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Abstract—In autonomous navigation systems, real-time envi-
ronmental perception is essential for safe and efficient operation.
Object detection enables agents to identify obstacles, interpret
trafficc, and adapt routes within very short time intervals.
However, dynamic and unstructured environments introduce
challenges such as illumination changes, occlusions, and object
overlap, which compromise detection accuracy. Addressing these
challenges, this paper presents a comparative analysis between
deep learning-based models derived from the YOLO architecture,
applied to object detection in urban scenarios. A customized
dataset derived from COCO was used, including seven relevant
classes (person, car, truck, bus, bicycle, dog, and motorcycle).
Both models were trained under identical configurations — 50
epochs, 640x640 resolution, and GPU-based processing — and
evaluated using real-world video footage from Salvador, Brazil.
The results indicate that YOLOv8n achieved higher accuracy,
with an Average Precision (AP) of 0.713, compared to 0.699 for
YOLOv5Sn. However, YOLOvV5n demonstrated faster inference,
operating at 7.81 FPS versus 7.04 FPS for YOLOv8n. These
findings highlight the trade-off between accuracy and speed,
guiding the selection of appropriate models for computer vision
applications.

Index Terms—YOLO, Object Detection, Computer Vision,
Deep Learning, COCO Dataset.

I. INTRODUCTION

Object detection is one of the most relevant tasks in
computer vision, with direct applications in areas such as
surveillance, urban mobility, public safety, autonomous vehi-
cles, and real-time intelligent systems. In this context, deep
convolutional models from the YOLO (You Only Look Once)
architecture, initially proposed in [3], stand out for their
efficient balance between accuracy and inference speed, and
are widely used in applications that require fast response and
low computational cost.

Although YOLO detectors deliver real-time throughput, sus-
tained accuracy in long, dense urban videos remains difficult.
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Recent surveys of the YOLO family [1], [2] list occlusion,
motion blur and illumination variation as persistent failure
sources, especially when object scale changes rapidly across
consecutive frames. While Varghese and Sambath [4] report
notable gains for YOLOVS in short aerial clips, the behaviour
of lightweight variants over extended, street-level footage has
not been fully characterised.

Since its first version, YOLO has evolved significantly. Im-
provements introduced in YOLOv3 [13], YOLOVS, and more
recently in YOLOVS, have brought important advances, such
as the use of Concatenate 2 feature maps layers — designed
to make the model lighter and faster while maintaining deep
feature extraction capabilities — automatic optimizers, and
enhanced anchoring mechanisms [19]. YOLOVS, for instance,
has become widely adopted in both commercial and aca-
demic applications due to its balance between performance
and computational efficiency. YOLOV5 has been extensively
applied in intelligent transportation systems. In the work [12],
an algorithm was developed for the real-time detection of
helmets and license plates, with the aim of improving road
safety. By combining advanced computer vision techniques
with machine learning algorithms, the proposed system was
able to effectively detect helmet use and automatically extract
license plate information from video frames in real time.
With the introduction of YOLOVS, several critical applications
have begun to explore its robustness. Recent studies have
demonstrated its superior performance in urban aerial image
detection tasks. For example, in [11], the architecture was used
to detect vehicles in drone-captured images, achieving higher
precision and recall metrics than the previous YOLO versions,
even under conditions of object overlap and scale variation.

Recent literature highlights the significance of object de-
tection advancements and discusses major challenges such
as variability in object scales, occlusions, and illumination
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changes. The reference [1] provided a comprehensive analysis
of these challenges within the YOLO family. Their work
identifies crucial improvements across YOLO’s architectural
successors, detailing strategies that helped mitigate typical
issues encountered in real-world scenarios, such as handling
scale variations and partial object occlusions. Such insights
underscore why YOLO models have become preferred choices
for time-sensitive applications, including urban mobility and
autonomous systems.

In parallel, alternative object detection approaches, such
as Faster R-CNN [7], continue to influence the development
of detection models by introducing key innovations. The
reference [9] initially proposed R-CNN architectures with
hierarchical features to achieve high accuracy in object detec-
tion tasks, establishing a performance baseline for subsequent
models. Faster R-CNN improved upon these concepts by
incorporating Region Proposal Networks (RPNs), significantly
speeding up object detection pipelines without sacrificing
accuracy. Such two-stage detection models remain influential
benchmarks for evaluating YOLO-based architectures.

Meanwhile, EfficientDet [10] and customized YOLO archi-
tectures have demonstrated superior performance in special-
ized scenarios. For example, EfficientDet introduced innova-
tive strategies like the weighted bi-directional feature pyramid
network (BiFPN) and compound scaling methods, delivering
top-tier accuracy on challenging datasets such as COCO, with
significantly reduced computational demands. Additionally, [8]
successfully employed an improved YOLO detection network
to identify surface defects in industrial steel strips, showcasing
YOLO’s adaptability to niche industrial applications requiring
real-time performance under highly specific conditions.

