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1. INTRODUCTION

In recent, the potential of machines to automatically detect and classify human activity from visual
information has been a topic of immense interest in research and practical applications [1]. Human activity
recognition (HAR) is a key technology for numerous applications such as healthcare monitoring, surveillance
systems, human-computer interaction, sports analytics, and smart environments. The advancement of video
surveillance systems, wearable sensors, and intelligent cameras has brought about an explosive increase in
the amount of activity-related data, thereby creating new challenges in the correct interpretation and
classification of intricate human activities [2].

HAR systems relied on handmade feature engineering and conventional machine learning methods [3].
Yet, such methods tend to fail in adequately capturing the complex spatial and temporal processes of human
activities, especially in heterogeneous and unstructured settings. The advancement of deep learning techniques,
specifically convolutional neural networks (CNNs), was a breakthrough in the sense that it enabled automatic
feature extraction and representation learning directly from raw visual data [4]. Even though they are successful,
CNN-based models are at times inadequate in capturing long-range dependencies and intricate spatial
relationships, which are essential for comprehending sophisticated human activities. Most recently, ensemble-
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based methods CNN-based transfer learning ensembles and early-exit networks, proved that the union of
heterogeneous models greatly increased robustness as well as recognition accuracy [5].

In response to these constraints, the computer vision has progressively shifted towards transformer-
based models, which were initially popular in natural language processing [6]. Vision transformers (ViT) and
their variations have proven exceptionally effective in numerous image recognition applications by
efficiently learning global dependencies with self-attention mechanisms. Among them, the swin transformer
(SwinT) a hierarchical ViT model has shown a promising architecture by combining the merits of both
transformers and CNNss, offering improved efficiency and scalability for dense vision tasks [7].

There have been several studies on sensor-based HAR using accelerometer, gyroscope, and radar
sensor data. Huan et al. [8] presented a light-weight hybrid ViT network for radar-based HAR, which
combined convolutional operations and self-attention for processing micro-doppler maps -efficiently.
Ullah and Munir [9] present cascade dual attention CNN with a bi-directional gated recurrent unit (GRU) has
also been proposed to learn both spatial and temporal features, leading to improved recognition accuracy in
the scenario of HAR tasks. These studies indicate the potential for combining transformer models with
traditional deep learning approaches to improve the performance of sensor-based HAR systems.

Vaghela et al. [10] used feature fusion approaches to enhance activity recognition from multimodal
data. Morshed et. al. [11] improved recognition by data fusion with feature engineering, showcasing how the
incorporation of carefully chosen handcrafted features with machine learning could be used to increase
accuracy. Comprehensive surveys on the evolution from handcrafted to deep networks, with opportunities
and challenges for the combination of handcrafted and learned features [12]. Ulhaq ef al. [13] did survey and
shows how action recognition advancements through the integration of handcrafted and learned features.

The recent years have seen rapid development towards transformer-based models for HAR. The
initial ViT demonstrated impressive image recognition ability at scale by representing global context
information showed by Dosovitskiy et al. [14]. SwinT improved on this by introducing hierarchical attention
mechanisms with shifted windows to improve computational efficiency showed by Liu et al. [15].
Wensel et al. [16] and Reda et al. [17] present architectures such as ViT-recurrent transformer (ReT), having
integrated recurrent and ViT modules for more accurate video activity recognition and ConViViT, which
combined convolutional layers with factorized self-attention continued to advance spatiotemporal modeling.
Han et al. [18] present a novel approach using ViT for human activity recognition was presented, taking
advantage of the model's strength in capturing large-scale contextual information, hence achieving higher
recognition performance. Additionally Wang et al. [19] gait recognition has been improved with the
introduction of global-local feature fusion using SwinT and 3D CNN, which successfully extracts spatial and
temporal features from gait sequences. The research in [20], [21] present hybrid ViT for efficient HAR and a
ViT model for action recognition from still images were significant improvement.

