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ABSTRACT: Human activity recognition is a significant area of research in artificial intelligence for surveillance,
healthcare, sports, and human-computer interaction applications. The article benchmarks the performance of You
Only Look Once version 11-based (YOLOv11-based) architecture for multi-class human activity recognition. The article
benchmarks the performance of You Only Look Once version 11-based (YOLOv1I-based) architecture for multi-class
human activity recognition. The dataset consists of 14,186 images across 19 activity classes, from dynamic activities
such as running and swimming to static activities such as sitting and sleeping. Preprocessing included resizing all
images to 512 x 512 pixels, annotating them in YOLO’s bounding box format, and applying data augmentation methods
such as flipping, rotation, and cropping to enhance model generalization. The proposed model was trained for 100
epochs with adaptive learning rate methods and hyperparameter optimization for performance improvement, with
a mAP@0.5 of 74.93% and a mAP@0.5-0.95 of 64.11%, outperforming previous versions of YOLO (v10, v9, and v8)
and general-purpose architectures like ResNet50 and EfficientNet. It exhibited improved precision and recall for all
activity classes with high precision values of 0.76 for running, 0.79 for swimming, 0.80 for sitting, and 0.81 for sleeping,
and was tested for real-time deployment with an inference time of 8.9 ms per image, being computationally light.
Proposed YOLOVIl's improvements are attributed to architectural advancements like a more complex feature extraction
process, better attention modules, and an anchor-free detection mechanism. While YOLOVIO was extremely stable
in static activity recognition, YOLOV9 performed well in dynamic environments but suffered from overfitting, and
YOLOVS8, while being a decent baseline, failed to differentiate between overlapping static activities. The experimental
results determine proposed YOLOVII to be the most appropriate model, providing an ideal balance between accuracy,
computational efficiency, and robustness for real-world deployment. Nevertheless, there exist certain issues to be
addressed, particularly in discriminating against visually similar activities and the use of publicly available datasets.
Future research will entail the inclusion of 3D data and multimodal sensor inputs, such as depth and motion
information, for enhancing recognition accuracy and generalizability to challenging real-world environments.
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1 Introduction

