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Abstract—One of the main reasons older people get hurt and end 

up in the hospital is falls, which can have long-term effects on their 
physical and mental health. With the widening ageing population 
worldwide, the demand for advanced and reliable fall detection 
systems becomes progressively important in supporting independent 
life and timely medical intervention. Traditional solutions, like 
wearable sensors or manual observation, tend to have low accuracy 
or are even characterized by usability challenges, particularly for 
elderly people who might be hesitant to wear or forget such devices. 
The paper describes an automated approach to human fall detection 
using a Vision Transformer (ViT) model. This deep learning model 
has recently proven to be a strong contender over convolutional 
neural networks (CNNs) for vision tasks. It is trained on images 
depicting fall and non-fall activities. All images are normalized and 
scaled prior to being fed into the ViT model, which classifies the 
image as either a fall or non-fall class. The ability of ViT to capture 
long-range interdependence and global spatial features is especially 
effective in understanding human movement between frames. Our 
findings suggest that the method puts high accuracy and 
generalization capacity to the test data, even when under different 
lighting conditions and at different locations. This model is a strong 
choice for real-time falling detection in smart surveillance systems 
and care homes for elderly.  

Keywords— Deep learning, human fall, elderly care, Vision 
Transformer 

I. INTRODUCTION 

Falling is one of the major causes of injury in the elderly, 
commonly putting their safety, health, and independence at risk. 
The World Health Organisation (WHO) quotes that millions of 
older people fall every year. When one falls, immediate help 
greatly minimises the effect of the injury. That is why automatic 
fall detection systems are becoming more and more valuable—
they provide a means to track individuals in environments such 
as hospitals and nursing homes, ensuring timely help when help 
is most needed [3]. A typical fall detection system relies 
primarily on wearable sensors like accelerometers and 
gyroscopes [4]. The technologies tend to be wearable, which is 
uncomfortable and needs human intervention to operate 
successfully. Vision-based systems offer a non-intrusive 

approach to processing camera data, thus removing the need for 
human interaction. Further vision-based approaches utilize 
classic machine learning models, which extract features from 
silhouettes or motion patterns [5, 6]. With the emergence of deep 
learning, Convolutional Neural Networks (CNNs) and 
Recurrent Neural Networks (RNNs) have gained popularity due 
to their superior performance in capturing time-based and space-
based features from video [7, 8]. However, these designs' local 
receptive fields and sequential structure may restrict their ability 
to describe sophisticated global interactions inside frames. 

Transformer-based models, such as the Data-efficient Image 
Transformer (DeiT), Shifted Window Transformer (Swin), and 
Pyramid Vision Transformer (PVT), outperform in various 
vision tasks by successfully capturing global dependencies 
through self-attention processes. As they are not that old, their 
application in fall detection is still unexplored. Vision 
Transformers (ViTs) have attracted s lot of application areas for 
their impressive performance in image classification problems, 
and they're also showing promise in transfer learning. In contrast 
to conventional models, ViTs split an image into patches and 
process them through self-attention, that allows the model to 
learn the overall structure of the scene better. This capability of 
grasping long-range relationships throughout an image is 
particularly useful for fall detection, as distinguishing between 
the spatial location of various body parts is critical for effective 
detection. Furthermore, ViTs provide flexible and scalable 
structure, making them a suitable choice for enhancing 
recognition within niche domains with sparse data—something 
that is typically true in fall detection research [9]. 

In this work, we investigate the application of a pre-trained 
ViT model for fall detection. To make the model learn the task 
at hand, we fine-tuned it over a labelled dataset of both fall and 
non-fall images. We then benchmarked its performance against 
common classification metrics and compared it with those for 
other transformer-based models. This method not only analyzes 
how good ViTs are in tackling fall detection complexities but 
also showcases their applications in real-world scenarios [9]. 
Furthermore, to describe the VIT output, Gradient-weighted 
Class Activation Mapping (GradCAM) has been used. 
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Fig. 1. Proposed architecture

Section II describes the suggested framework, Section III 
discusses the experimental outcomes and performance 
assessment, and Section IV recapitulates the research with 
potential future work directions. 

II. PROPOSED METHODOLOGY 

The model's suggested architecture identifies falls from a 
static image in two steps: data preprocessing and classification 
with a Vision Transformer. Subtle posture changes and body 
orientations must be recognized to detect a fall, and the model 
must understand local and spatial patterns. ViTs utilize self-
attention to process image patches, allowing them to capture 
relationships across the entire image. This methodology enables 
the model to recognize fall-related cues in diverse visual 
contexts. In this work, we have trained and fine-tuned a labelled 
dataset of fall and non-fall images. 

