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ABSTRACT
One popular of object detection model for object detection is You Only Look
Once (YOLO) with humans are among the most often utilized for detection
objects. Despite the various of human datasets, just a few research that
compared the datasets performance against various versions of the YOLO
algorithm. This study compares the performance of YOLOv10, YOLOv11, and
YOLOvVI12 on eight different datasets, such as CrowdHuman, CityPersons,
Wider Person, Mall Dataset, INRIA, Microsoft Common Object (MS COCO),
PASCAL VOC, and MOT17. Precision, recall, mAP@50, and mAP@50-95 are
used to measure the YOLO model version's performance on each dataset. The
results indicate that each datasets have different perfomance on each version of
YOLO, so the performance on model depends on the variation of the dataset.
The best results on the MOT 17 dataset are obtained by YOLOv12, with 0.909 in
precision, 0.775 in recall, 0.88 in mAP@50, and 0.695 in mAP@50-95. On the
City Person dataset. However, YOLOvVI11 performs best result, with 0.782 in
precision, 0.529 in recall, 0.694 in mAP@50, and 0.476 in mAP@50-95.

Therefore, choosing a YOLO version that is appropriate for the dataset's
complexity is essential to creating the best detection model Therefore, selecting
the appropriate YOLO version according to the dataset complexity is crucial to
obtain the most optimal detection model.

INTRODUCTION

One of the most widely applied fields of Artificial Intelligence was Deep Learning. Deep Learning utilized
information from an image to produce predictions or classifications. The Convolutional Neural Network (CNN) method
in Deep Learning had become the most favored technique among developers due to its capability to extract information
from images effectively, resulting in high accuracy (Fang, Wang, and Ren 2019). In the subject of computer vision,
CNN's progress has produced a variety of architectures and methods, particularly for real-time object detection.

Computer Vision provided a wide range of algorithms that were used to classify human actions in videos, track
camera movement, follow moving objects, and more (Surbakti and Eka Putri 2022). Object detection algorithms such as
You Only Look Once (YOLO), Single Shot Multibox Detector (SSD), and Faster Region-based Convolutional Neural
Network (Faster R-CNN) were among the most popular algorithms frequently used in object detection due to their high
accuracy (Qiu et al. 2024). One of the most commonly targeted objects in detection algorithms was the human figure.
Human detection applications enabled algorithms to perform behavioral analysis, counting, or to serve as Al-based
security systems. The performance of these algorithms heavily depended on the datasets used, which served as a key
factor in enhancing object detection capabilities.

Although many studies had been conducted to develop object detection algorithms, there remained a need to
understand how different dataset characteristics affected the performance of detection models. Popular datasets
containing human objects, such as Microsoft Common Objects in Context (MS COCO), PASCAL VOC, Open Images,
and others (Sanchez, Romero, and Morales 2020), significantly influenced object detection research. However, each
dataset contained varying data conditions in terms of environment and quantity, which impacted the performance of
object detection algorithms in recognizing human objects under different circumstances, such as crowd density, lighting,
and viewpoint. Therefore, further discussion was needed to explore how dataset variations can effect the performance of
algorithm, especially You Only Look Once (YOLO) algorithm, which had evolved through multiple versions.

This study aimed to compare the performance of YOLO versions 10, 11, and 12 across different datasets focused
on human detection. The evaluation was conducted using metrics evaluation such as mean Average Precision (mAP),
precision, recall, and inference speed (Qiu et al. 2024) to determine the effectiveness of each dataset in supporting the
models to achieve optimal performance. By comparing various YOLO versions on different datasets, this study aimed
to provide insights into how specific dataset characteristics influenced object detection outcomes based on
environmental conditions, thereby assisting in the selection of the most suitable datasets for human object detection.
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LITERATURE REVIEW

Ranjan Sakopta et al. in 2024 conducted a study to thoroughly evaluate the performance of various
configurations of YOLOvVS, YOLOV9, and YOLOvV10 models in detecting fruitlets on trees in commercial orchards,
focusing on evaluation metrics such as precision, recall, mAP@50, and computational speed (pre-processing, inference,
and post-processing). In addition, this research also aims to validate the detection results with live fruitlet counting in
the field using iPhone devices and vision sensors, to support automation and efficiency in early fruit load management
in the agricultural sector (Sapkota et al. 2024).