Human activity recognition (HAR) has been a primary challenge of artificial intelligence, with applica-
tions of a crucial nature in surveillance, healthcare, sports, and human-computer interaction. This research
aims to compare four YOLO-based models—YOLOvV8, YOLOV9, YOLOVI0, and the proposed YOLOv1l—
for human activity classification of 19 different human activities, from dynamic activities (e.g., running,
swimming) to static ones (e.g., sitting, sleeping). The models are trained and tested on a handpicked Kaggle
dataset with 14,186 labeled images. Accurate HAR in natural environments has several challenges: Subtle
Patterns of Activity: People’s behavior typically involves subtle patterns and combined motions, making
it difficult to distinguish between similar actions, such as sleeping and sitting, or drinking and eating.
Real-time Processing Requirements: Some applications, e.g., surveillance and interactive ones, necessitate
real-time processing without a loss of precision. Computational Efficiency: The accuracy of detection must
be traded oft against computation cost, particularly when edge-device deployments are involved. Dynamic
Environmental Conditions: Real environments place variations in illumination, occlusions, and concurrent
activities on the recognized objects that complicate recognition. In an attempt to alleviate such conditions,
we employed and compared progressive YOLO structures with a focus on the improved functionality of
YOLOWII in handling complex activity recognition tasks. Architectural advancements in YOLOVII include
improved feature extraction and attention mechanisms to boost performance across all metrics. Models were
trained for 50 and 100 epochs on input images of fixed sizes (512 x 512 pixels) with consistent hyperparameters
to enable an equivalent test. YOLOVI11 performed better than all its earlier iterations on all the test measures,
including precision, recall, and mean Average Precision (mAP), and thus is fit for real-world application.
This work opens the door to future research in solid, multi-class HAR systems. Subsequent research will
aim to narrow the gap between theory and application, enhance model generalizability and performance in
dynamic and diverse environments. The paper [1] proposes the use of YOLOv3 with transfer learning for
real-time object detection and tracking in surveillance applications. It is trained on the MS COCO dataset
and has an accuracy of 99.71% and mAP of 61.5. The system is tuned to handle dynamic scenarios effectively.
Even though it works well, it lacks accuracy and contextual awareness. The authors recommend exploring
newer versions of YOLO and improved contextual modeling for future studies. This paper [2] proposes a
deep convolutional neural network (DCNN) for human activity recognition using micro-Doppler radar with
an accuracy rate of 97.5%. Compared to traditional approaches like SVM and Decision Trees, it is more
resistant to environmental noise and varying lighting conditions. The model is able to distinguish between
walking, running, and jumping successfully. Areas of future work include enlarging the dataset, including
real-time solutions, and developing a hybrid model that combines radar with visual or thermal data. The
paper demonstrates the feasibility of DCNN and micro-Doppler radar for human action recognition in
moving scenes. Human action recognition [3] from static images proves challenging due to variations in
postures and backgrounds. Advances through Convolutional Neural Networks (CNNs), Vision Transformers
(ViTs), and Faster R-CNN have improved the performance of the model. The models use local and global
predictions, achieving higher accuracy on benchmarks like Stanford40 and PASCAL VOC. Multimodal data
fusion and making the model more efficient are areas of research that can be focused on in the future. This
work [4] presents a human action recognition system utilizing YOLO for human detection and OpenPose
for pose estimation. YOLO detects humans from videos, and OpenPose estimates skeletal frames to classify
actions with improved performance under complex backgrounds and occlusions. The technique improves
action classification in real time. The paper [5] introduces YOLO-face, a face detection model based on
YOLOV3 that addresses the issue of face scale variation. It uses the WIDER FACE dataset, anchor box
optimization, a purer loss function, and a Feature Pyramid Network for improved accuracy. YOLO-face
achieves high Average Precision (AP) and a 38 FPS processing rate, rendering it real-time capable. Research
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work can be steered in the direction of architectural enhancement and broader application for increased
efficiency and precision. This paper [6] surveys Human Action Recognition (HAR) methods in RGB and
skeleton modalities, listing their strengths and limitations. RGB methods offer rich spatial information
but are affected by lighting and noise, while skeleton methods contain robust motion information without
supplying context. It surveys datasets like UCF101, Kinetics, NTU RGB+D, and MSR Action3D, listing
issues like dataset variability. The work [7] proposes a multi-scale convolution transformer model for human
activity recognition, combining CNNs and transformers to learn local and global temporal features. It
uses the Channel State Information (CSI) dataset to identify and timestamp activities with high micro FI-
scores of 98.37% for weak activities and 92.81% for strong activities. The hybrid model effectively handles
complicated activity sequences. The paper [8] proposes a multimodal human activity recognition (HAR)
system using skeleton and RGB data to achieve state-of-the-art performance on challenging datasets. It
fuses skeleton features and RGB motion dynamics using decision-level fusion with classifiers like Random
Forest and SVM, achieving 98.8% precision on CAD-60. This survey [9] elaborates on the impact of deep
learning on human activity recognition (HAR) and its applications in health care, sports, and smart spaces.
It elaborates on datasets, techniques like CNNs, RNNs, and hybrid approaches, and performance metrics,
noting better performance of CNNs with spatial data and RNNs with temporal data. This work [10] presents
a human activity recognition (HAR) method with low-cost Doppler radar sensors and Convolutional
Neural Networks (CNNs). Radar sensors detect micro-Doppler signatures, which are thereafter converted to
spectrograms to extract features for activity recognition such as walking, sitting, and standing. The system
achieves high classification accuracy using a low-cost, non-intrusive solution. The approach is promising
for applications in healthcare, security, and smart homes. The key contributions of this paper, concerning
human activity recognition, are as follows:

1. In this work, an enhanced YOLOVII architecture for real-time human activity detection and object
recognition across diverse scenarios has been proposed.

2. First, the input data, consisting of images and videos, is preprocessed using techniques like resizing,
normalization, rotation, and flipping to ensure robustness under varying conditions.

3. Second, the proposed model is trained on a curated dataset of 14,186 images representing 19 distinct
activity classes, utilizing advanced training techniques such as dynamic label assignment and self-
distillation to enhance generalization. The proposed YOLOvVI1 model incorporates advanced features
such as C3k2 Blocks, SPPE, and C2PSA attention mechanisms for improved feature extraction and
activity recognition.

4.  Finally, the performance of YOLOVI11 is evaluated and compared with baseline models, such as YOLOVS,
YOLOV9, and YOLOVI0, as well as ResNet50 and EfficientNet. The results demonstrate that YOLOvI1
outperforms all baseline models in accuracy, precision, recall, and real-time processing speed, making
it suitable for applications like surveillance, healthcare, and sports analysis.

