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Abstract—This paper presents a comparative study on fall
detection in older adults using four pre-trained convolutional neural
network models (VGG16, VGG19, ResNet50V2 and ResNet101V2),
and Vision Transformer for Image Classification (ViT) model. Falls
among older adults remain one of the leading cause of injury and
reduced quality of life, and real-time detection systems can allow
timely intervention to minimize harm. The proposed models are
evaluated on a publicly available dataset composed of RGB images
categorized into falls and non-falls. Each image is pre-processed
through cropping, resizing to 128x128 and 224x224 pixels for
CNN-based and ViT models, respectively, and Min-Max normal-
ization. Transfer learning is applied to fine-tune the models using
ImageNet-initialized weights, modifying the final layers to address
the binary classification task. Models are trained and tested under
consistent conditions, and performance is evaluated using accuracy,
precision, recall, and F1 score metrics, supported by confusion
matrices and ROC curves. Among the models, ViT model achieves
the highest classification accuracy (98%) and demonstrates a strong
balance across performance metrics, particularly in detecting actual
falls cases, which is critical in healthcare applications. This study
confirms the effectiveness of ViT models for fall detection from
single-camera input without the need for wearable sensors.

Keywords—fall detection, convolutional neural network, older
adults, vision transformer, attention modules.

I. INTRODUCTION

The increasing proportion of older adults in the global
population poses significant challenges to healthcare systems,
particularly with regard to safety, mobility, and autonomy.
Among these, falls represent one of the leading causes of
injury, disability, and mortality in this demographic. According
to the Centers for Disease Control and Prevention (CDC), more
than one in four older adults falls each year, and one in five
falls cause serious injury such as broken bones or head trauma.
Beyond physical consequences, falls also impose substantial
psychological impacts, including fear of falling again, which
can lead to decreased mobility, isolation, and deterioration in
quality of life [1].

Fall detection systems, especially those that use artificial
intelligence (AI), have emerged as key tools in both clinical
and home settings. These systems are designed to identify fall
events in real-time, enabling rapid response and intervention,
which is crucial to reducing morbidity and mortality. Accord-
ing to [2], [3], traditional fall detection methods often rely
on wearable sensors such as accelerometers and gyroscopes.
However, these solutions are limited by user compliance and

false alarm rates, which motivates the shift to vision-based and
ambient approaches.

A growing body of research has explored machine learning
(ML) and Al-driven models for falling detection. Early studies
focused on threshold-based systems and classical ML classi-
fiers, including support vector machines (SVM), decision trees,
k-nearest neighbors (KNN), and artificial neural networks
(ANN) [4], [5]. These methods achieved moderate success
when applied to static and structured datasets but often failed to
generalize in dynamic real-world conditions. To address these
limitations, the authors in [6] have turned to deep learning
architectures, such as convolutional neural networks (CNNs),
which can learn spatio-temporal patterns directly from raw
sensor data. In [7], the authors have also proposed hybrid
systems that integrate edge Al and cloud computing, allowing
real-time inference while preserving privacy and minimizing
latency. The authors in [3] have proposed a mobile Internet of
Things (IoT) approach with ML support for hybrid cloud-edge
systems, demonstrating improved responsiveness and scalabil-
ity. The authors in [8] have proposed a similar approach, which
uses edge Al in a low-power embedded device for efficient
fall detection using Al-based feature extraction. During recent
years, different studies have been proposed to explore falls in
older adults. The authors in [9] have proposed an analysis
of scientific evidence of Al applications in the analysis of
data related to postural control and risk of falls. The results
identified certain risk factors that can cause a fall such as age,
sex, stride length, and posture [10]-[13].

Recent developments incorporate Human Pose Estimation
(HPE) as a method for inferring body kinematics and transi-
tions, which mapping skeletal landmarks, these systems can
better differentiate between fall events and benign movements
such as sitting or lying down. However, the fusion of pose-
based features with sequence-aware ML models such as LSTM
[14], GRU [15], or transformers [16] remains underexplored.
The authors in [17] have proposed the use of a smart gait
analyzer with the help of deep learning techniques to assess the
diagnostic accuracy of the risk of falling through vision. For
this, the gait parameters of each participant are extracted using
a computer vision algorithm such as AlphaPose. AlphaPose
algorithm [18] is used by them to recognize human pose as
a first step. This algorithm applies a symmetric spatial trans-
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Fig. 1. Set of images that are used for training and testing process of proposed approach. (a) Images corresponding to non-falls. (b) Images corresponding to

falls.