The research in [22], [23] investigates the capability of SwinT and ViT models in human activity
recognition through their incorporation into a hybrid ensemble learning model. The application of the
ensemble approach is to leverage the complementary strengths of different models so as to improve the
robustness and generalizability of HAR systems. Through this process, this paper adds to the body of work in
activity recognition by assessing transformer models and showing how ensemble methods can be used to
improve performance in real-world and challenging conditions.

2. METHOD

This section is organized into five key sub-sections: methodology, dataset, data preprocessing, data
visualization, and model description. Each part provides a detailed explanation to give the reader a clear
understanding of the overall approach taken in this study. From Figure 1 we can see that this study proposes a
robust methodology for HAR using deep learning and efficient data processing. Image data representing various
activities is collected and preprocessed by resizing, normalizing pixel values, and one-hot encoding class labels.
The dataset is split into training (80%), validation (10%), and testing (10%) sets with balanced class
distribution. Transfer learning is applied using pre-trained ViT and SwinT models in small, base, and large
variants. These models are fine-tuned on the activity dataset to capture essential spatial-temporal patterns. To
leverage the strengths of the models, an ensemble fusion strategy is adopted: the probability estimates from
individual models are blended using a stacked learning paradigm where traditional machine learning classifiers
(such as support vector classifier (SVC), logistic regression (LR), random forest (RF), gradient boosting (GB),
k-nearest neighbor (KNN), and XGBoost (XGB) are employed as meta-learners. The technique ensures that
both the deep feature representations and various decision-making approaches are utilized to generate the
ultimate prediction. For validating effectiveness, ablation studies compare single-model and ensemble
performance ratings, while multiple experimental run statistical tests validate the stability and robustness of the
proposed method. Evaluation metrics include accuracy, precision, recall, and F1-score.
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Figure 1. Step by step procudure diagram

2.1. Dataset

To carry out the experiments that are presented in this study, a publicly accessible human action
detection dataset obtained from Kaggle [24] was utilized. The dataset has 18,000 labeled images, which are
well arranged into 15 different human action classes. The actions within the dataset are calling, clapping,
cycling, dancing, drinking, eating, fighting, hugging, laughing, listening to music, running, sitting, sleeping,
texting, and using laptop. Every class is filled with exactly 1,000 training images and 200 test images to give
a balanced class distribution for robust model testing.15,000 images were assigned for training and the
remaining 3,000 images for testing. Further, while training the model, 10% of the respective class training
images were also split as the validation set. The validation dataset was utilized to decide on the model
performance and tune hyperparameters to prevent overfitting and enhance the generalizability of the
proposed method.

2.2. Data preprocessing

Our dataset was well-balanced and free of missing values or noise. They were, however, of varying
sizes, which posed an issue for batch processing. We employed a sequence of preprocessing methods to
standardize and make them deep learning-friendly. First, we resized all images to 224x224 pixels for
consistency in the dataset. Resizing was necessary to facilitate mini-batch training, where images must be the
same size. Next, we performed pixel normalization, normalizing pixel values to the [0, 1] range by dividing
by 255. This normalization step is important to stabilize and speed up the training process, especially in
transfer learning issues. We also one-hot encoded the class labels. The class labels (e.g., "calling,"
"clapping," "cycling") were initially converted to numerical form (e.g., 0, 1, 2), then converted to binary
vectors. For example, for 15 classes, the label "calling" is [1, 0, O, ..., 0], and so on. These preprocessing
methods ensure our data was clean, normalized, and ready for effective model training.

2.3. Proposed ensemble model

Our proposed ensemble model aggregates several pre-trained transformer models to improve the
accuracy and stability of the classification [25]. The pipeline begins with a standard data preprocessing phase
where all input images are reshaped and resized to 224x224 pixels for uniformity and pixels normalized to
scale the values in the range [0, 1]. Class labels are also encoded using one-hot encoding to prepare them for
classification. Following preprocessing, the images are passed through six pre-trained models of two kinds:
ViT (ViT-B/16, ViT-L/16, and ViT-S/16) and SwinT (swin-B, swin-L, and swin-S). Each model produces
feature vectors of varying lengths, which are passed through a dense layer and an activation layer to produce
per-category predictions. These then became combined using a stacking ensemble method by feeding in all
probability outputs of transformers as input features to an ensemble of different machine learning classifiers.
We used SVC, LR, RF, GB, KNN, and XGB as meta-learners. All of these classifiers impart various
inductive biases, thereby enabling the meta-layer to learn linear as well as non-linear decision boundaries and
enhance generalization. The final predicted class is obtained by consolidating the outputs of the
meta-learners, thus gaining from the complementary strengths of both deep transformer models and
traditional ensemble classifiers. This hybrid stacking ensemble successfully enhances the performance of the
overall classification system. Figure 2 shows our proposed model workflow.
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Figure 2. Our proposed ensemble model workflow diagram

