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The problem of roadside object detection is essential for ensuring vehicle safety and preventing life-altering car accidents. A
potential solution to this problem is the utilization of deep learning-based object detection models, such as YOLO, that can
detect and classify objects. In this paper, we investigate the performance of six different YOLO models for roadside object
detection: YOLOv7, YOLOVS, YOLOV9, YOLOvV10, YOLOv11, and YOLOv12. We analyzed the performance of these models
for detecting and labeling common objects found on roads. Furthermore, we investigated the augmentation techniques mixup
and cutmix for improving the performance of these models. Our investigation revealed that YOLOVY is the best model, as it
achieved a precision of 84.8%, a recall of 84.8%, and an F1 score of 84.8% on the KITTI dataset. Our experimentation with
different augmentation schemes demonstrated that implementing a mixup with a mixing coefficient of 0.9 further improves the
model’s precision by 4.1% and its recall by 1.9%, resulting in an F1 score increase of 3.0%. Similarly, implementing a cutmix at
0.1 increases the model’s precision by 5.3% and its recall by 0.7%, resulting in a F1 score increase of 2.9%. Overall, this work

provides several recommendations for training object detection models for roadside object detection.
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Introduction

As more vehicles and drivers have gotten on the road, there
has been a sharp increase in the number of fatal road acci-
dents in the past few years. According to the World Health
Organization, over 1.2 million people are killed due to car ac-
cidents, and around 20 million others suffer life-altering in-
juries!. The consequences of these accidents go beyond the
immediate fatalities because they place a strain on healthcare
systems and emergency services. As the number of traffic ac-
cidents continues to grow, it becomes crucial to identify their
main causes and improve the methods of preventing them. In
a study done by the U.S. Department of Transportation, it was
found that over 94% of vehicle accidents are caused by human
error, including factors like distraction, impaired driving, and
decision-making mistakes?.

One of the most effective ways to address this issue is to
introduce additional guidance via the implementation of au-
tonomous safety systems on vehicles. To apply these safety
features, one must solve the problem of road object detection
and identification. Object detection and identification algo-
rithms on vehicles can warn drivers of oncoming traffic or
the possibility of a pedestrian or cyclist crossing in their path.
These features can also prevent drivers from getting too close
to another car and help them keep track of the road in unlit
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locations.

Many computer vision algorithms have been developed for
this purpose. Template matching is a basic approach to object
detection, where a template is used to describe an object, and
then objects in captured images are compared to the template
to check if they match. Feature extraction and logistic regres-
sion classification algorithms are another approach to object
detection and classification. A feature detector describes an
object’s unique features, like edges and textures®. A trained
classifier is then used to classify the object. While these meth-
ods are effective in most object detection applications, they
often struggle when completing more complex tasks.

One method that has recently shown excellent results
in computer vision applications, including object detection
and classification, is Convolutional Neural Networks (CNN).
CNN’s ability to handle complex and non-linear patterns
makes it a prime candidate for being used in autonomous

safety mechanisms®,

An effective application of CNNs in object detection is the
development of the “You Only Look Once” (YOLO) algo-
rithm. In this paper, we examined the performance of different
variants of YOLO methods on the popular KITTI(Karlsruhe
Institute of Technology and Toyota Technological Institute)
dataset® comprising different roadside objects. The dataset
contains a collection of images of real-world road scenarios
and LIDAR(Light Detection and Ranging) data, along with
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Fig. 1 Sample Images from Datasets.

nine different labels for the images. The different YOLO mod-
els used are YOLO v7, v8, v9, v10, vl1, and v12. We have
done comprehensive testing and tweaking of the models to
maximize their effectiveness. A significant way of improv-
ing these models is by utilizing data augmentation. Hence,
this work aims to compare how different YOLO models per-
form for object identification and classification tasks, and si-
multaneously determine the effect of mixup and cutmix-based
augmentation schemes on each model.

The rest of this paper is organized as follows: first, related
work relevant to this study is analyzed. Next, the dataset and
methodologies used are described. This is followed by a de-
tailed discussion of the experiments and results. Finally, the
paper concludes with a summary and key findings.

Related Work

Research has been completed in this field already. Yang et
al.% present a comprehensive survey of image data augmen-
tation techniques for deep learning, offering a structured tax-
onomy that includes geometric transformations, photometric
adjustments, kernel filtering, and mixing-based methods such
as mixup and cutmix. Their work synthesises empirical find-
ings across multiple computer vision tasks, including object
detection, demonstrating how augmentation improves dataset
diversity and model generalisation. While the study does not
propose new augmentation algorithms, it provides an essen-
tial conceptual and empirical foundation for understanding the
practical role of augmentation in mitigating overfitting and im-
proving detection robustness. This review informs the present
work’s selection of mixup and cutmix as augmentation strate-
gies for YOLO-based roadside object detection on the KITTI
dataset.

Chen et al.” propose a robust object detection framework
for autonomous driving that integrates contrastive learning
with semi-supervised co-training and reinforcement learning-

driven bounding box augmentation. Published in Security and
Safety, their method leverages unlabeled data to enhance ro-
bustness against environmental perturbations such as Gaussian
noise, rain, and fog. Their focus lies primarily on improv-
ing detection stability under adversarial and adverse weather
conditions through semi-supervised learning strategies. In
contrast, the present study adopts a fully supervised train-
ing paradigm and concentrates on evaluating the impact of
systematic image-level augmentation (mixup and cutmix) on
YOLO model performance, allowing for a controlled analysis
of augmentation effects independent of semi-supervised learn-
ing dynamics.

Recent reviews of deep learning in autonomous driving sys-
tems highlight the central role of convolutional neural net-
works in real-time perception tasks, including object detection
and decision-making®. These studies emphasise the impor-
tance of accurate and timely detection for Advanced Driver
Assistance Systems, particularly in complex roadside envi-
ronments. This broader context underscores the relevance of
optimising detection architectures and training strategies to
improve system reliability in safety-critical scenarios. The
present work aligns with these objectives by focusing on em-
pirical optimisation of YOLO-based detection performance
through augmentation techniques tailored to roadside object
detection.

Zhao et al.? introduce RT-DETR, a real-time transformer-
based detector that eliminates Non-Maximum Suppression
through a hybrid encoder architecture. RT-DETR demon-
strates competitive accuracy relative to leading YOLO models
while achieving increased inference speed compared to prior
transformer-based methods. Although transformer detectors
represent a promising alternative to traditional CNN-based ar-
chitectures, the present study maintains a focused scope by
evaluating only YOLO variants. This decision enables a more
rigorous and controlled comparison within a single architec-
tural family, providing depth in performance analysis rather
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than broad cross-paradigm comparison.