2 Literature Review

Human activity recognition is increasingly important for surveillance, healthcare, and human-computer
interaction applications. The paper reviews the recent HAR methods, classifying them as YOLO-based
and non-YOLO methods, and compares them with the proposed YOLOVII architecture. This paper [11]
proposes a radar-based HAR model using micro-Doppler features, DCNNs, LSTMs, and attention mech-
anisms with over 85% mAP performance. However, it does not support real-time processing, multimodal
fusion, explainability, and edge deployment optimization, limiting its application in real-time scenarios.
The paper [12] introduces a skeleton-based hybrid HAR model combining CNNs to learn spatial features
and LSTMs to capture temporal patterns, enhancing precision, accuracy, and Fl-score. In contrast to
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conventional techniques, which deal with these features separately and suffer from complicated tasks, the
novel model learns these features simultaneously, demonstrating enhanced generalizability on the UTD-
MHAD dataset. This paper [13] explores RGB-D sensing for HAR by combining RGB, depth, and skeleton
data for more powerful spatial-temporal analysis using models like Two-Stream Networks, C3D, and ST-
GCN. The paper [14] presents a two-stream convolution-augmented transformer network for improving
WiFi-based CSI data processing for HAR to address the weak performance of the traditional RNN and
LSTM models with inferior processing of long-term the rich spatial-temporal information in CSI data.
The paper [15] introduces a dynamic representation and sequence matching-based HAR approach with
RGB-D image skeleton features, addressing the issue that most existing HAR approaches cannot effectively
capture temporal structures and pose variations, particularly for activities with variable speed or subtle
motion distinctions. By utilizing shape dynamic time warping (shapeDTW)), it performs more accurately
than existing methods on three public datasets and enhances robustness in detecting such activities. The
paper [16] presents an HAR system using angle inclination-based HAR approach and keypoints descriptor
network to represent temporal relationships between key poses and address the drawbacks of many current
state-of-the-art systems that are restricted in the representation of pose transitions and motion variations,
especially when there are varying speeds of activities. The paper [17] presents a HAR system based on
CNN using pose-based keypoint features to provide higher accuracy and counter the disadvantage of
current models in not dealing with detailed pose features in clutter or occlusion scenarios. It has OpenPose
and COCO for pose estimation but lacks temporal modeling, implemented in future work using LSTMs
or transformers. The paper [18] presents a real-time HAR system with YOLOv5 and Tiny YOLO, which
is trained using COCO and VOC datasets, to detect undesired activities like violence or robbery with
improved accuracy in heterogeneous scenarios. The limitation of current systems is that they are not
capable of working in a real-time context-aware activity recognition due to variation in environmental
conditions. The research [19] proposes the novel YOLOV8 to detect human activity using CSP networks,
data augmentation, and optimum IoU thresholds, with experimentation on datasets like COCO, AVA, and
Kinetics. The paper [20] proposes a hybrid action recognition framework combining 3DCNN, Spatial Depth-
Based Non-Local layers, and Deep Capsule Networks to learn global temporal and local spatial information.
Current methods do not model long-range spatiotemporal dependencies, limiting performance on complex
tasks, which the proposed model addresses. The paper [21] introduces a HAR system using physiological
sensors and CNNs and LSTMs for spatial-temporal pattern learning from datasets like RealWorld HAR,
PAMAP2, and UCI HAR. It addresses sensor quality and activity complexity limitations through attention
mechanisms, multimodal fusion, and optimized architecture to achieve state-of-the-art performance. The
paper [22] presents a real-time obstacle detection method using YOLOv8 on UAV aerial images with a
96% F1 score at 200 epochs. It addresses the shortcomings of existing methods, where there is a lack of
real-time processing and precise detection of obstacles, particularly in complex environments, improve
navigation reliability for safety-critical applications. The paper [23] traces the evolution of YOLO models
for object detection in UAVs with increasing speed, accuracy, and real-time performance. Computational
efficiency and accuracy in difficult situations are challenges, detection time without optimizing performance
in difficult situations. The survey [24] explains YOLO models like YOLOV8 and 3D-YOLO for human
action recognition considering accuracy, temporal comprehension, and parameters of significance. Despite
the advancements, most YOLO models are spatial and not temporal, and therefore are issues in real-time
processing, multimodal fusion, and edge deployment, with instances of datasets like UCF101, Kinetics-600,
and AVA being put forward. The paper [25] presents a ConvNet-based HAR model that integrates dynamic
and RGB images with 98.5% accuracy on the KTH dataset. Traditional HAR methods based on static or
depth images are plagued by the lack of temporal context, generalizability to complex environments, and
limited resources on edge devices, which are addressed in the proposed model. The paper [26] proposes an
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improved YOLOV5 model for detecting small objects, with improved architecture, anchor box optimization,
and attention mechanisms, achieving good performance on DOTA, VisDrone, and COCO benchmarks.
However, challenges like low-resolution images, occlusion, and complex backgrounds remain. The paper [27]
explores ensemble learning for human activity recognition on pre-trained CNNs like ResNet, VGG, and
EfficientNet on UCF101, Kinetics-700, and NTU RGB+D datasets. However, it remains difficult to strike a
balance between the capacity of a model and computational cost, particularly in real-time applications, with
future research focusing on scalability and data dependency. The paper [28] presents YOLOvV3 for human
activity recognition from high-resolution aerial images with 85.3% mAP@0.5 and 25 FPS. The paper [29]
traces YOLO from YOLOVI to YOLOV5 and observes the advancement in speed, accuracy, and efficiency
with the help of anchor boxes, learning rates, and datasets like COCO and PASCAL VOC. All development
aside, object continuity and real-time tracking in low-resource dynamic environments pose challenges that
require optimization.