A study conducted by Chenjic Zhao et al. in 2024 provided a comprehensive comparison of datasets in the
context of object detection algorithms applied to images captured by Unmanned Aerial Vehicles (UAVs) in maritime
environments. The study aimed to compare the performance of their custom dataset, M2Ships, with other datasets in
terms of object feature diversity, hardware limitations, and environmental variability. The datasets used included
UAV123, DTB70, DAC-SBC, VisDrone2022, AFO, Tiny Person, among others, each containing different class
distributions but generally focusing on objects such as humans, ships, and speedboats. The object detection algorithms
employed were YOLO, Faster R-CNN, SSD, RetinaNet, CenterNet, NanoDet, and PP-PicoDet-L, with performance
comparisons conducted using the mean Average Precision (mAP) metric (Zhao et al. 2024).

Jaskirat Kaur and Williamjeet Singh, in a 2022 study, compared datasets using both two-stage and one-stage
object detection algorithms. They employed a systematic review method by analyzing previous research to address
seven questions related to object detection. The datasets reviewed included ImageNet, PASCAL VOC, Open Images,
and MS COCO. The study compared the performance of these datasets using traditional object detection algorithms
such as Viola-Jones Detectors (VJ) and Histogram of Oriented Gradients (HOG), as well as two-stage algorithms like
R-CNN, Fast R-CNN, and Faster R-CNN, and one-stage algorithms like YOLO, SSD, RetinaNet, and LADet.
Performance was measured using metrics such as mean Average Precision (mAP), frames per second (fps), precision,
recall, and F1 score (Kaur and Singh 2022).

In 2023, Haitong Lou et al. developed a new model by modifying the YOLOVS architecture by replacing the C2f
block with a DC module. This DC module was inspired by DenseNet and VoVNet architectures, where the module
collected information from previous blocks while reducing redundancy, but essential information was preserved to
reduce model loss. The DC-YOLO model was developed using various datasets to assess its performance under
different conditions, including VisDrone, PASCAL VOC, and TinyPerson (Lou et al. 2023).

Shrey Srivastava et al., in their 2021 study, enhanced models such as SSD, Faster R-CNN, and YOLOV3 using
widely adopted datasets like MS COCO and PASCAL VOC. They noted that MS COCO delivered strong precision and
accuracy in object detection and had been extensively used in YOLO and SSD models. On the other hand, PASCAL
VOC was more commonly applied in older two-stage detection algorithms such as R-CNN, Fast R-CNN, and Faster R-
CNN (Srivastava et al. 2021).

Licheng Jiao et al., in 2020, compared the performance of several object detection models across various
datasets. Their study involved models such as Faster R-CNN, YOLO, SSD, RetinaNet, RetinaDet, CornerNet, and
NAS-FPN, with modifications such as Haar Cascade integration, different Feature Pyramid Networks (FPN), and
diverse backbones. The study aimed to compare the performance of each model and its modifications using evaluation
metrics like mAP and inference time. Additionally, the study explored how different datasets affected detection quality.
The datasets included MS COCO, PASCAL VOC, ImageNet, VisDrone2018, Open Images V3, and several pedestrian
datasets like Caltech, KITTI, CityPerson, TDC, and EuroCity Person. To optimize performance, the researchers made
several adjustments, such as improving localization accuracy, addressing detection imbalance, combining one-stage and
two-stage approaches, and avoiding the use of pretrained models (Jiao et al. 2020).

Based on previous research, they compared the performance of object detection models with various datasets that
have a variety of objects. These studies did not compare the performance of object detection model versions, especially
the You Only Look Once (YOLO) model. In some studies, they used YOLOVS8, which was released several years ago.
In the last 2 years, Ultralytics as a YOLO model provider, has released 3 versions of the YOLO model that use different
approaches from the previous versions, namely YOLOv10, YOLOv11, and YOLOv12 (Jocher, Qiu, and Chaurasia
2023). In Fig. 1, shows the difference in interference speed of each YOLO, where the difference in speed and mAP@50
metrics between YOLOvV8 and YOLOV10 is significant.
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Fig. 1 Latency and mAP@50 Comparison for Each YOLO Version

YOLOv10, YOLOv11, and YOLOvV12 will be utilized in this study to see how well each version performs on the
different datasets. The three most recent versions of YOLO were chosen because they improved detection accuracy,
inference efficiency, and detection capability (Wang et al. 2024). Meanwhile, YOLO version 12 is the most recent
version, which focuses on improving object detection in real-world scenarios with low latency.