2.4. Model performance calculation

To assessing the performance of the proposed HAR model, a comprehensive set of evaluation
metrics is employed. As the problem in question is multi-class in nature, evaluation metrics such as accuracy,
precision, recall, and F1-score are employed for quantifying the classification accuracy of the model on each
of the activity types. These metrics not only allow the quantification of overall correctness but the proportion
of correctly predicted activities versus incorrect predictions as well. Moreover, a confusion matrix can be
employed to display the model predictions on a per-class basis, providing rich information about what
activities are correctly recognized and where misclassifications occur. The following are some of the
performance metrics that were calculated. From these parameters we identified the best classifier to
recognize HAR. Most of the performance metrics in percentage (%) have been calculated based on (1)-(4)
based on the confusion matrix explained in obtained from the classifier.

Accuracy = (%) X 100% (1)
TP
Recall = (TP+FN ) X 100% )
. TP
Precision = ( prp— ) X 100% 3)

Precision xRecall

F1 —score = (2% ) X 100% 4)

Precision+Recall

3.  RESULTS AND DISCUSSION

From Table 1 we can see that ViT base model performs well in terms of some good classification
abilities for the 15 activity classes with overall accuracy ranging from 95-98% depending on the activity. It
does exceedingly well when identifying individual activities like cycling with near perfect accuracy (96.57%)
and recall (98.5%), and running with similarly high rates. However, the model suffers in actions like phone
call and clap, where precision (70.52 and 74.73%) and recall (61 and 69.5%) are notably lower, implying
misclassifications due to perhaps similar visual features or subtle action dissimilarities. Furthermore, music
listening comes with moderate accuracy of 58.37% even with enhanced recall of 71.5%, showing that the
model has difficulty separating this class from others as it may have overlapping features with texting or
using a laptop. Sitting performance is also comparatively low with accuracy at 51.62%, showing confusion
with other still or low-motion activities. This model, although efficient, shows the failing of an unadulterated
ViT architecture in totally encompassing subtle activity patterns.

From Table 2 we can see that scaling to ViT large yields performance increases on most activities,
with accuracy and recall especially improving for tricky classes like calling (accuracy 76.74%, recall 66%),
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clapping (accuracy 77.96%, recall 72.5%), and music (accuracy 63.9%, recall 77%). The increased depth and
model capacity allow increased discriminative feature learning, which is evident in nearly perfect cycling
performance (99.5% precision and 99% recall) and better interaction with dynamic activities such as running
and drinking. Nevertheless, certain classes such as fighting see a decrease in precision to 74.38% even with
good recall (90%), which may be because of episodic false positives possibly due to overlapping action
features. Moderate accuracy on sitting (70.86%) and laptop use (74.25%) also suggests some residual
difficulty in distinguishing sedentary behavior. Generally, vision large obtains an equilibrium between
greater accuracy and greater class separation, yet still struggles with visually similar or subtle actions.

From Table 3 we can see that the ViT small model, with its smaller parameter size, generally shows
lower performance all around, especially on more ambiguous activities. Call and clap precision and recall
drop under 70%, with call precision coming in at 61.82%, which suggests decreased capability to
differentiate subtle motions. Despite this, the model remains highly functional on clear activities like cycling
(98.48% precision) and eating (94.86% precision), demonstrating that easier classes remain well-identified.
Interestingly, tasks with dynamic interaction such as fighting suffer in precision (58.96%) while recall
remains good (90.5%), implying false positives most likely due to limited model capacity. The reduction in
precision and recall for laughter and music also points to difficulty with subtle emotional or background
activity. This model may be better deployed in contexts where resources are limited but can afford to make
errors on subtle classes.