The proposed YOLOvVI1I model significantly differs from other prior YOLO and non-YOLO methods in
the integration of advanced architectural elements like C3k2 Blocks, SPPF, and C2PSA. The model improves
over prior limitations in detecting overlapping or harder activities and achieves a high mAP@0.5 score of
74.93%. The model is trained on a curated, augmented dataset with 14,186 images for 19 diverse activity
classes. Unlike skeleton or radar-based systems specialized in a fixed, narrow task, YOLOVI1 performs well
in both static and dynamic scenes. It is optimized for real-time with an 8.9 ms inference time per image. Its
light architecture means it is accurate while maintaining deployability on resource-limited edge devices.

3 Methodology
3.1 Image Acquisition

The dataset contains 14,186 images across 19 activity classes, including dynamic (e.g., running, swim-
ming) and static (e.g., sitting, sleeping) activities. These were taken from Kaggle; further, several other frames
were generated by using videos for further different views and contexts. Class imbalance was handled by
augmenting the data of the underrepresented activities like boxing and cooking, through extracting video
frames. The images were all annotated in YOLO’s bounding box format for consistency and compatibility
with the training pipeline. Low-quality or irrelevant images were removed to maintain dataset quality. This
curated dataset provided a solid foundation for training YOLOVII1 and related models. Fig. 1 shows some
sample image datasets.

3.2 Image Pre-Processing

The dataset of 14,186 images required data pre-processing for effective training and performance
evaluation of the proposed YOLOVII and other models. All the images were resized to 512 x 512 pixels for
input consistency. The data was split 70/15/15 for training, validation, and testing with an equal proportion
of all 19 activity classes. Low-quality or irrelevant images were excluded. Various augmentation techniques
were applied to simulate real-world variations and enhance model generalization, including random flipping,
rotation, cropping, and brightness adjustment. Two specific augmentation cases were used, as detailed in
Case 1: The images were randomly lightened +£25% to simulate changing light and facilitate visibility. This
step ensures that the dataset includes a range of lighting conditions, thereby enhancing model robustness.
Case 2: Applied random flipping—both horizontal and vertical. This helped the model learn better from
mirrored orientations likely to occur during inference.
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Figure 1: Sample image datasets from the curated human activity recognition dataset

Table 1: Dataset statistics

Types of activity Quantity Types of activity  Quantity

Boxing 370 Laughing 681
Calling 617 Listening to music 723
Clapping 792 Running 817
Cycling 548 Shooting 407
Dancing 795 Sitting 836
Drinking 782 Sleeping 716
Eating 713 Swimming 579
Working-out 686 Texting 479
Fighting 677 Using a laptop 635
Hugging 826 Total 14,186

Table 1 shows the distribution of image samples across the 19 activity classes in the dataset. YOLOvI1
utilized Mosaic Augmentation, which combines multiple images to simulate overlapping activities and
improve robustness. Augmentations enriched the dataset with more real-world-like, diverse, and high-
quality data. These steps significantly improved YOLOVIl’s performance in identifying human activities
in dynamic and static environments. The training, validation, and evaluation benefited from this diverse
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dataset, resulting in more accurate, less biased, and better generalized models. Fig. 2 presents some examples
of applied augmentations and their contributions to dataset enrichment.

