CNN-based architectures that utilize data from
all the available modalities of the dataset to perform fall detection as well as classifica-
tion tasks. These architectures consume 2D images (Summed Difference Images and
Recurrence Plot images) since such consistency of input shapes across the modalities

greatly facilitates feature fusion for both feature-level and input-level fusion strate-
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gies. In other words, instead of multiple 1D and 2D networks, it allows the utilization

of a single CNN infrastructure and treating different modalities as simply different

CNN branches.

3.3.1 Overview of Approaches

This study proposes 4 architectures in total, which can be divided into 2 approaches:
(A) Single fused head and (B) multi-task heads. For each of the aforementioned
approaches, 2 different architectures were created: (1) a branch per sub-sensor and

(2) a location-based multi-channel branch.

Approach A: Single Fused Head

In this approach, feature-level fusion via concatenation is applied to the features
extracted by each of the CNN branches before being fed to a classification head.
During training, a single loss function is used for the entire network: cross-entropy
loss for binary classification tasks (A1l and A2), and focal loss with class weights for
multiclass classification tasks (Al and A2).

The diagram of the "One Branch per Sub-Sensor" network implemented using Ap-
proach A could be seen in Figure 3-4. In essence, there is a dedicated separate branch
for every single modality, which allows fully independent sensor representations and
easier handling of the missing data modalities during inference.

The diagram of the "Location-Based Channel Stacking" network implemented
using Approach A can be seen in Figure 3-5. In this network, both input-level and
feature-level fusion techniques are being used. Instead of dedicating a separate CNN
branch for every single data modality, sensors that are attached to the same body part
of the subject are fused via channel stacking and fed to the shared CNN branch. For
instance, there is only a single branch reserved for the "Ankle" sensors, and it receives
3-channel input, which is composed of: AnkleAcceleration, AnkleAngularVelocity,
and AnkleLuminosity images stacked together as 3 different channels. Lastly, feature

concatenation is performed at the final fused head. As a result, the network has fewer
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total branches and is lighter, while sacrificing the level of robustness of the previous

network.

Approach B: Multi-Task (Multi-Output)

In comparison to Approach A, in this multi-task approach, apart from the fused head,
each CNN branch has a classification head of its own. All these classification heads
of the networks that were implemented using this approach were optimized using the

following loss function:

Total Loss = § Wsingle * Lbranch + Wrused * qused

branch

where Lpanch is the loss (cross entropy or focal) associated with each individual
branch of the network while Lg.q is the loss that belongs to the final classification
head. The remaining 2 variables, wsingle and wyseq Tepresent the weights attached to
the individual branches and the fused head, respectively. This allows the model to
control the impacts of separate modality branches and the fused head on the final

prediction.
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I Task |
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Figure 3-6: Approach B: Multi-Task Model with Separate Branches for Each Sub-
Sensor
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Fusion)

Separate classification heads allow each branch to classify on its own, thereby
allowing the network to be more robust to missing data modalities

Similar to Approach A, "One Branch per Sub-Sensor" and "Location-Based Chan-
nel Stacking" networks were implemented for Approach B. The respective network
architecture diagrams can be seen in Figures 3-6 and Figure 3-7. "One Branch per
Sub-Sensor" network of this approach was trained so that any sensor modality alone
could still produce an output. "Location-Based Channel Stacking" network is lighter

but still robust in cases where certain locations are entirely missing.

Missing Modality Robustness

In order to make the models robust to any subset of missing modalities, the modality
dropout technique was used during training. In other words, during training, to
ensure that the model can classify with partial data, certain sensors were artificially
cut, and zero images were fed in their stead. In addition, Approach B ensures that

each branch is self-sufficient and can classify on its own.
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3.3.2 Training and Testing Phases

All the models underwent the hyperparameter tuning phase in which parameters such
as learning rate, dropout probability, the weighting factor for single-sensor vs. fused
losses (Wsingle VS. Weused) , Number of epochs, etc., were tuned based on the model’s
performance on the validation set. The most optimal configurations were assessed
based on validation accuracy.

The models are then retrained with the most optimal hyperparameter configura-
tions on the training + validation sets before being evaluated on a newly seen test set
to measure generalization. Models were assessed on both binary and multiclass clas-
sification tasks. Moreover, tests were performed to assess model performance when
a certain subset of sensors is missing. In addition, LOSO experiments were carried
out for the best-performing models to further assess the models’ generalizability to
unseen subjects. Lastly, the models were also evaluated in terms of their weights and
potential applicability for real-time settings.