Vu et al.1% address the limitations of standard mixup in ob-
ject detection through their lossmix framework, which inter-
polates loss values rather than ground truth labels to better ac-
commodate the structured nature of detection tasks. Achiev-
ing state-of-the-art performance on PASCAL VOC and MS
COCO, their work highlights the challenges of directly apply-
ing classification-oriented augmentation techniques to detec-
tion problems. While lossmix proposes an alternative formu-
lation, the present study investigates conventional mixup and
cutmix to systematically evaluate how standard augmentation
strategies influence YOLO detector performance across differ-
ent augmentation strengths in autonomous driving contexts.

Zhao et al.l!' propose X-Paste, an extension of copy-paste
augmentation that employs text-to-image generation guided
by CLIP to synthesise diverse training instances without man-
ual annotation. This approach specifically targets data scarcity
and class imbalance, improving detection performance for un-
derrepresented categories. While X-Paste focuses on generat-
ing novel synthetic data, the present work explores how ma-
nipulating existing images through mixup and cutmix influ-
ences detection robustness, particularly for roadside-relevant
classes such as cyclists and pedestrians.

Jia et al.'? introduce an enhanced YOLOVS architecture
for autonomous driving applications, integrating structural re-
parameterisation, neural architecture search, and improved
small object detection layers. Their model reports strong per-
formance on KITTI, achieving high detection accuracy along-
side real-time inference speeds. This work exemplifies how
architectural refinement can significantly enhance detection
effectiveness. In contrast, the present study explores perfor-
mance gains achievable through training-time augmentation
alone, allowing for comparison between architecture-driven
and augmentation-driven performance improvements.

Similarly, Zhang et all¥ present MobileYOLO, a
lightweight YOLOv4 variant designed for deployment on
resource-constrained platforms. By reducing parameter count
while maintaining competitive accuracy on KITTI, MobileY-
OLO highlights the trade-offs between efficiency and accu-
racy in real-world systems. The current study complements
this line of research by examining whether augmentation
strategies can further enhance detection accuracy without in-
creasing computational overhead.

Wei et al.'# provide a comprehensive review of the YOLO
family within autonomous driving contexts, tracing the algo-
rithm’s progression from early versions to the most recent
iterations and summarising architectural improvements and
deployment considerations. Their survey situates contempo-
rary YOLO variants within a broader historical and technical
framework. Building on this context, the present work con-
ducts an empirical comparison of recent YOLO variants under
uniform training conditions, with a particular focus on the in-

fluence of mixup and cutmix augmentation on roadside object
detection performance using the KITTI benchmark.

Despite extensive research on architectural optimisation
and emerging detection paradigms, limited work has sys-
tematically examined the interaction between augmentation
strength and performance consistency across multiple YOLO
variants in autonomous driving contexts. Existing studies
tend to isolate either architectural innovation or augmentation
technique evaluation, but rarely explore their combined influ-
ence under controlled experimental conditions. This study ad-
dresses this gap by conducting structured experiments on re-
cent YOLO models, varying mixup and cutmix coefficients to
quantify their effects on detection accuracy and robustness.
The findings provide practical guidance for selecting aug-
mentation strategies and parameter configurations in safety-
critical roadside detection systems, where both precision and
resilience to occlusion and environmental variation are essen-
tial.

Materials and Methods

Dataset and Pre-processing:

The systematic experiments run for this paper all utilize the
KITTTI dataset created by Andreas Geiger. The KITTI dataset
was recorded from a moving car driving around the streets
of Karlsruhe, Germany. The KITTI dataset was selected in
this study because it provides a solid foundation for object
detection models that need to function in real-world driving
environments. The dataset contains images of real traffic sit-
uations one may encounter on a road, along with a mix of
urban streets, highways, and residential areas. The images in
the dataset have consistent image sizes and well-labeled an-
notations. All of these factors contribute to the KITTI dataset
being the ideal dataset for testing the applicability and relia-
bility of a model for roadside object detection. Sample images
from the dataset are provided in Fig. [I] The dataset contains
7,481 images which were taken on daily sidewalks, streets,
and roads. Image heights range from 370 to 376 pixels, with
an average of 374.5 pixels per image. Image widths range
from 1224 to 1242 pixels, with an average of 1239.9 pixels
per image. The distributions of image heights and widths are
depicted in Fig. 2]

There are 9 different classes of objects in the KITTI dataset,
which are divided into these 9 labels: Pedestrian, Truck, Car,
Cyclist, DontCare, Misc, Van, Person_sitting, and Tram. In
total, there are 51,865 instances of objects. The distribution of
classes is as follows: Car (28,742), DontCare (11,295), Pedes-
trian (4,487), Van (2,914), Cyclist (1,627), Truck (1,095),
Misc (973), Tram (511), and Person_sitting (222). A visualiza-
tion of the class distribution is provided in Fig[3] The dataset
contains more instances of cars than of any other class because
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Fig. 6 Bounding Box Position Distribution.

cars are the most commonly found objects on roads. Other
classes, like Tram or Person_sitting, have fewer instances be-
cause they are less frequently found when driving. The mean
instances per class is about 5,763, while the standard devia-
tion of instances per class is about 8,747. Each instance has a
bounding box drawn around it. The majority of the bounding
boxes have widths running from 25 to 150 pixels, with an av-
erage width of 91.1 pixels and a median width of 59.7 pixels.
The heights of the bounding boxes primarily range from 10
to 75 pixels, with an average height of 63.0 pixels and a me-
dian height of 42.5 pixels. Fig[]provides a visualisation of the
bounding box size distribution for the dataset. The bounding
boxes are primarily small because most objects in the images
are being captured from a large distance. Fig[3]displays box
plots for bounding box sizes by class. Trams have the largest
median width, while pedestrians have the lowest. Pedestrians,

however, have the highest median image height, while cars
have the lowest.