Input Raw Images Output Augmented Images

Data Augmentation

Random brightness adjustment -23  Random brightness adjustment <23

Figure 2: Examples of applied augmentations enriching the dataset

3.3 Image Resizing and Labeling

YOLO format rescaling and annotation were important to enable training YOLOv11 and other models.
All 14,186 images were resized to 512 x 512 pixels for a balance between computational cost and maintaining
detail in order to identify activities correctly. Images were annotated using bounding boxes and labeled as
one of 19 categories of human activity, such as dynamic (running, swimming) and static (sitting, sleeping)
actions, with Roboflow. Fig. 3 illustrates this process: raw images (left), annotated samples with bounding
boxes (center), and visualization layers for segmentation and classification (right), facilitating model inter-
pretability. Proper, visual-content-based annotation facilitated effective object localization and classification.
These labels were the foundation of supervised learning, allowing YOLO models, whether anchor-free or
anchor-based, to learn spatial and contextual activity features, which facilitated robust multi-class human
activity recognition within the dataset.

3.4 Model Architecture

The YOLOWVII structure surpasses earlier YOLO frameworks in numerous aspects, enabling more effec-
tive real-time human activity recognition across five optimized stages. Phase 1 involves image normalization
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and Mosaic-based augmentation, enhancing preprocessing for better compensation of overlapping and
heterogeneous activity conditions. Phase 2 introduces new feature blocks composed of 3 x 3,5 x 5, and dilated
convolutions that excel over the typical C3 blocks in YOLOvV8-v10 in capturing fine-grained and wide-range
features. Phase 3 integrates SPPF and C2PSA modules for multi-scale feature fusion and attention-aware,
improving detection of subtle motion in complex scenes. Phase 4 refines the prediction head by using C3k2
and CBS layers in P3-P5 scales, generating more accurate bounding boxes and stable outputs in dense or
dynamic environments. Phase 5 strengthens post-processing with more effective non-maximum suppression
and context-aware adjustments to reduce false positives. These enhancements collectively yield greater mAP,
faster inference speed, and more robustness compared to earlier YOLO variants.

Figure 3: Sample labeled data

In this study, YOLOvS, YOLOV9, YOLOV10, YOLOVII, ResNet50, and EfficientNet were trained to
identify human activity in nineteen various activity classes, including boxing, dancing, sleeping, and using a
laptop. A null class was also considered for images without relevant context but not included in principal class



Comput Mater Contin. 2025;85(1) 1549

consideration. The training dataset consisted of approximately 14,186 labeled images collected from diverse
sources such as Google, GitHub, and Roboflow, depicting a broad range of real-world activity settings. All
models were trained with a consistent learning rate of 0.01 and weight decay of 0.001, a batch size of 16,
and an image size of 512 x 512, set constant for all to ensure consistency in evaluation. YOLO and ResNet50
models were trained for 50 to 100 epochs, while EfficientNet, due to its lightweight nature and considering the
computational constraints, was trained for 50 epochs. It was trained to predict both bounding boxes and class
labels of input images accurately, with weight updating based on the labeled dataset. Although these settings
provided good baseline performance, certain limitations still existed. Due to the hardware constraints, the
training was restricted to 100 epochs, and advanced augmentation techniques like Mosaic and MixUp were
not used. As future work, it is suggested to try more training epochs, use advanced augmentation techniques,
and utilize adaptive learning rate schedules like cosine annealing to further improve generalization and
performance. Fig. 4 shows proposed YOLOVII architecture.

Feature Aggression Output Processing

Backbone ‘ P
-Convél.u.ﬂ.ona-lui-.wers " :%% :lNeck )®

Conv 64,3x3, stride 2 (s2) Concat P Detect
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Figure 4: Proposed YOLOVII architecture

These training configurations thus gave a ground on which the models learn effectively to perform
suitably on a wide variety of human activities. All models shared the same parameters and preprocessing;
hence, any difference in performance between these models can be due to their architecture and learning
only. The complete set of training parameters used for YOLOVII is listed in Table 2.

Table 2: YOLOvI11 model parameter

Parameter Value

Batch size 16
Number of epochs 100

Optimizer Adamw

(Continued)
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Table 2 (continued)

Parameter Value
Pre-trained COCO model
Learning rate 0.01
Weight decay 0.001
Patience 50

These training configurations thus gave a ground on which the models learned effectively to perform
suitably on a wide variety of human activities. All models shared the same parameters and preprocessing;
hence, any difference in performance between these models can be due to their architecture and learning
only. The complete set of training parameters used for YOLOWVII is listed in Table 2.