YOLOvV10

The YOLOv10 model has undergone changes from previous YOLO versions by implementing a Dual-label
Assignment approach, where both one-to-one and one-to-many approaches are used to produce more accurate bounding
box predictions without the need for Non-Max Suppression (NMS) (Wang et al. 2024). With this approach, the post-
inference process is not applied, and bounding boxes are predicted directly during the inference process, thereby
reducing processing time. YOLO version 10 also employs new blocks to improve efficiency with the Parallel Split-
Attention (PSA) module and Compact Inverted Bottleneck (CIB), enabling more efficient multi-scale processing and
effective use of Attention blocks (Sapkota et al. 2024).

YOLOvV11

The YOLOvV11 model uses the C3k2 block to replace the C2f block from its predecessor, implementing a more
efficient and faster Bottleneck Cross Stage Partial (CSP) that enhances model performance. Additionally, the addition of
the Cross Stage Partial with Spatial Attention (C2PSA) block after the Spatial Pyramid Pooling - Fast (SPPF) block
enables the model to focus more on important areas of the image (Sapkota et al. 2024).

YOLOvV12

The YOLOvVI2 model is the latest YOLO model that currently has the fastest performance and highest accuracy.
YOLOV12 uses 7%7 separable convolutional layers to reduce computation, and the use of the Residual Efficient Layer
Aggregation Network (R-ELAN) ensures stable calculations on each tensor, which improves efficiency in information
extraction (Sapkota et al. 2024), (Tian, Ye, and Doermann 2025). The addition of the Flash Attention block before
entering the neck and after the neck allows the model to focus on important parts of the image (Alif and Hussain 2025).

METHOD
Start from collect datasets that will be used to develop the YOLO model. Next, the datasets are split into training
data and validation data and both data annotations are formatted according to the YOLO annotation standards. The
following stage includes data preprocessing along with determining the hyperparameter tuning for train the model. The
model is evaluated utilizing the evaluation metrics once all datasets have been used for training. Fig. 2 shows the
complete research procedure.
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Data Collection
This research utilizes the following datasets: Microsoft Common Objects (MS COCO), CrowdHuman,
CityPersons, Pattern Analysis, Statistical Modelling, and Computational Learning Visual Object Classes (PASCAL
VOC) 2007 + 2012, WiderPerson, Mall Dataset, INRIA Person, and MOT17. Each dataset contains a varied number of
data samples and objects. Each dataset was divided with 8 : 2 division ratio for training and validation data. Table 1
shows the quantity of training and validation data from each dataset.
Table 1. Dataset Comparison

Dataset Total Object Training Validation Total Image

MS COCO 250.000 51.315 12.800 64.515
PASCAL VOC 2007 + 2012 16.000 9.342 2.336 11.678
CrowdHuman 470.000 15.000 4.370 24.370
CityPerson 19.000 2.780 695 5.000
WiderPerson 386.000 7.200 1.800 13.382
Mall Dataset 60.000 1.800 200 2.000
INRIA Person 1.800 702 200 902

MOT17 292.733 4.252 1.064 11.235

Microsoft Common Object (MS COCO)

The MS COCO dataset is widely regarded as one of the best datasets for object detection due to its wide range of
images and comprehensive categories. This dataset is useful for a variety of tasks, including object segmentation,
detection, and classification, and it covers 91 commonly found object categories. Overall, there are approximately
2,500,000 object annotations distributed across 328,000 images, with the human object category dominating with
250,000 annotations spread over 64,515 images (Lin et al. 2014).