former network to extract accurate single-person region and
employs parametric pose non-maximum suppression to reduce
redundant detection. As a second step, three classical machine
learning models, Naive Bayes [19], Logistic Regression [20],
and Support Vector Machine [21] algorithms, were used to
train binary classifiers to detect abnormal walking patterns.
The Naive Bayes classifier achieved the best performance
with a full data accuracy of 90.14%. In [22], the authors
have proposed the use of a multi-depth camera human motion
tracking system for fall risk assessment. The proposed model
captured patients performing the well-known and validated
Berg Balance Scale (BBS). The trained model was able to
predict the patient’s 14 BBS scores by extracting spatio-
temporal features from the captured human motion record.
The results obtained showed that the accuracy of the fall risk
assessment was 97%.

In the current work, the use of pre-trained models, such
as VGG, ResNet and ViT, are considered. These algorithms
are able to detect objects into images, including persons into
of a scene. These models only use images as input, which
are captured from an one-view approach, i.e., images captured
using only one camera. No sensors or additional devices will
be used. This research has the following contributions:

e Use different Convolutional Neural Networks and ViT
models to evaluate the problem of falls in older adults.

o Compare the experimental results of the proposed models
in different scenarios, including different occlusions in the
scene, to determine their performance.

The remainder of the paper is organized as follows. In
Section II, the material and methods used in this article are
presented, including dataset, proposed model, and the metrics
used in this study. The experimental results are reported in
Section III, the discussion of the results obtained is presented
in Section IV. Finally, conclusions are given in Section V

II. MATERIAL AND METHODS
A. Dataset Collection

The fall detection dataset was proposed by [23], and it is
currently one of the publicly available fall detection bench-
marks. This dataset contains different human activities such as
walking, sitting, standing and falling. The dataset consists of
around 485 RGB images of people, which are classified into
two categories such as falls and non-falls (see Fig. 1), each
category has 258 and 227 RGB images, respectively.

B. Images Pre-processing

As pre-processing dataset, the images were cropped and
resized to 128x 128 pixels for the training process of CNN-
Based deep learning, and 224x224 pixels for ViT model.
Likewise, the Min-Max normalization [24] was computed in
each image as part of the normalization of the images. The pre-
processing of images used during the training process was also
used during the evaluation process. According to the obtained
images, they were divided into two parts, 374 images for the
training process and 111 images for the evaluation process.

C. Methods

To perform the fall detection in older adults, two architec-
tures were proposed with the goal of detecting a possible fall
in the area detected by the camera. The image dataset contains
three channels (RGB). The architectures are described below.

1) VGGI16 model: 1t is a convolutional neural network
architecture proposed by [25] (see Fig. 2). It consists of 13
convolutional layers followed by 3 fully connected layers.
The architecture uses small convolutional filters (3x3 kernel
size) and max-pooling layers (2x2) to progressively reduce
the spatial dimensions. The network uses ReLU as the ac-
tivation function for non-linearity and a softmax classifier
[26] at the output layer for final prediction. The feature
maps generated by the convolutional blocks were flattened
and passed through dense layers to perform classification.
In this approach proposed, a pre-trained VGG16 model is
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Fig. 2. VGG base architecture for classification problems.
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fine-tuned for the task of falls or non-falls classification in
older adults. For this, the final layer was modified to estimate
the class membership likelihood (falls, non falls), considering
softwax as the activation function [27]. The weights of the
convolutional layers are initialized from the ImageNet dataset
to leverage learned feature representations while minimizing
overfitting.

2) VGG19 model: It consists of 16 convolutional layers and
3 fully connected layers, totaling 19 weight layers. Similar to
the VGG16 model [25] (see Fig. 2), it uses small convolutional
filters of size 3x3, and uses max-pooling layers (2x2) to
reduce spatial resolution. ReLu activation is used after each
convolutional layer to introduce non-linearity. This architecture
is initialized with pre-trained weights from the ImageNet
dataset, and allows learning highly abstract features, making
it effective for transfer learning tasks. Considering previously
mentioned, the final layers of the model are modified to tackle
the falls and non-falls classification problem in older adults.

3) ResNet50V2 model: 1t is a neural network based on the
ResNet50 architecture proposed by [28] (see Fig. 4), which
introduces modifications that improve gradient flow during
training. The model comprises 50 layers organized into a series

of residual blocks, where each block contains identity shortcuts
to bypass one or more layers. The residual connections are
modified to use pre-activation, where batch normalization and
ReLU are applied before the convolutional layers, enhancing
training stability and improving accuracy. The model uses a
global average pooling layer followed by a fully connected
layer and softmax activation for classification. A pre-trained
ResNet50V2 model is used to tackle the problem of falls in
older adults since allows extracting high-level features with
reduced risk of vanishing gradients. However, the final layers
of the model are modified to solve the new classification
problem.