According to a comprehensive review [2], YOLO models
have progressively introduced significant improvements, in-
cluding anchor-free detection heads, decoupled classification
and localization tasks, and modern backbone architectures.
These developments have notably improved the models’ ro-
bustness to object occlusion, motion blur, and varying il-
lumination conditions. Specifically, YOLOv8 has integrated
advanced strategies such as dynamic convolution operations,
attention mechanisms, and novel data augmentation tech-
niques, significantly enhancing generalization capabilities in
diverse and challenging environments.

Recent YOLO variants have also extended their applicabil-
ity to specialized domains. The reference [5], for example,
demonstrated the robustness of an improved YOLOvS model
in precision agriculture, effectively detecting fruit targets in
orchards despite significant occlusions and varying lighting
conditions. Similarly, YOLOvS has shown superior perfor-
mance in aerial object detection scenarios, achieving higher
precision and faster convergence rates compared to previous
versions, especially when dealing with object overlap and scale
variability [4].

Current literature also lacks a fair, side-by-side comparison
of the nano versions of YOLO. Diwan et al. [1] benchmark
YOLOvV3-v5 only on still images, leaving temporal consis-
tency untested. Varghese and Sambath [4] evaluate YOLOvVS8

in isolation, using a training pipeline that differs from earlier
YOLO releases. No study to date fixes hardware and hyper-
parameters while applying a common multi-class urban dataset
to measure both detection accuracy and video-level inference
speed for YOLOvS5n and YOLOv8n. The present work fills
this gap.

These advancements highlight the importance of systemat-
ically comparing and benchmarking newer YOLO architec-
tures, such as YOLOvS and YOLOVS, to better understand
their strengths and limitations. Evaluating their trade-offs in
terms of computational efficiency, detection accuracy, and
inference time is essential for selecting suitable models for
real-time computer vision applications.

The tight coupling between perception and motion-planning
has long been recognized in robotics research. Foundational
texts on probabilistic robotics [14] and sampling—based plan-
ning algorithms [15] stress that an autonomous agent’s de-
cisions are only as reliable as its environment model. In
practice, mapping pipelines now leverage rich visual cues:
visual-LiDAR odometry such as V-LOAM [16] shows that
embedding object detections into the state estimator markedly
reduces pose drift over long traversals. A recent SLAM survey
further argues that next-generation systems must jointly reason
about geometry and semantics - treating detected cars, cyclists,
and pedestrians as dynamic and prediction-worthy entities - to
achieve the robustness required in dense urban scenes [17].

This work conducts an experimental comparison between
YOLOv5n and YOLOv8n for object detection in real urban
video scenarios. A filtered subset of the COCO (Common
Objects in Context) dataset [6], comprising seven relevant
object classes, was used for training. Both models were trained
with identical hardware and parameter configurations to ensure
a fair and unbiased evaluation. The implementation code for
this study is available online!.

II. METHODOLOGY

The methodology was divided into seven main stages,
ranging from the selection of classes in the COCO dataset to
the comparison of the results obtained using YOLOvS5n and
YOLOvVS8n. Fig. 1 presents the overall diagram of the process,
including model preparation, training, and analysis.
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Fig. 1. Main stages of the model development process.
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A. Class Selection

The selection of object classes used in this study was based
on a preliminary analysis of the recorded video. Throughout
the route, it was observed that the main obstacles and elements
present in the urban scenario included people, vehicles, and
animals. The COCO 2017 dataset contains over 118,000
images annotated with more than 80 different classes, covering
a wide variety of objects and contexts. However, this extensive
volume and diversity can pose a considerable challenge for
local training, especially on machines with limited compu-
tational resources. Taking into account this limitation, seven
classes from the COCO dataset were selected to best represent
the elements found in the video: person, car, truck, bus,
bicycle, motorcycle, and dog. This selection aimed to ensure
greater consistency between the captured scenario and the
detected classes, as well as to enable a realistic evaluation
of the models’ performance in urban traffic and shared-space
conditions. Fig. 2 shows the number of instances per class in
the filtered subset of the COCO dataset.
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Fig. 2. Number of instances per class in the filtered subset of the COCO
dataset.

This procedure significantly reduced the number of im-
ages processed during training, decreasing the execution time
without compromising the representativeness of the classes
in the urban scenario studied. The original format of the
COCO dataset annotation files was automatically converted
using a Python script to a format compatible with the YOLO
training pipeline. This process ensured that the models could
be trained directly on the converted data without additional
manual adjustments.