A bounding box’s xmin represents the distance from its left-
most point to the left edge of the image, and its ymin repre-
sents the distance from its bottom-most point to the bottom
edge of the image. Most of the bounding boxes’ xmin are
concentrated between 0 to 40 pixels or 500 to 600 pixels. This
suggests the majority of the objects appear on the left side, rep-
resenting oncoming traffic, or on the center-right side of the
image, representing roadside objects. The bounding boxes’
ymin are concentrated between 150 to 200 pixels. This sug-
gests that objects are likely located in the center of the image,
where the roadline is located. Figl6| shows visualizations of
the xmin and ymin distributions for the bounding boxes in the
dataset, and Fig[7displays a scatter plot for bounding box po-
sitions.
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Fig[§] shows a correlation heatmap between the bounding
boxes’ width, height, xmin, ymin, xmax, and ymax values.
The relationship between xmin and ymin and the relationship
between xmax and ymax each have a strong negative correla-
tion of -0.25 and -0.27, respectively. This suggests that objects
on the sides of the image appear to be higher up in the image,
while objects in the center of the image appear lower in the
image. This pattern reflects how distant or elevated objects
appear towards the edges and higher up.

YOLO Models

YOLO (You Only Look Once)3, proposed in 2015, is a
state-of-the-art object detection algorithm that uses an end-
to-end neural network to predict bounding boxes and class
probabilities simultaneously. Instead of detecting possible re-
gions of interest, YOLO performs all its predictions with con-
nected layers, making it faster than other algorithms like R-
CNN(Region-based Convolutional Neural Network), which
identifies potential object regions in an image and then uses
a neural network to classify what each region contains, or
DPM(Deformable Part Models), which represent objects as
collections of parts that can flex and move relative to each
other while maintaining spatial relationships.

YOLO takes images as inputs and uses a deep convolutional
neural network to detect objects in the images. The architec-
ture of the CNN model YOLO utilizes is shown in Fig. [9]
YOLO divides the input image into a square grid. When an ob-
ject is present in the image, each grid cell predicts a bounding
box and produces a confidence score for the bounding boxes.
Each grid cell can predict multiple bounding boxes, but dur-
ing training, the algorithm chooses whichever bounding box
overlaps most with the actual object location. As training pro-
gresses, the grid cells become better at predicting bounding

boxesiZ,

In this paper, we have implemented YOLO models v7, v8,
v9, v10, vl1, and v12. Descriptions for each YOLO model
implemented are provided below:

YOLOv7

YOLOv71E, released in July 2022, is a single-stage real-time
object detection system. YOLOvV7 focuses on the optimization
of the training process and introduces several key features and
improvements over previous YOLO versions. It proposes a
planned re-parameterized model, a technique that can be used
in different types of neural network layers with the concept of
gradient propagation path.

The model also introduces a new label assignment method
called coarse-to-fine lead guided label assignment. This
method starts with a rough decision about which network layer
should detect each object, then gradually refines those assign-
ments based on which layers performed the best. The model
also proposes extended and compounded scaling methods for
the real-time object detector™.

Compared to previous models, YOLOv7 reduces parameter
count by 40% and computation by 50%, while achieving a
faster inference speed and a higher detection accuracy.

YOLOv8

YOLOv82Y, released by Ultralytics in January 2023, builds
on the advancements of previous yolo versions and introduces
new features and optimizations. The model employs backbone
and neck architectures. The backbone extracts features from
raw images, and the neck combines and organizes these fea-
tures. This allows the head to make final predictions on the
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object locations and classifications. This results in improved This directly predicts object locations without using prede-
feature extraction and object detection performances. fined anchor boxes, which results in better accuracy and a

YOLOVS also adopts an anchor-free split Ultralytics head. more efficient detection process. YOLOVS offers a range of
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pre-trained models speci ¢ to various tasks and performancadapts architecture based on redundancy to optimize param-
requirements, making it applicable to multiple use cases.  eter utilization. All of these techniques minimize inference
YOLOvVS8 focuses on maintaining an optimal balance be-latency and computational overhead while maintaining accu-

tween accuracy and speed. Performance-wise, YOLOv@&acy.
achieves faster inference speed than most other object detec-
tion models while maintaining a high level of accuracy.

YOLOv11
YOLOV9

YOLOV1123, released in September 2024 by Ultralytics, con-
YOLOV9?Y, released in February 2024, introduces innovativetains improvements in architecture and training methods over
approaches to overcoming the information loss challenge inprevious YOLO models. YOLOv11 has many model variants,
herent in neural networks. The model improves learning caeach applicable to speci ¢ tasks like pose estimation, instance
pacity and ensures retention of crucial information throughsegmentation, image classi cation, object detection, or ori-
implementing programmable gradient information (PGI) andented object detection.

a generalized ef cient layer aggregation network (GELAN).  vo| Ov11 employs an enhanced backbone and neck archi-
PGl is implemented to address the information bottleneckecture, which enhances the feature extraction capabilities of

problem. The information bottleneck principle reveals that aShe model. YOLOvV11 is optimized for ef ciency and speed.

data passes through successive layers of a network, the pep|.Ov11 can also be deployed across various environments.

tential for information loss increases. The technique uses aftyis includes edge devices, cloud platforms, and systems sup-
auxiliary reversible branch to allow for the generation of reli- horting NVIDIA GPUs

able gradients. This results in more accurate model updates

|mpLOV|_ng cIJveraII de_tectu:cn performalrllce. _ some previous YOLO models with fewer parameters. When
The implementation of GELAN allows YOLOV9 to im- implemented on the COCO dataset, YOLOv11 achieved a

prove its parameter utilization and computational ef ciency. higher accuracy than YOLOVS with 22% fewer parameters.
GELAN is a lightweight architecture that combines features

from different network layers. This helps make YOLOv9
adaptable to a wide range of applications without sacri cing
its speed or accuracy.