From Table 4 we can see that the SwinT base model constantly improves classification scores by
employing hierarchical representation and local-global attention. Precision and recall are greatly enhanced
for most classes; for example, drinking has 92.82% precision and 84% recall, whereas hugging has 90.86%
precision and 84.5% recall. Spatial-temporal fine-grained subtleties are effectively captured by the
architecture as evidenced by high Fl-scores in eating (90.4%) and running (86.46%). There are still
difficulties in laughing and texting accurately at around 70% that indicate lingering class confusion, but
overall balance of classes is better than in ViT alone. The model also has good recall in dynamic actions such
as combat (85.5%) and cycling (99%), so it can be a good option for applications where subtle recognition is
needed with tolerable computational load.

Table 1. Performance of ViT base models

Class TP FP FN TN  Precision Recall Fl-score Accuracy
calling 122 51 78 2749 70.52 61.00 65.42 95.70
clapping 139 47 61 2753 74.73 69.50 72.02 96.40
cycling 197 7 32793 96.57 98.50 97.52 99.67
dancing 168 29 32 2771 85.28 84.00 84.63 97.97
drinking 162 32 38 2768 83.51 81.00 82.23 97.67
eating 167 21 33 2779 88.83 83.50 86.08 98.20
fighting 156 22 44 2778 87.64 78.00 82.54 97.80
hugging 173 39 27 2761 81.60 86.50 83.98 97.80
laughing 144 41 56 2759 77.84 72.00 74.81 96.77
music 143 102 57 2698 58.37 71.50 64.27 94.70
running 178 34 22 2766 83.96 89.00 86.41 98.13
sitting 159 149 41 2651 51.62 79.50 62.60 93.67
sleeping 160 11 40 2789 93.57 80.00 86.25 98.30
texting 137 46 63 2754 74.86 68.50 71.54 96.37
using laptop 138 26 62 2774 84.15 69.00 75.82 97.07

Table 2. Performance of ViT large models

Class TP FP FN TN  Precision Recall Fl-score Accuracy
calling 132 40 68 2760 76.74 66.00 70.97 96.40
clapping 145 41 55 2759 77.96 72.50 75.13 96.80
cycling 198 1 2 2799 99.50 99.00 99.25 99.90
dancing 162 34 38 2766 82.65 81.00 81.82 97.60
drinking 173 22 27 2778 88.72 86.50 87.59 98.37
eating 178 37 22 2763 82.79 89.00 85.78 98.03
fighting 180 62 20 2738 74.38 90.00 81.45 97.27
hugging 174 23 26 2777 88.32 87.00 87.66 98.37
laughing 152 41 48 2759 78.76 76.00 77.35 97.03
music 154 87 46 2713 63.90 77.00 69.84 95.57
running 166 10 34 2790 94.32 83.00 88.30 98.53
sitting 124 51 76 2749 70.86 62.00 66.13 95.77
sleeping 167 25 33 2775 86.98 83.50 85.20 98.07
texting 145 43 55 2757 77.13 72.50 74.74 96.73
using laptop 173 60 27 2740 74.25 86.50 79.91 97.10
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From Table 5 we can see that the SwinT large achieves some of the best individual-model
performance with very high precision and recall on most activities. Cycling, for instance, achieves 97.56%
precision with perfect recall (100%), and eating achieves 93.19% precision with 89% recall. Larger model
size does improve learning of fine features seen in improved performance on calling (75.26% precision) and
fighting (85.51% precision, 88.5% recall). Some.classes like clapping continue to demonstrate precision at
66.41% with high recall, which suggests a false positive bias.

From Table 6 we can see that the SwinT small, while improved relative to ViT Small, lags larger
models in precision and recall classifying for most classes. Precision in evoking (55.56%) and clapping
(57.74%) is low, reflecting challenges with subtle action discrimination. Yet, cycling (97.04% precision) and
eating (91.81% precision) are accurately identified. Low recall in texting (55%) and laughing (66.5%)
indicates some prediction loss. This model might be a good fit for resource-limited settings but compromises
precision on highly complex or visually uncertain actions, illustrating the compromise between performance
and model size.