This consistent 2D pipeline allows handling of all the data modalities uniformly
with the same CNN networks, thereby removing the necessity for trying to connect
separate 1D networks or classical ML models with 2D CNN, which are essential for

video data processing.
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Chapter 4

Results

In this section, the results of the experiments and each proposed model’s perfor-
mance metrics will be analyzed in terms of both binary classification and multiclass
classification tasks. The performance metrics that were used include accuracy, recall,
precision, and Fl-scores. Additionally, models were tested for their robustness to
missing data modalities/sensors during inference time.

All the proposed models were implemented using the PyTorch library and were
trained on Google Colab’s NVIDIA Tesla K80 with 12GB of VRAM (Video Random-
Access Memory). As was described in the Methodology, trial 3 data in its entirety
was used for testing, while the split between training and validation sets was based

on subjects.

4.0.1 Baseline Results

To justify multimodal fusion and assess its benefits in terms of performance metrics,
it is necessary to get a reference point and obtain baseline metrics. It has been done
by first getting both binary and multiclass classification results using only the video
data. Then, the results for the same classification tasks have been obtained using
only the time-series sensors. To obtain the results, separate CNN networks were
trained and tuned based on the hyperparameter tuning approach described in the

methodology section.
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Binary Classification Baselines

The Table 4.1 summarizes the most important metrics for the binary classification
task using camera-only and time-series only data. It can be seen that the recall is
the metric that has the lowest value for both modality groups, which indicates the

models missed some fall events, which in turn is quite concerning.

Table 4.1: Binary Classification Baseline Results

Modality Accuracy Precision Recall Fl-score
Camera-only 0.9397 0.9667 0.8067 0.8629
Time-series only 0.9543 0.9458 0.8751 0.9058

Multiclass Classification Baselines

Baselines for the 11-class classification task are shown in Table 4.2. It is evident
from the table that the camera-only baseline model outperformed its time-series-
only counterpart across all the metrics by a noticeable margin. It could be due to
better spatial queues present in the visual data that made the difference by allowing
the model to better differentiate between different kinds of falls. Nevertheless, the
results are not the greatest and therefore motivate the usage of multimodal data in a

complementary way.

Table 4.2: Multiclass Classification Baseline Results

Modality Accuracy Precision Recall Fl-score
Camera-only 0.7692 0.7140 0.7692 0.7313
Time-series only 0.6237 0.6075 0.6237 0.6071

4.0.2 Binary Classification Results (Fall vs. No-Fall)

The performance of each proposed model on the binary classification task is summa-
rized in Table 4.3.
Overall, the results were solid across different models with all the key metrics

above 99%. In terms of the Fl-score, the A2 (location-based fused head) model came
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Table 4.3: Binary Classification Results of Proposed Models

Model Accuracy Precision Recall F1l-score
A1 (Sub-sensor) 0.9959 0.9870 0.9975 0.9922
A2 (Location-based) 0.9958 0.9959 0.9958 0.9959
B1 (Sub-sensor Multi-task) 0.9958 0.9921 0.9921  0.9921
B2 (Location-based Multi-task)  0.9938 0.9856 0.9909  0.9882
SOTA |2 0.9986 0.9984 0.9986 0.9985

the closest to the state-of-the-art score. Both of the multi-task models (B1 and B2)
were inferior to the Approach A models in terms of F'1 by a slight amount. This could
indicate a slight advantage of fused classification when it comes to producing a bit
more optimal global representations for this particular task. It is also worth noting
that the recall scores, which are crucial for real-world scenarios, were 99%-+ for all

the models, which in turn indicates the low count of false negatives and a low number

of potentially missed fall events.

The confusion matrix of the best-performing model (A2) is depicted in Figure

4-1.

Confusion Matrix (Test Set)

No Fall

True Label

Fall 0 75

: :
& &
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r200
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Figure 4-1: Confusion matrix for binary classification using Approach A.2.

The training loss plot over 10 epochs for the best-performing model (A2) is de-

picted in Figure 4-2

The detailed classification report of the A2 model can be seen in Table 4.4
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Figure 4-2: Training loss curve for A2 model over 10 epochs

Table 4.4: Detailed classification report of the A2 model (Location-based, Binary
Classification).

Class Precision Recall F1l-score

No Fall 0.99 0.99 0.99
Fall 0.97 0.99 0.98

The models were also tested for their robustness to missing data during inference.
Generally, the trends and performance metrics were similar for all the models. A

table summarizing the results of the A2 model can be seen in Table 4.5.

The first key observation that could be made is that the camera is the most crucial
sensor for decision making of the models, as the removal of this sensor resulted in
roughly a 3% drop in key metrics. Also, the multi-task models (B1 and B2) did
not demonstrate significantly better robustness in comparison to the single fused
head models (Al and A2). The models did not experience significant performance
degradation when certain inertial sensors were not available. For comparison, the
performance of the B2 model with different missing modalities can be seen in Table

4.5

32



Table 4.5: Performance of A2 model (Location-based, Binary) under different missing
modalities.