"YOLOvV11 has been able to achieve higher accuracies than

YOLOv12

YOLOV12%4, released in 2025, was developed by researchers
YOLOv10 from the University of Buffalo, SUNY, and the University
YOLOV1022 released in Mav 2024 by researchers at TS_of Chinese Academy of Sciences. It introduces an attention-
. T y y res centric architecture different from the traditional CNN-based
inghua University, addresses post-processing and model af- . .
4 LT . . . approaches used in previous YOLO models.
chitecture de ciencies present in previous YOLO versions. i . ]
YOLOV10 eliminates non-maximum suppression(NMS) and 1€ attention-centric architecture YOLOv12 employs fo-
optimizes various model components to reduce computation&4US€S 0N an image's important areas, rather than treating ev-
overhead and improve performance. ery part of the image equally. This cuts down on unneces-
The architecture of YOLOV10 is similar to the architecture S&Y Processing, making the model sharper and more ef cient.

of previous YOLO versions, but it introduces several new fea-Y OLOV12 also utilizes FlashAttention, a memory-ef cient al-
tures. The model's architecture consists of a backbone an8Ofithm, to speed upimage analysis. FlashAttention optimizes
neck similar to those of previous models; however, it feature&lata strain and uses less memory.

two heads. YOLOV10 utilizes a one-to-many head that gen- YOLOV12 organizes its layers using Residual Efcient
erates multiple predictions per object during training, and d-ayer Aggregation Networks (R-ELAN). R-ELAN is a fea-

one-to-one head that generates the single best prediction p@itre aggregation model based on ELAN, designed to address
object during inference. optimization challenges. It incorporates block-level residual

The one-to-one head utilized during inference remove§0nnecti0ns and a bottleneck-like structure. R-ELAN makes
the need for NMS. YOLOV10 also incorporates a holistic training more stable and object recognition sharper.
ef ciency-accuracy-driven model design. Ef ciency enhance- YOLOv12 comes in different variants optimized for dif-
ments include lightweight classi cation heads using depth-ferent applications. Smaller versions prioritize speed, while
wise separable convolutions, spatial-channel decoupled dowmedium and large versions strike a balance between speed and
sampling that separates spatial and channel processing to reecuracy. Because of its architecture, YOLOv12 is expected
duce information loss, and rank-guided block design thato run slower than previous YOLO models like YOLOv11.

8]



Experiments and Results Precision measures the percent of correct predictions out
of all predictions made in the positive class. The formula for

Training and Implementation Details precision is shown in the equation below. TP denotes true pos-
itive(a real object that the detector correctly found), while FP

All' models were implemented using their small variant andgenotes false positive (detected an object that wasn't actually
initialized with pretrained weights from the COCO (Common there).

Objects in Context) dataset. The dataset was split into 72%

for training, 8% for validation, and 20% for testing using ran- Precision = TP B

dom sampling with a xed seed of 42. Training was conducted (TP+FP)

for 100 epochs with a batch size of 16 and input image dimen- )

sions of 640 640 pixels, using the NVIDIA Tesla P100 GPU.  Recall measures the percentage of objects the model de-

The model was trained using a Stochastic Gradient Descelﬁ?Cted out of the total number of objects in the dataset. The

optimizer con gured with an initial learning rate of 0.01, mo- ormulafor_recall is shovv_n in the equation below. FN denotes
mentum of 0.937, and weight decay of 0.0005. The Iearnindalse negatives(a real object that the detector missed).
rate schedule employed linear decay with a nal learning rate P
fraction of 0.01, resulting in a nal learning rate of 0.0001 by Recall = TP+EN) 2)
the end of training, along with a 3-epoch warmup period start-
ing from a warmup momentum of 0.8. Data augmentation The Mean Average Precision(mAP) measures how well a
techniques included mosaic augmentation, color space adjustiodel performs across the entire con dence spectrum. It is
ments (hue=0.015, saturation=0.7, value=0.4), horizontal ip-calculated by taking the area under the curve formed by a pre-
ping with 50% probability, random translation of 10%, and cision vs recall graph. Averaging out the area under this curve
scaling with a gain of 0.5. Non-Maximum Suppression usedor all classes will provide the mAP.
an loU threshold of 0.7 and a con dence threshold of 0.001 The last metric used is F1 score. F1 score calculates the
for validation. Each model employs a composite loss func-harmonic mean of precision and recall. It provides a balanced
tion consisting of three weighted components: bounding boxcore between the precision and recall. The formula for F1
regression loss with a gain of 7.5, classi cation loss with ascore is shown in the equation below.
gain of 0.5, and Distribution Focal Loss with a gain of 1.5
for re ned box localization. The architectures use Sigmoid F1=o (Precision Recall)
Linear Unit activation functions throughout the network. All (Precision + Recall)
experiments used the Ultralytics library, and were conducted : . : . .

: . ) All of these relationships can be viewed using a confusion
on Kaggle, a popular platform for machine learning projects. matrix

Two additional augmentation schemes have been imple- ’

mented on YOLOV9: mixup and cutmiX Mixup blends
two images and their labels to help the model identify objectd®erformance of different YOLO models

W_hen they are partially ob_s_cured or bI_urred. The mixup (.:OGf'Our experiments showed that YOLOv7 achieved an overall
cient controls the probability of applying the augmentation.

. recision of 82:1%, a recall of 74:3%, a mAP50 of 80:4%,
For YOLOVY, ithas been keptas 0.1, 0.3, 05, 0.7, and 0.9. O A°Nh 2o ol e Jo ™ o e Hoted' i t0r 100
the other hand, cutmix takes a rectangular region out of ong

training imaae and pastes it onto another imaae. This Create£ochs, and resulted in an F1 score of 0.780. Table 1 further
'ng ge. P ge. ) shows the class-wise performance of YOLOv7. The model's
realistic occlusion examples for the model to train on, improv- : S ; .
ing the robustness of the model. The cut mix hvoer aramete?etecuon pipeline often fails between the detection and clas-
g o T yPerp .~ Si cation stages. 837 of the real objects the model detected
controls the probability of adding the augmentation to a given

o ! . were classi ed as background during the nal prediction, but
training image. For YOLOV9, the cutmix coef cient has also . . )
been kept as 0.1, 0.3, 0.5, 0.7, and 0.9. the model wrongly predicted 387 objects. This suggests the

model's NMS is simultaneously under-suppressing false pos-
itives and over-suppressing valid detections. This is likely be-
Performance Metrics cause of bounding box regression errors and an inconsistent
application of loU(Intersection over Union) thresholds, which

The performance metrics we have used in our research are pris-the measure of how much predicted boxes overlap with each
cision, recall, Mean Average Precision(mAP), and F1 score. Aother to decide which duplicates to remove. The bounding
confusion matrix has been made for each experiment run, arldoxes that YOLOv7 draws are slightly misaligned, so when
mMAP has been measured at a 50% overlap threshold and a 5a¥e NMS tries to remove duplicates, it accidentally deletes the
to 90% overlap threshold. real object while keeping the fake one.
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Table 1 Class-wise Performance of YOLOv7