Table 3. Performance of ViT small models

Class TP FP FN TN  Precision Recall Fl-score Accuracy
calling 136 84 64 2716 61.82 68.00 64.76 95.07
clapping 133 71 67 2729 65.20 66.50 65.84 95.40
cycling 194 3 6 2797 98.48 97.00 97.73 99.70
dancing 154 43 46 2757 78.17 77.00 77.58 97.03
drinking 150 12 50 2788 92.59 75.00 82.87 97.93
eating 166 9 34 2791 94.86 83.00 88.53 98.57
fighting 181 126 19 2674 58.96 90.50 71.40 95.17
hugging 181 54 19 2746 77.02 90.50 83.22 97.57
laughing 159 115 41 2685 58.03 79.50 67.09 94.80
music 129 65 71 2735 66.49 64.50 65.48 95.47
running 151 15 49 2785 90.96 75.50 82.51 97.87
sitting 118 54 82 2746 68.60 59.00 63.44 95.47
sleeping 129 16 71 2784 88.97 64.50 74.78 97.10
texting 122 45 78 2755 73.05 61.00 66.49 95.90
using laptop 143 42 57 2758 77.30 71.50 74.29 96.70

Table 4. Performance of SwinT base models

Class TP FP FN TN  Precision Recall Fl-score Accuracy
calling 136 68 64 2732 66.67 68.00 67.33 95.60
clapping 164 67 36 2733 71.00 82.00 76.10 96.57
cycling 199 2 1 2798 99.00 99.50 99.25 99.90
dancing 165 32 35 2768 83.76 82.50 83.12 97.77
drinking 168 13 32 2787 92.82 84.00 88.19 98.50
eating 179 17 21 2783 91.33 89.50 90.40 98.73
fighting 171 34 29 2766 83.41 85.50 84.44 97.90
hugging 169 17 31 2783 90.86 84.50 87.56 98.40
laughing 145 41 55 2759 77.96 72.50 75.13 96.80
music 140 50 60 2750 73.68 70.00 71.79 96.33
running 182 39 18 2761 82.35 91.00 86.46 98.10
sitting 139 53 61 2747 72.40 69.50 70.92 96.20
sleeping 153 22 47 2778 87.43 76.50 81.60 97.70
texting 131 58 69 2742 69.31 65.50 67.35 95.77
using laptop 171 75 29 2725 69.51 85.50 76.68 96.53

Table 5. Performance of SwinT large models

Class TP FP FN TN  Precision Recall Fl-score Accuracy
calling 146 48 54 2752 75.26 73.00 74.11 96.60
clapping 170 8 30 2714 66.41 85.00 74.56 96.13
cycling 200 5 0 2795 97.56 100.00 98.77 99.83
dancing 174 42 26 2758 80.56 87.00 83.65 97.73
drinking 181 27 19 2773 87.02 90.50 88.73 98.47
eating 178 13 22 2787 93.19 89.00 91.05 98.83
fighting 177 30 23 2770 85.51 88.50 86.98 98.23
hugging 171 11 29 2789 93.96 85.50 89.53 98.67
laughing 157 44 43 2756 78.11 78.50 78.30 97.10
music 139 42 61 2758 76.80 69.50 72.97 96.57
running 170 22 30 2778 88.54 85.00 86.73 98.27
sitting 141 80 59 2720 63.80 70.50 66.98 95.37
sleeping 150 20 50 2780 88.24 75.00 81.08 97.67
texting 128 29 72 2771 81.53 64.00 71.71 96.63
using laptop 164 55 36 2745 74.89 82.00 78.28 96.97
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Table 6. Performance of SwinT small model

