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Abstract — Vehicle detection becomes crucial in the automation of
traffic analysis, enabling assignment for instance vehicle
categorization, speed estimation, and traffic flow monitoring.
While vision-based systems are essential for recognizing vehicle
types and sizes, improving detection performance and efficiency
remains a significant challenge. This work aiming to evaluate how
effective the YOLOv10n for real-time vehicle detection in
resource-limited context. YOLOvV10n, the most efficient version of
the YOLO iteration to date, offers remarkable advancements in
feature extraction and computational efficiency. Using the
Vehicle-COCO dataset, which reflects real-world surveillance
traffic conditions, the proposed framework attained score 0.637 at
mAP@50 of and 0.442 at mAP50:95, demonstrating its capability
to accurately detect various vehicle types. Furthermore, the model
runs at 23.08 frames per second on a standard CPU, underscoring
its suitability for edge deployment on low-cost devices. The
findings confirm that YOLOv10n combines high efficiency with
competitive accuracy, making it a viable solution for intelligent
transportation systems. This paper also outlines potential
directions for future research, including accuracy improvement,
parameter tuning, and further optimization of computational
resources.
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I. INTRODUCTION

Vehicles are a means of mobility for people in their daily
lives both in rural areas and especially in urban areas, with types
of road vehicles, including cars, buses, and trucks that occupy
urban roads [1]. This condition increases traffic congestion on
certain highway sections experiencing rising congestion from
yearly traffic growth [2]. In 2024, the global average time lost
due to traffic congestion was approximately 88 hours per person
per year [3]. This underscores the urgent need for effective
vehicle detection systems to support real-time traffic
monitoring and management. Traffic analysis is essential for
understanding road usage patterns by quantifying the number
of vehicles utilizing a roadway over a given time period [4].
This information is critical for identifying periods of peak
congestion. Additionally, traffic analysis contributes to
evaluating traffic efficiency by measuring key parameters such
as vehicle speed, flow rate, and density across various vehicle
categories [5].

Recent advancements in computer vision, particularly deep
learning-enabled object detection, have gave rise to the
development of powerful models that balance detection
accuracy and computational efficiency [6]. The YOLO
architectures have continued to evolve through object

optimization and model enhancement strategies, leading to the
development of YOLOV10 [7]. Recent works on YOLOv10-B-
version have 46% latency decrease and 25% lower parameter
count for the same performance from YOLOV9-C [8]. It shows
that YOLOv10 has achieved performance and efficiency levels
that surpass previous generation models. Based on that,
YOLOVI10 nano version becomes a highly efficient model that
demonstrates object detection with low latency and decent
accuracy.

Several works that implemented YOLOv10 architecture on
object detection like using it on efficient fabric classification
and detection [9]. YOLOvV10-GCNet on real time detection of
counting wheat spikes, monitoring crops growth along with
predicting yield and managing fields [10]. YOLO-YSTs to
developed a real-time field pest detection, using SPD-Conv and
inverted residual block elevating precision of YOLOv10n [11].
Another works has used the YOLO architecture especially for
vehicle detection purposes such as YOLOv3 [12] and YOLOvVS
[13]. Another works on vehicle detection using Faster-RCNN
[14] and CO-DETR that introducing multiple parallel auxiliary
heads to boost training efficiency even with large
computational cost [15]. However, the performance of the
YOLOVIO0 nano (YOLOv10n) remains underexplored in the
scope of vehicle detection.

This work objective is to measure and estimate the baseline
output of the YOLOVI10 nano architecture. It assesses how
effective identification of vehicle-related objects. The core
advancement of this research approach outlined below:

1. This work evaluates YOLOv10n performances without
the integration of additional attention mechanisms or
architectural enhancements, providing a foundational
benchmark for future developments.

2. This work evaluates YOLOV10n in the scope of vehicle
detection, which is vital for applications including
vehicle tracking, speed estimation, and traffic flow
analysis [16], [17].

3. This research reveals the feasibility of deploying
YOLOvIOn on standard CPUs, demonstrating its
potential for real-time use on resource-constrained edge
devices.