4) ResNetl01V2 model: 1t is a deep convolutional neural
network architecture with the depth to 101 layers, which is
an extension of the ResNetV2 family (see Fig. 4), enhanc-
ing its capacity to learn complex feature hierarchies. Like
ResNet50V2 [28], it employs a pre-activation residual struc-
ture, where batch normalization and ReLU activation precede
the convolutional operations within each residual block. In
order to help maintain gradient flow and enable the training of
very deep networks without performance degradation, multiple
bottleneck layers and identity shortcut connections are consid-
ered. A pre-trained ResNet101V2 model is used to solve the
problem of falls in older adults; therefore, the final layers are
modified to tackle this problem.

5) ViT for Image classification model: It is a vision
transformer-based architecture designed for image recognition
tasks (see Fig. 3), which processes image data by dividing
each input image into a sequence of fixed-size patches. Each
patch is linearly embedded and combined with positional
embeddings to retain spatial information. These embedded
patches are then fed into a transformer encoder composed of
multiple layers of multi-head self-attention and feed-forward
networks, being able to capture global dependencies across
the image efficiently. A classification token is appended to the
patch sequence, and its output embedding is passed through a
multilayer perceptron (MLP) head with a softmax activation
for final classification. It is initialized with pre-trained weights
from ImageNet and fine-tuned to classify images into fall
and non-fall categories, improving feature representation and
generalization performance.
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Fig. 4. ResNet base architecture for classification problems.

D. Metrics

In order to measure the performance of the used archi-
tectures, a set of metrics such as accuracy, precision, re-
call/sensitivity and F1 score are considered, including a con-
fusion matrix and ROC curve. These metrics are used in
classification problems. The values near to one indicate a
higher accuracy. These metrics are formulated as follows:

accuracy = ITN+TP (D)
Y“TP+TN+FP+FN
TP
precision = TP—&—iFP 2)
L TP
recall(or)sensitivity = TP+ FN 3)
FlScore — 2 x precision X recall @

precision + recall

where TP (true positive), TN (true negative), FP (false posi-
tive), FN (false negative).

III. EXPERIMENTAL RESULTS

As mentioned above, these models are used to solve the
problem of falls in older adults. Four models are based on CNN
(VGG and ResNet), and one of them is based on ViT, which
are modified to tackle the new classification task. Keras (CNN-
based models) and Pytorch (ViT model) library in python are
used to implement these models. It has been trained using a 2.9
Ghz. Ryzen 7 with 16GB of memory and GeForce RTX 3050
GPU. The details of the experimental results of each proposed
model, are presented in this section. The dataset considered
for the training process of each model mentioned above was
presented in Section II-A, which is divided into two stages
(fall or non-fall), each stage had 208 and 166 RGB images.
The images pre-processing were presented in Section II-B. The
images were resized to 128 x 128 pixels for CNN models, and
to 224x224 for ViT model, and then normalized considering
Min-Max normalization [24]. For the training process, a set
of 374 RGB images was used to feed the proposed models,
which were trained until 50 epochs. In the evaluation a set of
111 RGB images was considered.

To protect pre-trained features during initial training on a
new small dataset, transfer learning is used, which involves
freezing all the weights of the base model, and leaving the

final layers for new knowledge. Two layers with a width of
1000 and 256 output neurons, respectively, were used as the
final layers of the CNN-based models proposed in this study,
including dropout, which helps prevent overfitting during the
training process. ReLu activation function was used in each
layer mentioned above. Softmax activation is used by all
models (CNN and ViT models) for the classification task.
Likewise, Categorical CrossEntropy loss function [30] and
Adam optimizer [31] are considered to train the different
models. Additionally, the learning rate is set to 0.001.

The experimental results obtained with the proposed models
are presented in Table I. The models were trained using differ-
ent parameter settings. The results of proposed models were
compared between them using the metric mentioned in Section
II-D. The results of the proposed models were compared
between them using metrics mentioned in Section II-D, being
the results of ViT model better than the results obtained by
other proposed models. Figure 5 shows the confusion matrix
of the proposed models to tackle the problem of falls in older
adults, considering the metrics mentioned previously. The ROC
curves were used to compare the true-positive rate and the
false-positive rate of falls and non-falls of older adults for
each proposed model (see Fig 5).