A. Preprocessing 

The input dataset comprises images of various scenarios, 
each categorized into one of two classes: 'fall' or 'non-fall'. Each 
image is resized to 224⨉224 pixels. The resizing is done to 
standardize the input size for the model. Each image undergoes 
several preprocessing steps, ensuring that the model receives 
consistently formatted input and improves generalization during 
training. The images are at first resized and cropped to 224×224 
dimensions. Then those are normalized using ImageNet's mean 
and standard deviation values. Random horizontal flipping has 
been performed for data augmentation during training. Images 
are then split into training and testing sets, with batch processing 
handled via data loaders. 

B. Classification using Vision Transformer 

The proposed system has a core similar to the ViT-B/16 
architectures pre-trained on the ImageNet dataset. A fully 
connected layer designed to output two logits, which 

significantly corresponds to the binary classification task, is how 
the original classification head is being replaced. The final 
classification head needs fine-tuning, and an optional step 
includes freezing the initial transformer layers. A one-
dimensional array of token embeddings is input into the 
conventional Transformer model. The picture 𝑥 ∊ 𝑅ு ⨉ ௐ ⨉ ஼ 
has been restructured to accommodate 2D images by generating 
a series of flattened 2D patches 𝑥௣ ∊ 𝑅ே⨉(௣మ஼), where (H, W) 
denotes the original image's resolution, C represents the number 
of channels, (P, P) indicates the resolution of each image patch, 

and 𝑁 =
ுௐ

௉మ . The resultant quantity of patches also serves as the 

effective input sequence length of the transformer. The patches 
are flattened and mapped to D dimensions by a trainable linear 
projection, as the transformer maintains a consistent latent 
vector size D throughout all its layers. The outcome of this 
projection is referred to as the patch embeddings. We add a 
learnable embedding to the series of embedded patches (𝑧଴

଴ = 
xclass), with its state at the output of the Transformer encoder (𝑧଴

௅) 
serving as the image representation y. This is analogous to 
BERT's [class] token. Throughout pre-training and fine-tuning, 
𝑧଴

௅  is linked to a classification head. The classification head 
employs a MultiLayer Perceptron (MLP) consisting of a single 
linear layer for fine-tuning and one hidden layer for pre-training. 
Position embeddings are added to the patch embeddings to 
maintain positional information. Given that advanced 2D-aware 
position embeddings have not demonstrated significant 
performance improvements, standard learnable 1D position 
embeddings are utilized. The encoder accepts the generated 
sequence of embedding vectors as input. The Transformer 
encoder is composed of alternating MLP and multi-headed self-
attention (MSA) blocks. Every block is preceded by LayerNorm 
(LN) and succeeded by residual connections. Cross-Entropy 
Loss and Adam optimizer train the model. 
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Fig. 2. Samples of images considered 

The model is highly suitable for tasks such as identifying 
postures and anomalies related to falls, due to the attention 
mechanism present within ViT. This gives the model a different 
kind of focus, which works only on spatial regions of the input. 

C. Explanation using GradCAM 

GradCAM understands and visualizes how a ViT makes 
decisions by highlighting an input image’s important sections 
contributing most to a model's prediction. In CNNs, Grad-CAM 
computes the gradient of the output class score with respect to 
the feature maps of a convolutional layer. These gradients are 
global-average-pooled to get importance weights. The 
weighted combination of feature maps is passed through ReLU 
to produce a heatmap showing important image regions. But 
ViTs use self-attention over patch embeddings (image split into 
patches) and they don’t have spatial feature maps like CNNs. 
In this case, a class token is output that aggregates information 
across patches. It chooses a transformer block (usually the last 
one) and focuses on attention or MLP outputs. Intermediate 
representations like the attention score maps or value vectors 
can also be picked. It focuses on the [class] token (or 
equivalent) used for classification. 

Then it computes the gradient of the class score (e.g., 
softmax score) with respect to the selected layer's outputs and 
extracts the gradients of the class score with respect to patch 
tokens. Then it multiplies these gradients with the patch token 
embeddings or attention outputs. This gives an importance 
score for each patch. Since each patch corresponds to a region 
in the original image, the patch-level scores are reshaped into a 

grid (e.g., 14x14 for ViT-B/16). Then it upsamples to the 
original image size and applies ReLU and normalizes to get a 
final heatmap. The heatmap highlights the regions that were 
most influential in making the prediction (e.g., the fall or not 
fall). The heatmap is overlaid onto the original image, 
providing an easy-to-interpret visualization. Areas in warmer 
colors (e.g., red or yellow) show where the model "looked" 
when making the decision. 

III. EXPERIMENTAL RESULTS AND DISCUSSION 

A series of experiments was conducted to outline the setup 
used for training and testing the model, as well as presenting 
the classification outcomes. This is done to evaluate the 
effectiveness of the proposed ViT-based fall detection 
framework. Lastly, it offers a comparative performance 
analysis against other transformer architectures. The primary 
goal is to assess the model's skill to generalize to unknown fall 
scenarios. This can be achieved through an experimental 
process that systematically evaluates its predictions, then fine-
tunes the dataset and prepares it for processing. It also aims to 
validate its performance against state-of-the-art alternatives. 