I.LMETHOD

The YOLOvV10n architecture represents a lightweight deep
learning framework specifically developed for object detection
tasks, with a specific focus on vehicle detection in road
environments. It is capable of identifying, distinguishing, and
classifying various types of vehicles in real time. Structurally,
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this framework is organized grouped into three essential
modules. First, backbone functions as the architecture’s starting
point, extracting essential visual traits like edges, shapes, and
patterns based on the data feed. These features are transformed
into a structured feature representation that can be further
processed. Second, neck acts as an intermediate layer that fuses
multi-scale feature maps from Backbone, ensuring proper
alignment and resolution compatibility between Backbone and
Head. Finally, the Head handles object classification and for
estimating the probability scores associated with each detected
class. YOLOv10n utilizes lightweight convolutional layers
optimized for efficient feature extraction, rendering it relevant
for utilization in under-resource context while preserving high
detection accuracy.

A. Backbone

The backbone extract feature from input image, starting with
Conv layer that consists of convolution process, batch
normalization and SILU activation. Batch normalization used
for getting a faster and stable training. It also improve learning
rate and in some cases elminiating the need for dropout [18].
SILU activation also known as Swish function, is a type of
activation capable to address problems better if neurons stuck
at zero. It can function as a gate means for negative input, SILU
can behave similarly to a linear function but with smooth
transition and not exactly zero [19].

Next layer is C2f block, its name originates from CSP
bottleneck with two convolutions. The process starts from
convolution 1x1, split by multiplying expansion factor. All
result from each operation is concatenated and ends with
convolution 1x1 to mix the feature for processing through the
next layer. Some parts go through continues between the Conv
and C2f Layers and some features bypass it bring computational
efficiency. C2f support better gradient propagation during
training, stabilize it in case on deeper networks. C2f layer also
preserve important information while enabling deeper
representation with lower computational cost. C2f block ended
with convolution 1x1 to mix the features through to next layer.

The Spatial Pyramid Pooling Fast (SPPF) layer becomes
fundamental capacity in broadening this model's spatial
context, thereby enhancing its ability to detect objects of
varying scales. It starts through convolution 1x1, continues
through a sequence involving maximum pooling on two
dimensional operations with window sizes between 5, 9, and 13
that aggregate contextual information across multiple spatial
resolutions. The output feature maps from each 2D pooling
window are combined with the result of the initial 1x1
convolution through concatenation. This approach aims to
enhance the richness of feature representation and expand the
receptive field, while keeping computational overhead low by
utilizing three consecutive 2D max pooling operations instead
of standard convolution layers.

Following the SPPF layer, the architecture incorporates a
Partial Self-Attention (PSA) block to elevate the representation
of global contextual features while maintaining computational
efficiency. The PSA block integrates a Feed-Forward Network

(FFN), a unidirectional network structure used to process multi-
scale features. The FFN applies non-linear transformations and
can serve as a final layer for classification or prediction tasks.
Following the initial process, both branches proceed separately.
This resulting feature maps are concatenated with those
generated by the FFN branch. A final 1x1 convolution applies
to mix the features, preparing the output for processing in the
next block.

B. Neck

The neck module is essential for the object detection
framework, aggregating as well as refining multi-scale features
produced by the backbone. It typically incorporates a Path
Aggregation Network (PAN), which enables the fusion of
features throughout multiple spatial resolutions, thereby
elevating its capability on object detection at diverse
circumstances [8]. On that structure there are C2f Additionally,
the neck includes an Upsample block that restores spatial
resolution by upscaling feature maps, compensating for the
detail loss incurred during downsampling. These components
are integrated via a Concat block, which aligns feature
dimensions and increases feature diversity, ultimately
improving this architecture’s capability to identify entities with
varying scales and structural nuances.