IV. DISCUSSION

As mentioned previously, the obtained results for each
proposed models (VGG, ResNet and ViT models) are shown
in Table I. The results of ViT model show better performance
in metrics such as accuracy, precision, recall and Fl-score, if
they are compared with other proposed models. Considering
the context of the problem, the Recall metric could be decisive
for the problem addressed in this study, specifically in falls
cases of older adults. The number of parameters of proposed
models (VGG16, VGG19, ResNet50V2, ResNet101V2 and
ViT models), which allow the evaluation of the computational
cost, were of 23M, 28M, 56M, 75M and 85M parameters,
respectively. For the design of proposed CNN-based models,
each set of convolution blocks, max-pooling, skip-connections,
back-normalization, among others, have allowed extracting
high-level features to detect falls in older adults. For the case
of ViT model, the use of attention modules and positional
embeddings to retain spatial information, has also helped to
capture global dependencies in data sequence, allowing to
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TABLE I
PERFORMANCE EVALUATION OF THE MODELS USED FOR CLASSIFICATION TASK OF FALLS IN OLDER ADULTS (VGG16, VGG19, RESNET50V2,
RESNET101V2 AND VIT FOR IMAGE CLASSIFICATION MODELS)

Models Params Runtime Metric Non-Fall Fall
VGG16 [25] 23M 3.3 ms Accuracy 0.85
Precision 0.75 0.92
Recall 0.88 0.83
F1 Score 0.81 0.87
VGG19 [25] 28M 4.3 ms Accuracy 0.87
Precision 0.83 0.90
Recall 0.83 0.90
F1 Score 0.83 0.90
ResNet50V2 [28] 56M 8.6 ms Accuracy 0.90
Precision 0.88 0.92
Recall 0.85 0.93
F1 Score 0.86 0.92
ResNet101V2 [28] | 75M 16.8 ms Accuracy 0.86
Precision 0.77 0.94
Recall 0.90 0.84
F1 Score 0.83 0.89
ViT [29] 85M 14.3 ms Accuracy 0.98
Precision 0.98 0.99
Recall 0.98 0.99
F1 Score 0.98 0.99

the model finds relation-ship/dependence between patches of
images, getting better results. The accuracy of ViT model is
0.98, which shows that the model is able to obtain relevant
features to tackle the problem of falls in older adults. This
may be due to the configuration of models, capture global
dependencies, and relations between patches of images, which
allow getting relevant features of each image. Other important
metric is Recall metric, which helps to measure the ability of
model to predict all actual positives correctly. The results of
this metric for non-falls and fall classes were 0.98 and 0.99,
respectively, which show that the ViT model is able to predict
falls cases better than other proposed models (VGG16=0.83,
VGG19=0.90, ResNet50V2=0.93 and ResNet101V2=0.84),
which is important in this study. Likewise, in the context of
this problem, minimizing false positives is essential, as a high-

accuracy score indicates that when the model correctly predicts
the positive class, it is likely correct, which is important
to correctly determine whether an older adult has fallen or
not. Considering this, ViT precision metric for both cases,
non-falls and falls cases, were 0.98 and 0.99, which were
better than the results obtained for other proposed models.
In order to measure how often the model correctly predicts
the outcome, the accuracy metric is considered. In this sense,
similar to the results previously obtained, the ViT accuracy
metric is the best with 0.98 compared to the other proposed
models (VGG16=0.85, VGG19=0.87, ResNet50V2=0.90 and
ResNet101V2=0.86).
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V. CONCLUSIONS

This study addresses the important challenge of detecting
falls in older adults using pre-trained Convolutional Neural
Network and Vision Transformer models. Falls remain one of
the most significant causes of injury and loss of independence
among older adults. In this work, different models (VGG16,
VGG19, ResNet50V2, ResNet101V2 and ViT) were evaluated
on a publicly available fall detection dataset. The obtained
experimental results show that the ViT model achieved the
highest overall accuracy (0.98) and demonstrated superior
performance in both precision and recall metrics for fall detec-
tion. This model balances depth and computational efficiency,
benefiting from attention modules and positional embeddings
that improve training. Although other models such as VGG19
and ResNet50V2 also achieved competitive results, the second
model required higher computational resources with a slight
improvement in fall detection performance. In the context of
fall detection, false negatives, i.e., failing to identify an actual
fall, are critical to minimize. The preliminary results show that
ViT model is particularly effective in identifying such high-
risk cases, although they are limited to a small benchmark
dataset. Future work will aim to extend this approach to multi-
view environments and integrate pose estimation or temporal
modeling techniques such as recurrent networks to enhance
robustness and generalization in real-world settings.
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