Class Images| Instances| Precision| Recall| mAP
All 749 5099 0.821| 0.743| 0.804
Car 662 2794 0.911| 0.915]| 0.957
Pedestrian 183 445 0.856| 0.674] 0.784
Van 232 307 0.901| 0.893| 0.937
Cyclist 114 167 0.833| 0.784] 0.852
Truck 115 118 0.953| 0.932] 0.980
Misc 80 105 0.917| 0.771] 0.835
Tram 36 54 0.829| 0.907| 0.935
Personsitting 10 23 0.587| 0.652| 0.677
DontCare 524 1085 0.591| 0.166| 0.287

Table 2 Class-wise Performance of YOLOv8

Class Images| Instances| Precision| Recall| mAP
All 749 5300 0.861| 0.746| 0.819
Car 659 2906 0.942] 0.903]| 0.964
Pedestrian 199 488 0.908| 0.629| 0.784
Van 213 311 0.934| 0.923] 0.961
Cyclist 124 177 0.863| 0.780| 0.816
Truck 96 101 0.979| 0.980| 0.992
Misc 72 96 0.880| 0.812]| 0.907
Tram 43 71 0.850| 0.877| 0.916
Personsitting 15 46 0.729( 0.652| 0.715
DontCare 538 1104 0.659| 0.137] 0.313

Table 3 Class-wise Performance of YOLOvV9

Class Images| Instances| Precision| Recall| mAP
All 749 5402 0.848| 0.848| 0.868
Car 681 3008 0.924| 0.968]| 0.982
Pedestrian 161 424 0.882( 0.818]| 0.860
Van 233 319 0.934| 0.978| 0.986
Cyclist 100 134 0.871| 0.908| 0.945
Truck 122 129 0.976| 1.000| 0.995
Misc 70 89 0.861| 0.933] 0.951
Tram 28 34 0.893| 1.000| 0.993
Personsitting 10 15 0.619| 0.759] 0.734
DontCare 562 1250 0.509| 0.474] 0.428

YOLOVS8 achieved an overall precision of 86:1%, a recall of fully identi es objects, but the model loses con dence during
74:6%, a mAP50 of 81:9%, and a mAP50-95 of 59:2%. The nal classi cation, causing detected objects to be reclassi ed
YOLOv8 model took 2.805 hours to train on its 100 epochs,as background due to overly conservative con dence thresh-
and resulted in an F1 score of 0.799. Table 2 shows the classlds. The technical issues stem from YOLOv8's NMS im-
wise performance of YOLOV8. The model exhibits severe ob-plementation over-suppressing valid detections while simul-
ject deletion syndrome, erasing 899 real objects while creatinganeously allowing false positives to persist, indicating poor
only 395 phantom objects, resulting in a net destruction of 504alibration of loU thresholds and the split Ultralytics head's
visual objects from scenes. The widespread object disappearon dence scoring mechanism.

ance suggests YOLOv8's anchor-free detection head SUCCESS v oLOV9 achieved an overall precision of 84:8%, a recall of
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Table 4 Class-wise Performance of YOLOv10

Class Images| Instances| Precision| Recall| mAP
All 749 5224 0.801| 0.746| 0.803
Car 683 2908 0.871] 0.931] 0.962
Pedestrian 176 482 0.744] 0.712] 0.763
Van 199 266 0.867| 0.907| 0.952
Cyclist 111 164 0.773] 0.762] 0.834
Truck 101 106 0.955| 0.981] 0.992
Misc 69 88 0.879| 0.807] 0.876
Tram 30 43 0.866| 0.904| 0.951
Personsitting 12 26 0.719( 0.493| 0.616
DontCare 513 1141 0.528| 0.220| 0.279
Table 5 Class-wise Performance of YOLOv11
Class Images| Instances| Precision| Recall| mAP
All 749 5237 0.839| 0.768] 0.818
Car 679 2888 0.905| 0.928] 0.965
Pedestrian 184 422 0.814] 0.713] 0.786
Van 227 306 0.900| 0.918| 0.963
Cyclist 123 171 0.861] 0.825] 0.901
Truck 104 111 0.973| 0.910] 0.938
Misc 93 121 0.884| 0.822] 0.878
Tram 39 58 0.924] 0.948] 0.972
Personsitting 6 15 0.662| 0.654| 0.649
DontCare 540 1145 0.620( 0.194| 0.305
Table 6 Class-wise Performance of YOLOv12
Class Images| Instances| Precision| Recall| mAP
All 749 5193 0.852| 0.759] 0.826
Car 662 2881 0.935]| 0.928] 0.971
Pedestrian 197 490 0.884| 0.734] 0.834
Van 215 277 0.951] 0.903]| 0.953
Cyclist 117 168 0.839| 0.792] 0.846
Truck 96 101 0.955| 0.950| 0.988
Misc 78 94 0.874] 0.809]| 0.884
Tram 37 a7 0.874| 0.884] 0.915
Personsitting 16 31 0.719( 0.613]| 0.720
DontCare 521 1104 0.635| 0.207] 0.324
Table 7 Overall Performance of YOLO Models
Model Precision| Recall| mAP | Latency(ms)| F1 Score
YOLOv7 0.821| 0.743] 0.804 2.4 0.780
YOLOvV8 0.861| 0.746| 0.819 2.6 0.799
YOLOV9 0.848| 0.848]| 0.868 8.6 0.848
YOLOv10 0.801| 0.746| 0.803 15 0.773
YOLOv11 0.839| 0.768| 0.818 25 0.802
YOLOv12 0.852| 0.759| 0.826 2.6 0.803
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Fig. 10 Confusion Matrices of YOLO Models.

Fig. 11 Sample Prediction Images from YOLOV9.
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84:8%, a mAP50 of 86:8%, and a mAP50-95 of 69:6%. TheYOLOv12's attention-centric architecture fails to solve the ob-
YOLOV9 model took 9.468 hours to train on its 100 epochs,ject detection problems encountered in previous models, like
and resulted in an F1 score of 0.848. Table 3 shows th&OLOv11.

class-wise performance of YOLOv9. The model's PGI mech- Table 7 displays the overall performance of each YOLO
anism successfully addresses information bottleneck problemsodel together. YOLOv8 achieved the highest precision, but
for most object categories, with 6 classes showing less thadid not perform exceptionally well in recall. YOLOv9