B. Model Configuration

To ensure a fair comparison between the YOLOv5n and
YOLOvV8n models, identical training configurations were
adopted for both architectures, except for their internal struc-
tures, which are inherent to each model. The specific variants
selected for this study were YOLOvSn and YOLOvS8n, both
belonging to the nano family, which prioritize lightweight
operation and inference speed, thus being better suited for
training and execution in local environments with limited com-
putational resources. The primary training parameters adopted
for both models are detailed in the Tab. I.

TABLE I
TRAINING CONFIGURATIONS USED FOR THE MODELS
Parameter Value
Base model yolov5n.pt / yolov8n.pt
Number of epochs | 50
Image size 640 x 640 pixels
Batch size 16
Optimizer SGD (default)
Device GPU (NVIDIA RTX 4060)
Number of classes | 7

In addition to these parameters, the same data.yaml con-
figuration file was used, containing the paths to the train-
ing/validation images and the names of the seven selected
classes. Both models underwent training procedures in which
performance metrics were evaluated at each epoch, facilitating
the selection of the best result. The uniformity of these con-
figurations ensures that any observed performance differences
between the models can be attributed with greater confidence
to the underlying architecture of each YOLO version, rather
than divergent execution parameters. Although other hyperpa-
rameter combinations were tested, the configuration in Tab.
I yielded the best convergence and accuracy results and was
therefore used in the final evaluation.

C. Training

The training of the YOLOv5n and YOLOv8n models was
carried out locally on a workstation equipped with an NVIDIA
RTX 4060 GPU (8 GB VRAM), running Windows 10, Python
3.13, and PyTorch 2.6.0 with CUDA support. The experiments
were conducted separately for each YOLO version, using the
previously filtered data converted to the YOLO format.

Fig. 3 shows visual examples obtained during the training of
the YOLOv8n and YOLOv5n models, respectively. Each im-
age illustrates how the models learned to recognize the target
objects over the epochs, highlighting the seven selected classes
using bounding boxes. A wide variety of urban scenarios are
observable, with the presence of people, vehicles, and animals
reflecting the real world challenges encountered in dynamic
environments.

These visualizations offer practical insight into how the
models interpret their surroundings and serve as a starting
point for understanding the behavioral differences between
YOLO versions during the learning process.

To construct the Precision-Confidence Curve, the model’s
detection results are evaluated across a range of confidence
thresholds ¢ € [0,1]. For each confidence level, only de-
tections with confidence scores greater than or equal to the
threshold are considered. As shown in (1), precision measures
the proportion of true positive detections among all positive
predictions made by the model.

Pr iin—i (D)
CCBION = T p T Ep



Fig. 3. Images from the COCO dataset annotated with the selected classes
after conversion to the (a) YOLOv8n and (b) YOLOvSn formats.

where, TP(c) is the number of true positives at confidence
threshold ¢ and FP(c) is the number of false positives at
confidence threshold c.

This calculation is performed iteratively for multiple thresh-
olds (e.g., ¢ = 0.0,0.01,...,1.0), producing a curve that illus-
trates how model precision varies with increasing confidence
requirements. Separate curves are generated for each object
class, as well as for the aggregate detection performance across
all classes.

D. Prediction on Real-World Video

After training was completed, each model was used to
perform predictions on the same video. This video was se-
lected for its representation of a dynamic urban environment,
with frequent occurrences of the selected object classes. The
objective of the prediction task was to evaluate the models’
performance under real-world conditions, where lighting vari-
ation, motion, and occlusion challenge detection algorithms.

During execution, the video frames were processed indi-
vidually, and a new version of the video was automatically
generated containing bounding boxes and visual labels over
the detected objects. For both models, the output videos

were saved with distinct filenames to facilitate subsequent
comparison.

The output results were stored in the default di-
rectories: runs/detect/predict for YOLOvV8n and
runs/detect/exp for YOLOv5n. The generated video
outputs were later used in the result comparison.

E. Evaluation Metrics
The main evaluation metrics considered were:

o Precision TP/(TP + FP) — fraction of correct positive
detections.

o Recall TP/(TP + FN) — fraction of objects correctly
detected.

e MAP@(.5 — mean average precision at IoU = 0.5.

e MAP@0.5-0.95 — mean AP averaged over IoU 0.50-0.95
(step 0.05).

o Inference speed — average frames per second (FPS).

o Model size — weight file size in megabytes.

III. RESULTS AND DISCUSSION
A. Confusion-Matrix Analysis

Fig. 4 shows the normalized confusion matrices for
YOLOvV8n and YOLOvVS5n. These matrices represent the pro-
portion of correct and incorrect predictions per class, allowing
an assessment of each model’s performance in urban detection
tasks.