PASCAL VOC 2007 + 2012

The PASCAL VOC dataset is one of the object detection datasets that is known as a competitor to MS COCO
due to its wide range of classes and large number of objects. In the 2007 version, this dataset contains 20 classes with a
total of 5,032 images and 12,608 objects, where the human category dominates with 4,690 objects. Meanwhile, the
2012 edition consists of 17,125 images with similar 20 classes (Everingham et al. 2007), (Everingham et al. 2012),
(Everingham et al. 2010).

CrowdHuman

The CrowdHuman dataset provides data specifically designed for detecting human objects in images with
complex backgrounds and diverse scenarios. Each image depicts a crowd of people with conditions such as close
proximity, partial occlusion, variations in lighting, and complicated backgrounds. This dataset includes 15,000 training
images, 4,370 validation images, and 5,000 testing images, with total of 470,000 human object annotations (Shao et al.
2018).
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CityPerson

The CityPerson dataset is a collection specifically designed for detecting pedestrians in urban environments. This
dataset was compiled from image captures in 27 cities across 3 countries, with each image provided with high-quality
annotations for every pedestrian. The photos were taken during three different seasons, spring, autumn, and winter,
offering variations in lighting conditions and backgrounds. Overall, this dataset includes 5,000 images with a total of
35,016 human objects engaged in various activities such as walking, riding motorcycles or bicycles, sitting, and others.
However, only 3,475 images have complete annotations (Zhang, Benenson, and Schiele 2017).

WiderPerson

The WiderPerson dataset is a collection that features images with high object density, complete with accurate
annotations for each individual. The main focus of this dataset is human detection, where each image depicts various
situational conditions such as marathons, traffic jams, dynamic activities, dancing, and crowds. In total, this dataset
consists of 13,382 images, with 4,382 of them used as test data without annotations, and a total of 386,353 identified
human objects (Zhang et al. 2020).

Mall Dataset

The Mall Dataset is a collection focused on indoor environments, such as shopping malls. This dataset consists of
a video with a length of 2,000 frames that has been converted into image format with a resolution of 640 x 480 and a
framerate of less than 2 Hz. The total number of human objects in this dataset reaches approximately 60,000, with
unique annotations provided only on the head region (Loy, Gong, and Xiang 2013).

INRIA Person

The INRIA Person dataset is a collection used to develop new detection models using Histogram of Oriented
Gradients (HOG), which is expected to produce better results compared to using Support Vector Machines (SVM). This
dataset contains pedestrians from various locations with different poses to introduce diversity in the data. It consists of
614 training images and 288 testing images, with a total of 1,800 human objects (Dalal and Triggs 2005).

MOT17

MOT17 or Multi-Object Tracking 2017, is a dataset redeveloped from MOTI16 with improved ground truth
precision and the addition of detection results using Faster R-CNN, Deformable Part-based Model (DPM), and Spatial
Dependency Perception (SDP). MOT17 was derived from 14 pedestrian-dense videos in both indoor and outdoor
environments, converted into images from each frame, with a total of 292,733 human objects. This dataset provide 7 of
videos for training data and 7 of videos for test data, totaling 5,316 training images and 5,919 testing images (Milan et
al. 2016).

Parameter Selection
Several key parameters are used during the YOLO model's training process to ensure optimal optimization and
consistency. The parameters used are the initial and final learning rates, momentum, batch size, image size, optimizer,
epoch, IoU threshold, and confidence threshold. All of these parameters will be applied to all datasets containing
YOLOv10, YOLOvVI11, and YOLOv12. Table 2 shows the parameters used to train YOLO model
Table 2. Parameter for Model Training

Paramater Value
Initial learning rate 0.01
Final learning rate 0.1

Momentum 0.937

Batch size 16
Optimizer SGD
Epochs 100
Intersection over union 0.6
Confidence threshold 0.25
Mosaic 0.5
Warmup epochs 10
Close Mosaic 20
Cosine learning rate True

Metric Evalution

Models are assessed based on measures such as accuracy, recall, and mean Average Precision (mAP) at
Intersection over Union (IoU) 50 and 50-95. Precision is a statistic that assesses how precise the model is in making
correct predictions. Precision is measured by dividing the number of True Positives (TP) by the total number of True
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Positives and False Positives (FP), as seen in equation (1). Meanwhile, recall is a statistic that indicates how well the
model catches all genuine positive examples. Equation (2) shows how recall is computed by dividing the number of
True Positives by the number of True Positives and False Negatives (FN).