A. Dataset description 

The images in the input dataset are taken from public repository 
Kaggle [24] and represent real-world scenarios. Each image is 
categorized into either fall or non-fall class. Each image is 
resized to 224 ⨉ 224 pixels and augmented using different 
techniques. The data is then split into test and train sets to ensure 
an unbiased evaluation.

       Fall                                                                           Not fall    

                Fall                                                                         Not fall      
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Fig. 3. Learning curves showing hyperparameter tuning results 

Number of epochs=2, batch size=32                       Number of epochs=5, batch size=32 

Number of epochs=8, batch size=32                    Number of epochs=11, batch size=32                            

Number of epochs=8, batch size=16                   Number of epochs=11, batch size=16                   

Number of epochs=2, batch size=16                    Number of epochs=5, batch size=16 
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Fig. 4. ROC curves showing comparison with other transformer models 

B. Classification results 

The effectiveness of the proposed model's hyperparameters 
for fall detection using image processing has been evaluated first 
by varying the number of epochs and batch size in different 
combinations. The batch size, denoting the number of images 
processed together during training, has varied between 16 and 
32, whereas the possible number of epochs has been considered 
2, 5, 8, and 11. The learning curves shown in Fig. 3 indicate that 

as the number of epochs (iterations) increases, the recognition 
accuracy initially increases rapidly and then gradually slows 
down. Hence, the number of epochs reaches a specific value, the 
training and testing accuracy curves converge to the maximum 
value, and the training and testing loss converges to the 
minimum one and then stabilizes. The combination of 11 and 16 
as the epoch number and batch size has outperformed the others 
and has been chosen for the proposed model. 

DeiT                                                                             PVT 

TNT                                                                      Swin 

CSWin                                                                Proposed 
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Fig. 5. Confusion matrices comparing the proposed work with existing related works 

 
Fig. 6. Decision areas indicated by GradCAM 

Ref. [22]                                                                       Ref. [23] 

Ref. [11]                                                                  Proposed model 

       Fall                                                                                   Fall    

       Not fall                                                                           Not fall    
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C. Performance analysis 

Comparison of the proposed ViT with other transformer 
models like DeIT, PVT, Transformer in Transformer (TNT), 
Swin, and Cross-Shaped Window Transformer (CSWin) has 
been presented in Fig. 4 using the Receiver Operating 
Characteristic (ROC) curve. The curve plots the True Positive 
Rate on the x-axis, representing the number of actual positives 
properly classified, and the False Positive Rate on the y-axis, 
denoting the number of actual negatives wrongly classified. The 
proposed model, with an Area Under the Curve value of 0.99, 
has outperformed its competitors. 

The proposed work has been compared to existing works [9], 
[10], and [11], and the results have been shown in terms of the 
confusion matrix in Fig. 5. The confusion matrix illustrates the 
model's performance, with the diagonal representing the count 
of accurately anticipated observations; a denser distribution of 
predicted values along this diagonal signifies superior model 
performance. The results of the proposed classifier are almost 
perfect in the confusion matrix, with only 3 points being 
misclassified and 116 correct observations. 

D. Explanation using GradCAM 

The heatmap overlaid on the image uses colors (e.g., red, 
yellow, blue) to show the regions that are important for the 
prediction. The red and yellow sections are the most significant 
in the model’s prediction. In this case, they highlight the person's 
body, particularly the lower body (which might be relevant to 
the fall or slipping event). Blue sections are the least significant 
in the predictions. The heatmap primarily highlights the person's 
body and the staircase around where they are falling. This 
indicates that the model focuses on the key region (the person) 
involved in the predicted class (e.g., a fall or accident). 

IV. CONCLUSION 

One major health problem for the elderly is falls, leading to 
serious damages and increased dependence. Traditional fall 
detection methods, like wearable sensors, have usability 
challenges and are often impractical in real-life scenarios. This 
paper offers a non-intrusive, vision-based fall recognition 
system utilizing a Vision Transformer (ViT) model, fine-tuned 
on a dataset comprising images of falls and non-falls. The ViT 
architecture features a self-attention mechanism that enables the 
effective modelling of spatial relationships, allowing it to 
identify fall-related postures across varied conditions accurately. 
In our experiments, the model demonstrates high performance, 
particularly at 11 epochs and a batch size of 16, with ViT in 
classification accuracy and robustness, outperforming other 
transformer models such as DeiT, PVT, Swin, and CSWin. In 
this work, the potential of Vision Transformers is highlighted in 
safety-critical applications, such as fall detection, which offers a 
reliable alternative to conventional approaches. The current 
system is limited to static images. However, it lays the 
groundwork for future extensions, including video-based 

detection, lightweight deployment on edge devices, and 
enhanced datasets to improve generalization. In conclusion, this 
model, built on ViTs, offers a powerful solution for real-time fall 
detection, aiming to improve elderly care through intelligent and 
non-intrusive monitoring. 
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