Missing Modality Accuracy F1l-score

None (Full Data) 0.996 0.992
Camera 0.971 0.948
Ankle 0.995 0.992
Belt 0.994 0.983
Neck 0.996 0.992
Right Pocket 0.994 0.991
Wrist 0.995 0.994
Brain Sensor 0.996 0.992
Infrared 0.994 0.993

Table 4.6: Performance of B2 Model (Location-based Multi-task, Binary) under dif-
ferent missing modalities.

Missing Modality Accuracy F1l-score

None (Full Data) 0.994 0.988
Camera 0.980 0.976
Ankle 0.993 0.986
Belt 0.993 0.983
Neck 0.992 0.985
Right Pocket 0.993 0.986
Wrist 0.992 0.984
Brain Sensor 0.994 0.988
Infrared 0.994 0.988

4.0.3 Multi-Class Activity Classification Results

The performances of different models in a multiclass classification task are summa-
rized in Table 4.7

It can be seen that the accuracy for the given task is generally lower than in the
binary classification task. The key takeaways include the fact that the A2 (Location-
based) model did the best among the proposed models, with an accuracy of 87.5%
and an Fl-score of 87.4%. As with the binary case, the Al model is slightly be-
hind the A2 model in terms of key metrics, potentially showing the slight benefit of
incorporating input-level fusion. Similarly, B1 and B2 models demonstrated lesser

numbers, indicating the possible adverse impact of the multi-task approach due to
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Table 4.7: Multiclass classification performance comparison across all models.

Model Accuracy Precision Recall F1l-score
A1l (Sub-sensor) 0.861 0.878 0.861 0.858
A2 (Location-based) 0.875 0.875 0.875 0.874
B1 (Sub-sensor Multi-task) 0.832 0.835 0.832 0.830
B2 (Location-based Multi-task) 0.863 0.865 0.863 0.861
SOTA |[2] 0.898 0.901 0.898 0.897

increased complexity and diluted learning signal.
Also, it is evident from the Figures 4.8 and 4-3 that the models showed a struggle

to correctly differentiate between different types of falls (classes 1-5)

Table 4.8: Per-class precision, recall, and F1-score of the A2 (Location-based) model
on the multiclass classification task.

Class Precision Recall F1-score

Activityl 0.722 0.867 0.788
Activity2 0.636 0.467 0.539
Activity3 0.667 0.533 0.593
Activity4 0.625 0.667 0.645
Activityh 0.722 0.867 0.788
Activity6 1.000 1.000 1.000
Activity7 0.861 0.841 0.851
Activity8 0.830 0.886 0.857
Activity9 0.938 1.000 0.968
Activity10 0.957 1.000 0.978
Activityll 0.933 0.854 0.892

The training loss curve for the best-performing multiclass model can be seen in
Figure 4-4

For the multiclass models, the variance in performance metrics was similar when
missing certain subsets of modalities. The Table 4.9 shows the performance of the
A2 model while missing some modalities. The most notable conclusion from the
experiments is that the models hugely depend on visual data to make adequate 11-
class classification. When the camera data is unavailable during inference, the metrics
drop by about 30% which signifies the critical role of the camera data. Also, when
removing modalities like Ankle, Belt, or Right Pocket, there is a slight degradation

34



Confusion Matrix (Test Set)

Activiyy{ 13 1 1 0o o 0o 0 0 0 0 0
80
Activiyz{ 4 7 1 3 0o o0 0 0 0 0 0

. 70
Activigs{ 1 1 8 2 3 0 0o 0 0 0 0

Activitya{ © 2 1 10 2 0o 0 0 0 0 0 60

Activiys{ © © 1 1 13 0 0o 0 0 0 0 .

o
o
] _—
; Activity6 0 0 0 0 0 0 0 0
£ - 40
Activity7{ © 0 0 0 o0 o 1 1
- 30
Activitys{ © 0 0 0 0 0o o0 4
Activity9 0 0 0 0 0 0 0 0 =) 0 0 20
Activity10 0 0 0 0 0 0 0 0 0 0
r 10
Activiy1n{ © 0 0 0o 0 0o 6 4 1 1
T T T T T T T T T T —0
\d v < - & o 4 & & o S
SR Al AN N SR NN Co M NN S A

)

Ry oot o8 Ry oot o8 Ry oot D
SE & E e S

Predicted Label

Figure 4-3: Confusion matrix for multi-class classification using Approach A.2.

in accuracy by about 1-2% which is tolerable. Removing more time-series modalities
leads to a maximum of about 5% drop.