3.5 Model Evaluation

The evaluation of the YOLOvVI1 model is observed to be strong in detecting and classifying 19 human
activity classes, both dynamic, like running and swimming, and static, like sitting and using a laptop. Training
and testing were performed in a Google Colab environment on a Tesla T4 GPU with 16 GB of memory. As
reported in Table 3, the model is composed of 512 layers, has 35,812,450 parameters, and a computational
complexity of 120.7 GFLOPs. It achieved an mAP@0.5 of 74.49% and an mAP@0.5-0.95 of 63.17%, higher
than previous YOLO models. Class-wise evaluation noted high precision and recall across all activities, with
superior performance in clapping (Precision 0.81, Recall 0.79), drinking (Precision 0.75, Recall 0.77), and use
of alaptop (Precision 0.85, Recall 0.83). The model generalizes well in both high-motion and static classes and
performs well in diverse situations. The inference pipeline is also quick, with only 0.18 ms for pre-processing,
8.9 ms for model inference, and 1.8 ms for post-processing per image. The results confirm that YOLOv11
offers improved multi-class activity recognition without compromising on the speed and efficiency needed
for real-time application in real-world scenarios.

Table 3: YOLOvVIl model parameter

Parameter Value
Model layers 512
Model parameters 35,812,450
Gradients 35,812,429

GFLOPs 120.7

4 Result Analysis

The performance analysis of YOLO models (YOLOv8, YOLOvV9, YOLOV10, and YOLOV11), ResNet50,
and EfficientNet across 50 and 100 epochs provides insights into their strengths and limitations in detecting
and classifying complex human activities. The evaluation metrics, including F1 score, mAP@0.5, and
mAP@0.5-0.95, highlight their learning, generalization, and detection capabilities. The comparative testing
performance of YOLOV11, YOLOvV8, YOLOV9, YOLOV10, ResNet50, and EfficientNet across various metrics
and training epochs is presented in Table 4.
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Table 4: Testing performance of YOLOVII, v10, v9, v8, ResNet50 and EfficientNet

Model Epoch Class Trainable Flscore mAP@0.5 mAP@0.5-
parameters 0.95
Proposed 50 All (19) ~35.8M 0.71 0.74492 0.63173
YOLOvI11
Proposed 100 All (19) ~35.8M 0.71 0.74939 0.64108
YOLOvI1
YOLOvI10 50 All (19) ~23.4M 0.69 0.72261 0.60712
YOLOv10 100 All (19) ~23.4M 0.69 0.72506 0.61014
YOLOvV9 50 All (19) ~12.5M 0.70 0.72928 0.60947
YOLOvV9 100 All (19) ~12.5M 0.71 0.73649 0.62638
YOLOv8 50 All (19) ~4.7M 0.6971 0.72337 0.6019
YOLOvV8 100 All (19) ~4.7M 0.70 0.7317 0.60557
ResNet50 50 All (19) ~25.6M 0.25 0.23 0.18
ResNet50 100 All (19) ~25.6M 0.26 0.25 0.2
EfficientNet 50 All (19) ~5.3M 0.15 0.1 0.08
EfficientNet 100 All (19) ~5.3M 0.17 0.13 0.09

Fig. 5 shows that YOLOVI11 outperformed all other models on all evaluative measures. On 50 epochs,
it performed an F1 score of 0.71, a mean Average Precision (mAP) at 0.5 of 74.49%, and an mAP ranging
from 0.5 to 0.95 of 63.17%. These measures showed a minimal improvement by 100 epochs. The model
showed strong precision and recall for all 19 classes of activities. For dynamic activities like boxing and dance,
precision measures were above 85%. In addition, consistent validation losses within initial training resulted
in minimal overfitting and misclassifications, supported by a confusion matrix (Fig. 6).
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4
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Figure 5: Training curve based on YOLOVII for 100 epochs



1552 Comput Mater Contin. 2025;85(1)

Confusion Matrix

boxing - 83 1 25
200
clapping - H 4 1 1 1 77
dancing - 137 6 1 2 4 2 1 42
drinking - 1 66 1 1 z 1 3 24 175
eating - 2 1 1 68
exercise - m 9 150
calling - 2 58 | 1 2 8 4 3. i 32
cycling - 144 DU T % 29
125
fighting - 1 5 74 1 1 2 21
b -
% hugging - - | 1 1 m T 3 X7 4 31
B laughing - 11 1 2 12 '!E’E”E 2 £ 2 1 22 — 100
E =
listening_to_music - 4 1.1 1 5 ¥ 3 'rlm I ¥ 3 36