TP

Precision = (D
LPHFP
Recall = 2
TP+FN

The mean Average Precision (mAP) in equation (4) is calculated using the average precision (AP) in equation
(3), which includes precision and recall. AP is calculated based on the precision-recall curve by considering various
thresholds to assess the performance of the object detection model (Lou et al. 2023). By adding the AP values of each
class and dividing by the number of classes, mAP offers an overview of the model's performance across classes.

Average Precision (AP) ) = Y%_o(Rx — Ry_1) X Py (3)
mean Average Precision (MAP) = % YN AP 4)

The mean average precision (mAP) metric is classified into two types, mAP@50 and mAP@50-95, both based
on intersection over union (IoU). IoU calculates the ratio between the intersection and union areas of two bounding
boxes, the prediction box and the ground truth, to determine how much overlap exists (Pahlevi 2024). In mAP50, the
IoU threshold is set to 0.5 (50%), therefore the prediction is judged right if the overlap is 50% or more. In contrast,
mAP50-95 calculates mAP gradually throughout a range of IoU thresholds from 0.5 to 0.95, allowing for a more
rigorous and extensive investigation of various degrees of detection accuracy.

RESULT
The Ultralytics library version 8.3.91, which provides the model, is used to train the model on the Kaggle
platform (Jocher et al. 2023) and utilizes PyTorch version 2.5.1+cul21 as the Deep Learning framework (Paszke et al.
2019). The model development uses Python version 3.10.12 and hardware consisting of NVIDIA TESLA T4 with
CUDA version 12.1. The YOLO model variant used is YOLO nano because it has fewer parameters, resulting in faster
computation processes.

PASCAL VOC Dataset
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Fig 3. Model Training Results with PASCAL VOC Dataset

Crowd Human Dataset
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Fig 4. Model Training Results with CrowdHuman Dataset
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Fig 5. Model Training Results with City Person Dataset

MOT17 Dataset
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Fig 6. Model Training Results with MOT17 Dataset

INRIA Person Dataset
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Fig 7. Model Training Results with INRIA Person Dataset

WiderPerson Dataset
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Fig 8. Model Training Results with WiderPerson Dataset
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MS COCO Dataset
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Fig 9. Model Training Results with MS COCO Dataset
Mall Dataset
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Fig 10. Model Training Results with Mall Dataset

Based on the results of training the YOLO model on 8 datasets shown from fig. 3 to fig. 10, each model has
different performance. On the majority of the datasets, including PASCAL VOC, CrowdHuman, MOT17, and MS
COCO, YOLOVI2 generally performed the best in terms of precision and mAP@50 measures. On the other hand,
YOLOVvI11 performs exceptionally well in certain recall and mAP@50-95 metrics, particularly on the CityPersons and
INRIA Person datasets, demonstrating its capacity to identify items that are difficult to detect or are missed.

The results indicate a gradual improvement in precision and detection accuracy from YOLOv10 to YOLOv12,
even though the differences between versions are not always noteworthy. YOLOvV10 typically performs the worst across
nearly all metrics and datasets. On the Mall dataset, however, head-based detection alone and crowded conditions
caused all models to struggle, as evidenced by extremely low mAP50-95 values.

DISCUSSION

The training of the YOLOv10, YOLOv11, and YOLOv12 models using eight different datasets was conducted to
measure the performance and effectiveness of each model under various conditions and data variations presented by
each dataset. From the training results, it was found that the three model versions, YOLOv10n, YOLOvl1, and
YOLOvVI2n exhibited different performance outcomes across each dataset. Under certain conditions, a particular
version of the model may have advantages over the others. The varying complexity of the datasets necessitates more
suitable adaptations for each model version. For example, on the WiderPerson dataset, YOLOvI1n demonstrated better
evaluation metrics compared to other versions. However, when observing the precision and recall curves per epoch as
shown in Figure 8, YOLOvVI0 shows more stability during model training compared to YOLOv11n and YOLOv12n,
which are less stable in each epoch and thus require more epochs to converge. Therefore, the YOLOv10 model is more
capable of achieving convergence better and faster than the other versions.
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Fig. 11 Precision and Recall for Each Epoch with WiderPerson Dataset
(a) YOLOV10n (b) YOLOv11n (c) YOLOVI2n