Class TP FP  FN TN Precision  Recall Fl-score  Accuracy
calling 125 100 75 2700 55.56 62.50 58.82 94.17
clapping 138 101 62 2699 57.74 69.00 62.87 94.57
cycling 197 6 3 27% 97.04 98.50 97.717 99.70
dancing 158 55 42 2745 74.18 79.00 76.51 96.77
drinking 145 19 55 2781 88.41 72.50 79.67 97.53
eating 157 14 43 2786 91.81 78.50 84.64 98.10
fighting 164 52 36 2748 75.93 82.00 78.85 97.07
hugging 159 93 41 2707 63.10 79.50 70.35 95.53
laughing 133 55 67 2745 70.74 66.50 68.56 95.93
music 120 63 80 2737 65.57 60.00 62.66 95.23
running 156 30 44 2770 83.87 78.00 80.83 97.53
sitting 122 92 78 2708 57.01 61.00 58.94 94.33
sleeping 139 26 61 2774 84.24 69.50 76.16 97.10
texting 110 64 90 2736 63.22 55.00 58.82 94.87
using laptop 151 56 49 2744 72.95 75.50 74.20 96.50

From Table 7 we can see that the ensemble model proposed clearly outperforms every single model
individually, with near-perfect precision and recall on almost all classes. Clapping and drinking, for instance,
both score 100% precision and recall, illustrating perfect classification. Even the most challenging tasks like
texting and laptop are significantly enhanced with precision above 87% and recall above 81%. The ensemble
approach reduces false positives and false negatives considerably, resulting in Fl-scores above 90% in
almost all classes and accuracy above 97%. This confirms that the combination of differing model strengths
is capable of successfully counteracting individual flaws to yield strong and stable human activity recognition
performance suitable for safety-critical real-world applications.

Table 7. Performance of proposed ensemble model
Class TP FP FN TN Precision Recall Fl-score Accuracy

calling 61 4 5 920 93.85 92.40 93.13 99.09
clapping 66 0 0 924 100.00 100.00 100.00 100.00
cycling 64 2 2 922 96.97 97.00 96.97 99.60
dancing 62 4 4 920 93.94 93.90 93.94 99.19
drinking 65 0 1 924 100.00 98.50 99.24 99.90
eating 59 3 7 921 95.16 89.40 92.19 98.99
fighting 66 3 0 921 95.65 100.00 97.78 99.70
hugging 64 2 2 922 96.97 97.00 96.97 99.60
laughing 64 2 2 922 96.97 97.00 96.97 99.60
music 64 4 2 920 94.12 97.00 95.52 99.39
running 64 2 2 922 96.97 97.00 96.97 99.60
sitting 62 3 4 921 95.38 93.90 94.66 99.29
sleeping 63 7 3 917 90.00 95.50 92.65 98.99
texting 61 7 5 917 89.71 92.40 91.04 98.79
using laptop 54 8 12 916 87.10 81.80 84.38 97.98

4. CONCLUSION

We proposed a novel way of performing HAR with static images leveraging the complementing
strength of SwinT and ViT in an ensemble architecture. Pondering over the fact that different transformer
variants can understand unique spatial and contextual knowledge, we combined six models: swin small, base,
large, and ViT small, base, large, in a stacking ensemble framework. This allowed the model to enhance
handling of inherent complexity and diversity of human activity in still images. The ensemble ran strongly
across activity classes, effectively canceling out weaknesses of individual models. Under thorough
evaluation, we probed model behavior, optimization techniques, activation functions, and mis-classification
trends. Mis-classifications were more frequent among visually ambiguous classes like sitting, dancing,
calling, and use of a laptop, indicating trouble with single-label classification. While the ensemble worked
well, it still had a hard time distinguishing overlapping or visually confounded activities since there was no
temporal context and single-label classification has a limitation. Computational expense of the ensemble
could also deter deployment in resource-scarce or real-time platforms. Upcoming research will study video-
based datasets to incorporate motion dynamics, apply multi-label classification to better capture overlapping
real-world activity and use attention-based fusion to enhance feature discrimination. Ensemble optimization
for efficiency and data set size expansion to cover a wider set of environments and activities will also be
extended to enlarge generalizability and practical application in areas like smart surveillance, healthcare
monitoring, and human-computer interaction.
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