10% erasure rates, indicating strong information preserva- achieved the highest recall while maintaining a high pre-
tion during forward propagation. YOLOv9's GELAN archi- cision, so it attained the highest F1 score. The models that
tecture proves highly ef cient with 4 classes, achieving lessperformed the next best were YOLOv12 and YOLOv11, both
than 90 % identity stability. Despite these improvements, theachieving F1 scores 0.045 and 0.044 lower than YOLOV9, re-
model maintains conservative classi cation behavior with cer-spectively. The median latency is 2:55 milliseconds per im-
tain challenging classes, like Perssitting, while creating age. Despite its exceptional performance, YOLOV9's latency
only 197 phantom objects. This suggests YOLOV9 balance almost three times as much as this median. The models that
precision and recall effectively in its detection pipeline. provide a more balanced ratio of latency and performance are

YOLOV10 achieved an overall precision of 80:1%, a recallYOLOv11 and YOLOv12. All six models show similar class-
of 74:6%, a mAP50 of 80:3% and a mAP50-95 of 58:5%. Thewise trends. Each model performs best on larger objects, like
YOLOV10 model took 3.219 hours to train on its 100 epochs trucks, cars, and vans. Smaller objects like people and cyclists
and resulted in an F1 score of 0.773. Table 4 shows the clasgave the worst performances. Every model's best performing
wise performance of YOLOv10. The model achieved 3,821class is (Table 7) Truck, while their worst performing class is
correct object detections, but predicted 453 phantom objectBersonsitting. Fig. 10 displays the confusion matrices for the
and did not detect 597 objects. The ef ciency bene ts offered6 models, and Fig. 11 depicts sample prediction images from
by YOLOV10's elimination of NMS come at the cost of wors- YOLOV9.
ened precision and recall. This model performed the worst
out of all models tested, suggesting NMS is needed for objec
detection consistency and accuracy.

YOLOV11 achieved an overall precision of 83:9%, a recall
of 76:8%, a mAP50 of 81:8% and a mAP50-95 of 60:9%. The
YOLOvV11 model took 3.227 hours to train on its 100 epochsWhen YOLOV9 ran with a mixup augmentation coef cient
and resulted in an F1 score of 0.802. Table 5 shows the classf 0.1, it achieved an overall precision of 89:3%, a recall of
wise performance of YOLOv1l. The model correctly pre-86:0%, a mAP50 of 89:6%, a mAP50-95 of 71:5%, and a F1
dicts 4,817 objects, but decreases, erases 928, and predistsore of 0.876. This implementation of mixup showed a 4:5%
339 phantom objects. This model struggles most with backincrease in precision, a 1:2% increase in recall, and an im-
ground detection and differentiating between different types oprovement in F1 score of .28. Table 8 shows the class-wise
vehicles. 38 cars are classi ed as background objects, and Iferformance of implementing mixup at this value. The non-
cars are classi ed as vans. This suggests YOLOV11 prioritizesehicle classes saw major improvements in precision: Per-
computational ef ciency over feature discrimination, resulting sonsitting increased by 23:1%, Pedestrian increased by 3:2%,
in the model being unable to distinguish between similar ob-and Cyclist increased by 4:8%. The recall for the Truck and
ject classes. Van classes dropped by 3:6% and 2:0% respectively, yet both

YOLOvV12 achieved an overall precision of 85:2%, a recallclasses' recalls remained over 95%.
of 75:9%, a mAP50 of 82:6% and a mAP50-95 of 60:6%. When the model ran with a mixup coef cient of 0.3, it
The YOLOv12 model took 3.269 hours to train on its 100 achieved an overall precision of 89:8%, a recall of 83:0%, a
epochs, and resulted in an F1 score of 0.803. Table 6 showsAP50 of 88:7%, a mAP50-95 of 71:8%, and a F1 score of
the class-wise performance of YOLOv12. The model cor- 0.863. Table 9 shows the class-wise performance of imple-
rectly predicts 4,779 objects, while erasing 795 and creatmenting mixup at this value. While the overall performance
ing 331. The model's performance is very class-dependentlropped when increasing the mixup to 0.3, the Pedestrian class
with only 3 classes achieving less than 15% erasure ratesaw improvements. The precision of this class improved by
The model simultaneously over-attends to background region$:5% and the model achieved 404 correct detections. How-
while under-attending to real objects, similarly to most of theever, the Cyclist class dropped in precision by 4:0% and back-
other YOLO models tested. 152 phantom cars are predictedjround confusion increased. Across several classes, there
102 phantom pedestrians are predicted, 35 cars are classi eslere more false positives than before, suggesting the higher
as background, 10 DontCare instances are classi ed as camixup coef cient may be making the model too conservative
and 6 cars are classi ed as pedestrians. This suggests that certain cases.

tImpact of Data Augmentation Techniques

Effect of Mixup Augmentation
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Table 8 Class-wise Performance of Mixup Coef cient 0.1

Class Images| Instances| Precision| Recall| mAP
All 749 5137 0.893| 0.860| 0.896
Car 675 2895 0.942| 0.966| 0.981
Pedestrian 174 386 0.914] 0.845] 0.909
Van 213 286 0.959| 0.958| 0.978
Cyclist 111 159 0.919| 0.906| 0.945
Truck 109 112 0.988| 0.964| 0.975
Misc 74 92 0.960| 0.957| 0.976
Tram 27 38 0.901| 1.000]| 0.991
Personsitting 7 16 0.850| 0.750| 0.881
DontCare 536 1153 0.598| 0.395]| 0.429

Table 9 Class-wise Performance of Mixup Coef cient 0.3

Class Images| Instances| Precision| Recall| mAP
All 749 5030 0.898| 0.830| 0.887
Car 655 2783 0.941] 0.967| 0.982
Pedestrian 188 481 0.929| 0.819] 0.889
Van 208 293 0.949| 0.951| 0.978
Cyclist 103 144 0.880| 0.840| 0.905
Truck 108 117 0.989| 0.957| 0.987
Misc 67 85 0.903| 0.873| 0.916
Tram 29 40 0.961| 0.975| 0.994
Personsitting 6 13 0.706( 0.846| 0.904
DontCare 516 1074 0.610| 0.365| 0.446

Table 10 Class-wise Performance of Mixup Coef cient 0.5

Class Images| Instances| Precision| Recall| mAP
All 749 5185 0.887| 0.868| 0.892
Car 664 2943 0.942| 0.969| 0.985
Pedestrian 179 391 0.896| 0.849]| 0.912
Van 213 287 0.958| 0.969| 0.988
Cyclist 107 153 0.929| 0.850( 0.908
Truck 110 119 0.957| 0.983| 0.993
Misc 81 99 0.892| 0.919| 0.930
Tram 27 37 0.935| 1.000| 0.968
Personsitting 10 32 0.851| 0.875| 0.893
DontCare 526 1124 0.624] 0.396| 0.452