In the INRIA Person dataset, YOLOv10n has an advantage in the precision metric compared to YOLOv11n and
YOLOvI12n. This indicates that YOLOv10n can be used to predict objects with a lower detection error rate on the
INRIA dataset. Meanwhile, in the MOT17 dataset, YOLOv10n shows superiority in the recall evaluation metric, which
allows the model to detect more of the objects that should be detected. However, compared to the newer YOLO
versions, the performance of YOLOWV10 still lags behind, especially in the mAP metric.

YOLOvI1n demonstrates fairly consistent performance across all evaluation metrics, particularly in recall, as
tested on the PASCAL VOC, MOT17, and INRIA Person datasets. This indicates that the model has fewer false
negatives or can successfully identify the items that need to be identified. However, when viewed from the precision
and recall curves in each epoch, YOLOvI11n exhibits considerable fluctuations in precision and recall across epochs,
indicating that YOLOvlln actually requires more training epochs to achieve convergence. On the other hand,
YOLOvI12n shows relatively stable performance in precision and recall across epochs compared to YOLOvI11n and
YOLOv10n on the PASCAL VOC dataset, as seen in Figure 9.
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Fig. 12 Precision and Recall for Each Epoch with PASCAL VOC Dataset (a) YOLOv10n (b) YOLOv11n (c)
YOLOvI12n

YOLOvVI2n demonstrates better performance compared to YOLOvIOn and YOLOvlln across almost all
datasets, such as MS COCO, the Mall Dataset, and CrowdHuman. YOLOv12n achieves higher in precision, mAP@50,
and mAP@50-95 than the previous versions. This balanced and stable model performance makes it suitable for more
complex scenarios, such as those found in the Mall Dataset. The Mall Dataset features relatively small head bounding
boxes, requiring the model to effectively adapt to such objects. YOLOv12n is able to produce better evaluation metrics
on this dataset compared to others, making it a model that adapts well to data variation and complexity.

Performance analysis across the eight datasets also shows that the differences in mAP50 and mAP50-95 values
between models vary depending on the dataset. Dataset complexity plays a major role in determining model
performance. For instance, PASCAL VOC contains a moderate object density, allowing YOLOvV10 to remain relevant
for use with this dataset. However, in more complex datasets such as MOT17 and CrowdHuman, YOLOv10 becomes
less suitable compared to YOLOv11 and YOLOv12, which deliver almost equal performance. Complexity is also
influenced by lighting conditions and variations in camera angles within the dataset. Thus, selecting an appropriate
dataset for a specific application depends on the user’s needs. In this context, YOLOvI1 and YOLOvV12 tend to provide
more robust results compared to YOLOv10, which experiences a significant performance drop in mAP metrics.

CONCLUSION

The results of the evaluation of the YOLOv10, YOLOvI11, and YOLOv12 model performance on eight distinct
datasets indicate that each model's performance is significantly impacted by the complexity and various datasets. The
dataset's complexity and environmental factors, including lighting, viewing angle, and item density, present various
obstacles for each YOLO model to achieve optimal performance. In general, YOLOv11 and YOLOv12 outperform
YOLOV10, particularly when it comes to datasets with high complexity. Nevertheless, YOLOV10 can still be applied to
datasets with low levels of complexity, depending on the dataset's requirements.

The performance of the YOLO models also showed that version upgrades not only provided better results overall
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but also offered improved adaptability to varying data conditions. YOLOv12 was a better option in some situations
because it continuously produced better results in measures like mAP and recall. Nonetheless, YOLOvI11 continued to
outperform YOLOvV12 in several circumstances. Consequently, when it comes to comprehensive and precise detection
under various data settings, both YOLOvI1 and YOLOvV12 can be regarded as choices. However, since no single model
is infallibly better in every situation, the best object detection model should still be chosen after taking into account the
particulars of the dataset being utilized as well as the requirements of the application as a whole. These results highlight
how crucial it is to have a thorough grasp of the data context while creating and using YOLO-based object detection
models.
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