running - 8 I 1 @6 2 H S 46
75
sitting - 2 1 2 5 7 L 3 2 & E 1 4 &8

texting - 1 5 3 3 4 1 39 26
shooting - 1 62 10 =50
sleeping - 2 # & 1 2 ” 19
swimming - 50 -2t
using_laptop - 1 78 20
background - 10 (58 49 49 68 4 13 9 24 14 7 13 41 7@ 17 13 2 37 17
' ' ' ' \ ' ' ' ' ' ' ' ' | ' ' ' ' ' ' -0
o o o o o o o =] o o o o o o o o
B f 2 g P2 2Ep 2R RE
*x o U ¥ 8 P E S5 E mE 2 EBEY¥ X BE R
8 & € € m S oo E 5 & S o g
285 £ %9 ¢ o2 5 3 E, 3™ 8 & & E 2 5
T ©° © o E ® g 5 W E o ¥
1 n E g
o ‘B
.= g =
c
@
2
)
True

Figure 6: Confusion matrix of YOLOv11-based model for 100 epochs

The improvements observed in the performance metrics of YOLOVII are inherently attributed to
its architecture adjustments. Unlike traditional backbone architectures, YOLOVII features C3k2 modules,
which combine multiple convolutional paths through the use of dilated filters. This adjustment broadens
the receptive field, enabling more complex spatial feature extraction, which is essential for recognizing
overlapped and context-dependent human movements. In addition, YOLOVI1 features the inclusion of
the C2PSA (Cross-Stage Partial Self-Attention) mechanism, which enhances its focus on body regions
relevant for actions while ignoring irrelevant details of the background. This ability allows the model to
clearly distinguish between similar postures, including sitting and sleeping. The SPPF module is a landmark
improvement, allowing for effective multi-scale contextual data integration. When complemented by a
sophisticated neck architecture, which combines lower-level and semantic features, YOLOVI1 is shown to
perform high-quality detection even for densely populated scenarios with a high number of individuals. This
provides a better performance balance between dynamic and static categories. Consequently, YOLOVS8 does
not possess elaborate attention mechanisms and struggles with handling overlapped stationary actions. The
speed-optimized YOLO-NAS variant is particularly focused on detecting object instances with smaller sizes,
yet it is insufficient for supplying ample spatial depth for deep analysis of entire body movements. Although
YOLOV10 and YOLOV9 are improvements over previous ones, neither meets the level of generalization and
inference performance attained by YOLOv1l. YOLOVII’s superior performance can be largely attributed
to improvements in its architectural design that include C3k2 blocks, SPPF modules, and the C2PSA
attention mechanism. Together, these components have improved spatial feature extraction, attentional
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mechanisms, and multi-scale representation, contributing to the model’s improved ability to detect complex
human actions.

Unlike its predecessors, like YOLOVS, without attention refinement, and YOLO-NAS, which is mainly
aimed at lightweight small object detection, YOLOVI1I is particularly tailored for challenging, high-context
tasks. YOLOVII’s feature extractor uses C3k2 blocks and a mix of dilated and regular convolutions, which
successfully increases the receptive field and allows for more complex motion patterns to be captured. The
use of C2PSA self-attention allows for the ability of the model to highlight important posture changes
while simultaneously being able to distinguish among co-occurring movements. The neck module further
integrates features by combining semantic depth with lower-level features. YOLOVII also maintains use
of a three-scale heads (P3, P4, P5) format, similar to previous versions of YOLO, and stabilizes output
through CBS refinement layers. Despite a larger number of parameters (estimated at around 35.8 million),
YOLOVI1 performed real-time inference with a staggering 8.9 ms per image. Separate ablation studies for
its constituent modules were not performed, yet overall findings confirm the benefits of its architecture.
Further investigations using controlled ablations (such as disabling C2PSA or replacing C3k2 with standard
C3) would help clarify the impact of each module. Nevertheless, performance gains seen in mAP measures,
overall generalizability to both dynamic and static scenarios, together with detection correctness, point out
the real-world relevance of YOLOVI1 for human activity recognition systems.

5 Visualization

All of YOLOVI1L, YOLOV10, YOLOV9, YOLOVS, ResNet50, and EfficientNet were trained for 50 and 100
epochs. An epoch is a single pass over the entire training set. YOLOVII continued improving, and the best
model was at epoch 100. The same trend appeared for YOLOv10, YOLOV9, and YOLOVS, whereas ResNet50
and EfficientNet were non-converging even for longer training. In terms of training time, YOLOvVI1 and
YOLOV10 took approximately 4 h for 100 epochs, while YOLOv9 and YOLOVS, being lightweight models,
took less than 3 h. ResNet50 took approximately 3 h, with EfficientNet, being a lightweight architecture, took
less than 2 h for training. Fig. 7 illustrates multiple detected activities in one frame using the YOLOv11-based
model.