When the model ran with a mixup coef cient of 0.5, it than the model did without augmentation. The Cyclist class,
achieved an overall precision of 88:7%, a recall of 86:8%, ahowever, had a drop in recall with minimal improvement in
mAP50 of 89:2%, a mAP50-95 of 71:3%, and a F1 score ofprecision, and background false positives also decreased.
0.877. Table 10 shows the class-wise performance of imple- When the model ran with a mixup coef cient of 0.7, it
menting mixup at this value. Overall performance inCreasedachieved an overall precision of 86:0%, a recall of 86:3% a
compared to the last two experiments. The classes that benﬁiAPSO of 88:7%. a MAP50-95 of 71:3(;/0 and a F1 score’of
ted from the new mixup coef cient the most were the vehicle 4 ge1  1apie 11 s’hows the class-wise pérformance of imple-

F:Iasses: Car, Van,' anthrucg.zgerﬂnlng aI;o saw rT;z;Jor menting mixup at this value. When increasing the augmenta-
Improvements, as It achieve correct predictions, MOBon to 0.7, there was an overall decline; however, some classes
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Table 11 Class-wise Performance of Mixup Coef cient 0.7

Class Images| Instances| Precision| Recall| mAP
All 749 5172 0.860| 0.863| 0.887
Car 659 2883 0.949| 0.959]| 0.982
Pedestrian 182 403 0.895| 0.804| 0.885
Van 208 296 0.931| 0.965]| 0.972
Cyclist 120 170 0.906| 0.910( 0.950
Truck 107 114 0.979| 0.982| 0.994
Misc 69 82 0.863| 0.963| 0.971
Tram 34 43 0.872( 0.952| 0.916
Personsitting 8 21 0.790| 0.810| 0.908
DontCare 552 1160 0.557| 0.422] 0.407
Table 12 Class-wise Performance of Mixup Coef cient 0.9
Class Images| Instances| Precision| Recall| mAP
All 749 5075 0.889| 0.867| 0.892
Car 661 2793 0.948| 0.966| 0.984
Pedestrian 190 456 0.893| 0.842] 0.902
Van 220 301 0.964| 0.963| 0.982
Cyclist 114 161 0.941| 0.890| 0.949
Truck 83 86 0.997| 1.000| 0.995
Misc 79 94 0.901| 0.973]| 0.972
Tram 37 52 0.928| 0.962| 0.989
Personsitting 8 10 0.799| 0.795] 0.784
DontCare 529 1122 0.633| 0.411( 0.467
Table 13 Overall Performance of Mixup Values
Model Precision| Recall| mAP | Latency(ms)| F1 Score
No Augmentation 0.848| 0.848| 0.868 8.6 0.848
Mixup 0.1 0.893| 0.860| 0.896 10.2 0.876
Mixup 0.3 0.898| 0.830| 0.887 6.6 0.863
Mixup 0.5 0.887| 0.868| 0.892 8.9 0.877
Mixup 0.7 0.860| 0.863| 0.887 10.6 0.861
Mixup 0.9 0.889| 0.867| 0.892 6.8 0.878

Table 14 Class-wise Performance of Cutmix Coef cient 0.1

Class Images| Instances| Precision| Recall| mAP
All 749 4969 0.901| 0.855| 0.887
Car 671 2712 0.947| 0.963| 0.983
Pedestrian 170 425 0.880| 0.821] 0.891
Van 193 260 0.954| 0.965]| 0.982
Cyclist 122 158 0.930| 0.836| 0.908
Truck 99 104 0.976| 0.981| 0.995
Misc 77 95 0.943| 0.958]| 0.972
Tram 37 42 0.970| 1.000| 0.995
Personsitting 15 29 0.919( 0.787| 0.856
DontCare 544 1144 0.589| 0.381] 0.403
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still saw improvements. The classes that peaked with this im- When the model ran with a cutmix coef cient of 0.3, it

plementation were Cyclist, with 157 correct predictions, andachieved an overall precision of 88:8%, a recall of 85:2%,
Tram, with 42 correct predictions. Every other class saw rea mAP50 of 89:0%, a mAP50-95 of 71:6%, and a F1 score
gression, with Pedestrian having its worst performance in thief 0.870. Table 15 shows the class-wise performance of im-
experiment. This implementation also resulted in increaseglementing cutmix at this value. This augmentation level
background confusion, as the model is getting less con denachieved the highest mAP50 score across all cutmix coef -
about what instances are objects or backgrounds. cients. The Pedestrian class saw signi cant improvements,

When the model ran with a mixup coef cient of 0.9, it achieving 369 correct detections compared to 344 with no aug-
achieved an overall precision of 88:9%, a recall of 86:7%, anentation, representing a 7:3% increase. Pessitimg main-
MAPS50 of 89:2%, a mAP50-95 of 72:4%, and a F1 score oftained its improved performance with 19 correct detections.
0.878. Table 12 shows the class-wise performance of impleHowever, some vehicle classes, like Van, showed slight per-
menting mixup at this value. The classes that peaked in thiformance decreases compared to lighter augmentation levels.
implementation were Truck, Car, Van, and Cyclist. While they When the model ran with a cutmix coef cient of 0.5, it
did not peak in this experiment, other classes still had far betteachieved an overall precision of 88:2%, a recall of 85:1%, a
performance than they did when no augmentation was appliethAP50 of 87:9%, a mAP50-95 of 71:3%, and a F1 score of
to the model. This implementation also resulted in reduced.866. Table 16 shows the class-wise performance of imple-
background confusion, suggesting the model is getting morenenting cutmix at this value. Performance began to decline
con dent in identifying objects. compared to lighter augmentation levels, though it still main-

Table 13 displays the overall performance of each mixupained improvements over no augmentation. Pestiimg
coef cient together. When the coef cient was 0.1, the model dropped to 14 correct detections, showing sensitivity to higher
achieved the highest precision, and when it was implementedutmix coef cients. Vehicle classes remained relatively sta-
at 0.5, it achieved its highest recall. When the coef cient wasble, with Car maintaining 98:2% mAP50. Background confu-
0.9, it struck a better balance between precision and recalgion increased slightly compared to 0.1 and 0.3, with 67 fewer
resulting in the highest F1 score. background misclassi cations than with no augmentation.