C.Head

The head is responsible for object classification and
localization, generating class probabilities and regressing
bounding box coordinates for each detected object. YOLOvV10
introduces a significant improvement over previous
architectures by replacing the conventional Non-Maximum
Suppression (NMS), which is often computationally expensive
when dealing with a large number of detected boxes [8].
Instead, YOLOvV10 adopts a novel approach called Consistent
Dual Assignments. This mechanism integrates two key
components: the One-to-Many head, which produce numerous
estimations within the network to deliver dense supervisory
signals during training, and the One-to-One head, that utilized
a method of assigning labels by matching each other that
produce one prediction for each ground-truth instance. This
dual-head architecture improves the efficiency of the training
process while also contributing to enhanced detection accuracy.

The head employs loss functions to quantify the gap within
predictions and ground truth. Notably, the Complete IoU
(CIoU) loss refines enclosing box regression consider of center
distance, proportionality, and overlap [20]. This leads to more
precise localization. YOLOvV10 employs Distribution Focal
Loss (DFL) that models bounding box regression as a
distributional prediction problem, aligning the predicted
distribution with a target derived from the ground truth. This
approach strengthens the head's ability to generate precise
bounding boxes and enables the model to produce a single
optimal prediction for each object.
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Figure 1. YOLOv10n Architecture for Vehicle Detection. It consists of Backbone, Neck and Head layer
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Figure 2. YOLOv10n blocks that used in the Backbone and Neck layer.

III. RESULT AND DISCUSSION detects several vehicle categories, including cars, motorcycles,

This segment outlines all evaluation data manifest the buses, and trucks, under complex circumstances in particular:

YOLOV10n baseline architecture in the context of vehicle occlusion, low illumination environments, and varying weather
detection, using the Vehicle-COCO dataset. The findings factors. These results underscore this architecture’s robustness

and performance throughout various real-world scenarios,

highlight the effectiveness of YOLOv1On in accurately ° ) . , .
involving multiple vehicle categories.

detecting vehicles and differentiating between the various
vehicle categories within the dataset. The model successfully
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Figure 3. Vehicle detection result of YOLOV10n on Vehicle-COCO dataset

TABLEI
TRAINING SETUP CONFIGURATION

Metric Value
Epoch 300
Batch size 16
Learning rate 0.01
Image size 640x640
Optimizer Stochastic Gradient Descent (SGD)

The proposed framework attained mAP@50 of 0.637 and
also reached a mAP@50:95 of 0.442, which reflects its
performance along a range of bounds. These results presenting
a better comprehensive evaluation on model detection
accuracy. In terms of computational efficiency, the model
consists of 2.7 million parameters with requires 8.4 GFLOPs of
computational load, making it efficient and ideal for
deployment on resource-limited, low-cost edges. For real-time
inference, the model achieves approximately 23 frames per
second (FPS) using a CPU, featuring a delay around 0.05
seconds, demonstrating its ability to perform object detection at
a practical speed in limited-edge environments.

A. Training Configuration

The following Table I shows the setup applied in YOLOv10n
on vehicle detection experiment. The model trains on 300
epochs using a batch size of 16. Before processing, all image
converted into 640x640 pixel to create a consistent input
dimension and to ensure optimal performance. Stochastic
Gradient Descent (SGD) employs as optimizer that known for
effective large-scale training with purpose to find most
favorable outcome.

Table II presents the training configuration, which was
implemented on a system running the Ubuntu operating system
(OS). Ubuntu, a Linux-based OS, is widely adopted in deep
learning development due to its compatibility with frameworks
such as PyTorch 2.0. The experiments utilized Python version
3.9.20, chosen for its stability and widespread support. Model

TABLE II
INFERENCE CONFIGURATION

Components Setup specification
Operating System Ubuntu (Linux)
Framework Pytorch 2.0
Python Version 3.9.20
CPU AMD Ryzen 5 3500 6-core
GPU Nvidia RTX 3060 12 GB

training was conducted using an AMD Ryzen 5 3500 6-core
CPU, with acceleration provided by an NVIDIA RTX 3060
GPU. The GPU, with its high parallel computing capabilities
and 12 GB of memory, significantly reduced training time
compared to CPU-only training. Its ample memory capacity
also enabled efficient processing of complex models and large-
scale datasets.