The multi-task models (B1 and B2) did not provide an outstanding advantage
in terms of robustness for the multiclass classification, and the performance drops
when missing certain modalities were similar to that of the A1l and A2 models. The

summary of the robustness test results for the B2 model can be seen in Table 4.10

4.0.4 Leave-One-Subject-Out results

As discussed before, to further evaluate the generalizability, the best-performing
model for both binary and multiclass tasks was re-assessed using the LOSO strat-
egy. The A2 model was trained on all the trials of the N-1 subjects and evaluated
on the remaining subject’s trial data. Each subject was isolated iteratively, and the
results were averaged to get balanced results. The Table 4.11 depicts the averaged
key metrics obtained from this experiment. The results for both the binary and mul-

ticlass tasks bear a striking resemblance to the results that were obtained using the
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Figure 4-4: Training loss curve for A2 model over 30 epochs

Table 4.9: Performance of A2 (Location-based) model under different missing modal-
ity scenarios for the multiclass task.

Missing Modality Accuracy F1l-score
None (Full Data) 0.875 0.874
Camera 0.578 0.572
Ankle 0.868 0.827
Belt 0.869 0.867
Neck 0.875 0.874
Right Pocket 0.863 0.860
Wrist 0.875 0.867
Brain Sensor 0.875 0.874
Belt, RightPocket, Infrared 0.842 0.838
Camera, Wrist, Brain 0.516 0.480

trial split strategy. This confirms that the proposed models are perfectly capable of

generalizing to completely unseen subjects while not compromising performance.

4.0.5 Model Complexity and Weight analysis

In terms of the models’ complexity or weight, our best-performing model A2 has a
total of around 2.75 million parameters. Consequently, it is estimated to be around
11 MB in terms of weight, which makes it suitable for edge deployment, especially if

it is further pruned or quantized.
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Table 4.10: Performance of B2 model under different missing modality scenarios for
the multiclass task.

Missing Modality Accuracy Fl-score
None (Full Data) 0.863 0.861
Camera 0.541 0.521
Ankle 0.861 0.859
Belt 0.862 0.858
Neck 0.858 0.852
Right Pocket 0.859 0.858
Wrist 0.860 0.859
Brain Sensor 0.861 0.860
Belt, RightPocket, Infrared 0.840 0.836
Camera, Wrist, Brain 0.502 0.410

Table 4.11: Performance of A2 (Location-based) model on Binary and Multiclass
Classification Tasks

Task Accuracy Precision Recall F1l-score
Binary 0.992 0.991 0.994 0.992
Multiclass 0.861 0.868 0.861 0.867

Table 4.12: Comparison of Model Complexity, Performance, and Robustness

Model Binary F1 (%) | #Params | Size (MB) | Edge Suitability | Real-time Applicable | Robust to Missing Modalities
Ours (A2) 99.6 ~2.75M ~11 Good Yes Yes
CNN (SOTA, 2023)[2] 99.8 ~1.5M ~6 Good No No
Uniformer (2024)[25] 94.1 ~20M ~80 Limited Yes No

The previous study [2| that was the first to apply input level fusion to a fall de-
tection task using Gramian Angular Fields, achieved a slightly higher accuracy for
the binary classification problem (99.86% vs 99.58%). With regards to the multiclass
classification problem, their best accuracy result was around 89.8% which is close to
our best result of 87.5%. However, our models offer potential real-world usability
due to our implementation approach and relatively low number of parameters. Addi-
tionally, compared to the previous study [2], our models are resilient to missing data

modalities and could operate with a different subset of available modalities in general.
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Chapter 5

Conclusion

This study proposed a deep learning implementation of a multi-sensor fusion ap-
proach that is capable of fall detection and classification. The methodology involved
preprocessing of raw 1-dimensional sensor readings into 2-dimensional images using
Recurrence Plots. This allowed easier fusion with the camera data, which in turn was
converted into Summed Difference images. Furthermore, four separate networks were
implemented, 2 of which used single fused classification heads while the remaining 2
models employed multi-task classification approach. The models used both feature
level fusion and input level fusion, which have not been widely used for fall detection
tasks by previous research. Results showed that the performance metrics of our mod-
els were close to matching the results of the state-of-the-art models. This was shown
by both split-based and leave-one-subject-out testing strategies. The best-performing
model was also compared to the latest research results in terms of its applicability to
real-world tasks on an edge device. The A2 model showed that its relatively smaller
size, combined with its implementation approach, robustness to missing data modali-
ties during inference, and competitive classification results, allows it to be potentially
used in a real setting. Future work could involve further optimization of the models
to an edge device with limited computing resources, by applying model optimization

strategies as quantization and pruning.
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