Compared to when the model had no augmentation, imple- When the model ran with a cutmix coef cient of 0.7, it
menting mixup at 0.9 resulted in a 4:1% increase in precisionachieved an overall precision of 85:2%, a recall of 82:7%,
a 1:9% increase in recall, and a F1 score increase of 0.03@ mAP50 of 85:1%, a mAP50-95 of 68:8%, and a F1 score
a considerable improvement. All classes bene ted from theof 0.839. Table 17 shows the class-wise performance of im-
augmentation, but the non-vehicle classes bene ted the mosplementing cutmix at this value. This represented the worst
The Persorsitting, Pedestrian, and Cycling classes all sawoverall performance across all cutmix values, with signi -
substantial improvements when subjected to severe augmenant declines in most metrics. Perssitting performance
tation, while the Car, Truck, and Van classes saw minimal im-collapsed to just 4 correct detections with 53:4% mAP50,
provements. Since the non-vehicle classes are less frequesuiggesting over-augmentation. However, some classes, like
in the dataset and contain smaller objects, this suggests th@tuck, achieved a perfect 100% recall, and Tram maintained
mixup augmentation helps improve precision and recall on instrong performance with 99:5% mAP50. Background confu-
stances that show up less frequently or are smaller. Fig. 12 dision patterns remained similar to 0.5, but the overall detection
plays the confusion matrices for all implementations of mixup.con dence decreased substantially.

When the model ran with a cutmix coef cient of 0.9, it
achieved an overall precision of 86:6%, a recall of 86:9%, a
mAP50 of 89:1%, a mAP50-95 of 71:2%, and a F1 score of
When YOLOV9 ran with a cutmix coefcient of 0.1, it 0.867. Table 18 shows the class-wise performance of imple-
achieved an overall precision of 90:1%, a recall of 85:5%, amenting cutmix at this value. Performance recovered signi -
mMAP50 of 88:7%, a mAP50-95 of 70:9%, and a F1 score ofcantly from the 0.7 dip, showing the highest recall across all
0.877. Table 14 shows the class-wise performance of implesutmix values. Persasitting achieved remarkable recovery
menting cutmix at this value. The non-vehicle classes sawvith 19 correct detections and 94:0% mAP50, its best perfor-
major improvements in precision: Perssitting increased by mance across all augmentation levels. The model achieved the
30:0%, Pedestrian remained stable with a slight decline obest balance between precision and recall at this extreme aug-
0:2%, and Cyclist increased by 5:9%. Persiiting achieved —mentation level. Background confusion decreased by 94 fewer
19 correct detections, more than doubling from 9 with nomisclassi cations than with no augmentation, suggesting im-
augmentation. Background confusion decreased signi cantlyroved object-background distinction.
across most classes, with 122 fewer total background misclas- Table 19 displays the overall performance of each cutmix
si cations compared to no augmentation. value together. When cutmix was implemented at 0.1, the

Effect of Cutmix Augmentation
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Fig. 12 Confusion Matrices for Mixup Value.

Table 15 Class-wise Performance of Cutmix Coef cient 0.3

Class Images| Instances| Precision| Recall| mAP
All 749 5224 0.888| 0.852| 0.890
Car 676 2941 0.941( 0.963] 0.981
Pedestrian 169 427 0.888| 0.796| 0.868
Van 221 306 0.928| 0.967| 0.979
Cyclist 118 172 0.943| 0.895]| 0.939
Truck 95 103 0.963| 0.961| 0.986
Misc 92 113 0.915| 0.903] 0.948
Tram 30 51 0.983| 0.980]| 0.994
Personsitting 10 21 0.826| 0.810] 0.880
DontCare 529 1090 0.603| 0.396| 0.435

j17



Table 16 Class-wise Performance of Cutmix Coef cient 0.5

Class Images| Instances| Precision| Recall| mAP
All 749 5191 0.882] 0.851| 0.879
Car 664 2882 0.939| 0.965]| 0.982
Pedestrian 179 434 0.888| 0.837] 0.894
Van 225 303 0.953( 0.957| 0.969
Cyclist 111 171 0.912] 0.871] 0.925
Truck 108 115 0.960| 0.983] 0.991
Misc 69 79 0.920| 0.937] 0.964
Tram 32 56 0.988( 0.982| 0.994
Personsitting 11 20 0.788( 0.700| 0.767
DontCare 525 1131 0.590| 0.429] 0.426
Table 17 Class-wise Performance of Cutmix Coef cient 0.7
Class Images| Instances| Precision| Recall| mAP
All 749 5157 0.852] 0.827] 0.851
Car 664 2864 0.951] 0.969| 0.982
Pedestrian 169 410 0.903| 0.827] 0.886
Van 211 277 0.920( 0.989| 0.986
Cyclist 116 169 0.974( 0.870| 0.926
Truck 94 97 0.974] 1.000]| 0.988
Misc 68 90 0.881] 0.905]| 0.956
Tram 36 49 0.999| 1.000]| 0.995
Personsitting 4 8 0.497| 0.500]| 0.534
DontCare 547 1193 0.573( 0.386| 0.410
Table 18 Class-wise Performance of Cutmix Coef cient 0.9
Class Images| Instances| Precision| Recall| mAP
All 749 5239 0.866( 0.869| 0.891
Car 673 2950 0.932] 0.971] 0.983
Pedestrian 184 442 0.898| 0.812] 0.879
Van 219 277 0.937| 0.971] 0.978
Cyclist 110 165 0.910( 0.891| 0.926
Truck 95 104 0.958( 1.000| 0.993
Misc 86 97 0.916| 0.904] 0.938
Tram 29 46 0.901| 1.000| 0.980
Personsitting 12 20 0.775( 0.900| 0.940
DontCare 529 1138 0.565| 0.368| 0.397
Table 19 Overall Performance of Cutmix Values
Model Precision| Recall| mAP | Latency(ms)| F1 Score
No Augmentation 0.848| 0.848] 0.868 8.6 0.848
Mixup 0.1 0.901| 0.855| 0.887 6.7 0.877
Mixup 0.3 0.888| 0.852| 0.893 8.9 0.870
Mixup 0.5 0.897| 0.848] 0.881 8.5 0.872
Mixup 0.7 0.861| 0.824| 0.846 10.1 0.842
Mixup 0.9 0.891| 0.847| 0.891 8.6 0.868

18]