B. Evaluation of Dataset

The Vehicle-COCO dataset is a specialized division of the
MS COCO 2017, developed specifically for vehicle object
detection. It comprises approximately 18,998 images, with
13,300 images allocated for training and 3,788 for validation.
Vehicle annotations are categorized into four classes: car, bus,
truck, and motorcycle, encompassing a wide range of object
sizes and environmental conditions.

Figure 3 illustrates the performance evaluation of
YOLOvV10n on the validation subset of the Vehicle-COCO
dataset. Detected vehicle objects are highlighted with red
bounding boxes. This visualization illustrates the capabilities
towards accuracy when detect a range of vehicle types across
varying sizes and scenes, reinforcing its adequacy to real-time
vehicle recognition in diverse environments.

Despite its strong performance, the model exhibits
limitations in specific scenarios, such as detecting overlapping
vehicles or visually similar classes. For instance, large cars may
occasionally be misclassified as trucks or buses due to subtle
brand or structural variations, which can challenge the model’s
classification accuracy.
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TABLE III
THE PERFORMANCE OF THE YOLOV10-NANO

Metric Value
mAP 50 0.637
mAP 50:95 0.442

Based on the results presented in Table III, YOLOv10n
demonstrates competitive performance, achieving a mAP@50
of 0.637 and a mAP@50:90 of 0.442. These outcomes reveal
about how the model maintains a balance amid precision along
with model complexity. While operating under lightweight
constraints, YOLOv10n delivers precision metrics comparable
to larger models, reinforcing its suitability for deployment in
real-time, resource-limited scenarios. This level of accuracy
underscores how competence in identifying entities spanning
various intersection-over-union (IoU) thresholds.

Table IV demonstrates that the proposed model remains
lightweight, utilizing only 2.7 million parameters and requiring
a low computational cost of 8.4 GFLOPs. This efficiency
ensures it is well-adapted for deployment on edge hardware
with limited resources. The model reaches 23.08 FPS in
inference on a CPU, with a latency of just 0.05 seconds,
indicating superior runtime performance compared to other
lightweight models. These results highlight this network
feasibility for actual scenarios, particularly in low-cost,
resource-constrained environments where computational
efficiency is critical. This exhibit that the model remains
lightweight with only using 2.7 million parameters and require
a low computational cost of 8.4 GFLOPs, making it suitable for
edge deployment. It achieves 23.08 FPS on a CPU with a
latency of 0.05 s, demonstrating higher efficiency than
comparable lightweight models. These results confirm its
viability for real-time applications in resource-limited
environments.

IV. CONCLUSIONS

This work presents a baseline performance evaluation of
YOLOvVI10n, a lightweight object detection model, in the
context of wvehicle detection using the Vehicle-COCO
validation dataset. The evaluation was performed without
incorporating additional architectural enhancements such as
attention modules or advanced feature fusion techniques,
providing a reference point for the model's raw capabilities.

YOLOvVI10n achieved a mAP@50 of 0.637 and operated at
23.08 FPS on a standard CPU, demonstrating its suitability for
real-time traffic implementations such as traffic monitoring,
violation detection, and automated ticketing. Its efficiency and
low computational requirements make it notably viable for
utilizations on resource-limited devices. However, performance
limitations were noted in complex traffic scenes where
overlapping vehicles or similar appearances led to occasional
misclassification.

Upcoming researches might emphasize on elevating
detection accuracy along the incorporation of multi-scale

TABLE IV
THE EFFICIENCY ANALYSIS OF THE YOLOV10-NANO

Metric Value
GFLOPS 8.4
Parameter 2.708.584
FPS (CPU) 23.08
Latency 0.05

attention mechanisms and enhancements to the model's neck
architecture. Optimizing the Path Aggregation Network (PAN)
to improve feature integration throughout scales could enhance
both localization and classification performance. Combining
these improvements could induce to a robust and efficient
model, proficient of operating real-time detection tasks in low-
resource environments with greater precision.
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