Figure 7: (Continued)
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Figure 7: Examples of multiple detected images in one frame using the YOLOv11-based model

Detection outputs were tagged with confidence scores per activity. YOLOVI11 performed excellently with
high-confidence detections in dynamic and static activities, including running (0.89), dancing (0.78), sitting
(0.75, 0.91), sleeping (0.87), eating (0.54, 0.48), boxing (up to 0.87), and hugging (0.98). Improvements were
noted across epochs, with YOLOVI1 achieving an F1 score of 71%, mAP@0.5 of 74.93%, and mAP@0.5-0.95
of 64.11% at 100 epochs. YOLOV10 performed well with consistent and general performance, particularly for
static actions. It resulted in an F1 score of 69%, an mAP@0.5 score of 72.51%, and an mAP@0.5-0.95 score
of 61.01% for 100 epochs but had difficulty with discriminations among similar dynamic actions. YOLOv9
performed well for dynamic actions but had difficulty with misclassifications for overlapped static actions.
YOLOV8 performed well as a baseline but less accurately with finer discrimination. The ResNet50 and
EfficientNet, while performing well on overall tasks, did not generalize for activity detection. They performed
with lower F1 values and unstable training patterns and were unreliable for that task. In Fig. 8, Column 1
(YOLOVI11): Precise, confident detection of every activity, optimally handling ambiguous cases. Column 2
(YOLOV10): Confident, yet unable to differentiate faint activities. Column 3 (YOLOV9): Average accuracy,
misaligned bounding box. Column 4 (YOLOVS): Repeated low confidence for dynamic actions. Column
5 (EfficientNet): Unstable output, low accuracy, and confidence. Column 6 (ResNet50): Weak detection,
particularly for dynamic.

Early convergence with stable losses indicated excellent generalization for YOLOvIl. YOLOVIO0 also
indicated improvement over epochs, with a trend towards saturation. Overfitting for YOLOV9 using a higher
validation loss was indicated. YOLOV8 indicated consistent performance, yet with instability. Overlap with
ResNet50 and EfficientNet indicated inefficient learning with unstable training curves. Briefly, YOLOVI1
performed consistently better on all measures, followed by YOLOvI0 and YOLOvV9. YOLOVS had a decent
baseline performance. ResNet50 and EfficientNet, although performing well for general-purpose scenarios,
were insufficiently fine-tuned for detailed activity recognition. The experiments on this page validate that
architectural improvements, and adequate training epochs are needed for top-end human activity detection.
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Figure 8: Sample detected images for YOLOv1L, YOLOv10, YOLOvV9, YOLOVS, EfficientNet, and ResNet50, respectively

6 Conclusion and Future Work

As the demand for human activity understanding intelligent systems grows, this study compared
the performance of various models—YOLOvV8, YOLOv9, YOLOV10, ResNet50, EfficientNet, and recently
introduced YOLOvV11—in classifying 19 classes of human activity. The proposed YOLOV11 was best with a
high mAP@0.5 of 74. 93% and mAP@0.5:0.95 of 64.11%, consistent accuracy, and recall of both dynamic
activities (e.g., running, boxing) and static activities (e.g., sitting, sleeping). It also presented fast inference
(8.9 ms/image), which made it appropriate for real-time applications such as surveillance, healthcare, and
human-computer interaction. General-purpose models such as ResNet50 and EfficientNet could not cope
with the specificity of activity detection, but YOLOvVIl’s improvements, its attention-based, anchor-free
design, enabled more accurate and effective performance specific to this field.

Excellent results, despite all, there remain limitations. The dataset, while diverse, was based on pub-
licly released data, and such may not have represented real-world complexity. Specific overlap actions
(e.g., sitting and laptop use) were mislabeled, and fine or delicate movements were challenging. To address
these, future work can incorporate multimodal data (e.g., using RGB with depth or motion sensors), expand
the dataset with more diverse real-world activities, and add complex or culturally specific action classes.
Greater optimization of YOLOVI1 for mobile and edge deployment will make it more effective in resource-
constrained settings. Additionally, integration of self-supervised learning (SSL) methods, such as contrastive
learning or image inpainting, can improve generalization and allow the model to perform well under real-
world conditions, such as motion blur, occlusions, and varying lighting. These developments will not only
make YOLOVI1 an extremely high-performing model but also a benchmark for research in the field of robust,
flexible, and efficient human action recognition systems for real-world applications.
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