According to Fig. 4(a), YOLOvV8 performed well across
most classes. The “person” class achieved a 67% accuracy rate,
while “bus” (64%), “dog” (71%), and “motorcycle” (55%)
also showed solid performance. However, some confusion is
noticeable between visually similar classes such as “car” and
“truck,” along with misclassifications as background, partic-
ularly for fewer objects like “bicycle” and “bus”. Fig. 4(b)
shows YOLOvV5n’s matrix, with overall performance compa-
rable to YOLOvS8n. The “person” class again achieved 67%,
and similar values were observed for “car” (52%) and “mo-
torcycle” (54%). The main difference lies in slightly higher
confusion with the background, especially for “bicycle” and
“dog.” Nevertheless, YOLOv5n showed consistent predictions
and stable behavior across the validation set.

B. Precision—Confidence Curve

Fig. 5 illustrates the precision versus confidence curves for
the YOLOv8n and YOLOv5n models. These curves show
how the average precision varies as the confidence threshold
increases, allowing an evaluation of prediction robustness
under different certainty levels.

In Fig. 5(b), corresponding to YOLOvS8n, the overall curve
is smoother and higher, reaching the maximum precision
(1.00) at a higher threshold around 0.986. This indicates that
the model maintained high performance even when requiring
greater confidence for detection validation. The “person,”
“car”, and “bus” classes stood out, maintaining high precision
throughout the entire confidence range, while the “truck” class
again showed a more oscillating performance. For YOLOv5n
(Fig. 5(a)), precision increases consistently with confidence,
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Fig. 4. Normalized confusion matrices showing per-class accuracy rates (in%)
for (a) YOLOvV8n and (b) YOLOv5n. These visualizations compare predicted
and actual classes on the validation set.

reaching a peak of 1.00 at approximately 0.942. The “bus” and
“motorcycle” classes showed strong performance, whereas the
“truck” class displayed less stability at higher thresholds, with
a more irregular curve.

C. Training Dynamics

The comparison between the results of YOLOv8n and
YOLOVS5n (Fig. 6) also highlights performance improvements
resulting from architectural evolution. Both models exhibited
stable convergence, with a continuous reduction in loss over
50 training epochs.

Although YOLOV5n achieved lower absolute box loss val-
ues, YOLOvVS8n outperformed it in all evaluation metrics,
including mAP and recall. This discrepancy is likely due to
differences in loss function formulations between the models
rather than inferior performance.

The gains observed in YOLOvS8n reflect structural enhance-
ments that improve model expressiveness and robustness,
especially under complex scenarios, without significantly in-
creasing computational cost.
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Fig. 5. Per-class precision curves as a function of confidence threshold for
(a) YOLOV5n and (b) YOLOv8n. These plots demonstrate the stability and
behavior of predictions across varying confidence levels.

Despite its slightly lower performance, YOLOv5n remains
a robust option, offering shorter training time (see Tab. II)
and satisfactory generalization ability. Therefore, the choice
between models should consider the trade-off between accu-
racy and computational efficiency, depending on the specific
requirements of the application. In scenarios where inference
time is critical, YOLOv5n may be preferable, while in contexts
demanding higher detection precision YOLOv8n proves to be
more suitable.

TABLE II
TOTAL TRAINING TIME AND AVERAGE TIME PER EPOCH FOR EACH MODEL
Model Total Time | Time per Epoch
YOLOV5n 7h15min ~8-9 minutes
YOLOv8n 8h21min ~9-10 minutes

The difference in training time is due to structural dif-
ferences and internal optimizations between the versions,
although both models were trained with identical parameters
on the same machine.
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Fig. 6. Training performance of YOLOv8n and YOLOv5n. The graphs present the evolution of training and validation loss, as well as precision, recall, and
mAP metrics [18] at different thresholds (mAP50 and mAP50-95).

D. YOLOvSn Results

After 50 epochs of training with the YOLOv8n model, the
results were promising regarding detection performance across
seven classes, as shown in Tab. III. The total training time was
8.3 hours, and the metrics demonstrated good convergence in
loss and evaluation curves:

Training and Validation Losses: The curves
train/box_loss, train/cls_loss, and
train/dfl_loss, along with their validation
counterparts, showed steady decline over epochs,
indicating stable learning.

Precision and Recall: The curves
metrics/precision (B) and
metrics/recall (B) showed consistent growth,
with final values around 0.71 for precision and 0.55 for
recall.

mAPS50: Reached 0.629, with standout performance in
the classes person (0.759), dog (0.739), and bus (0.755).
mAP50-95: Achieved 0.437, which is considered satis-
factory for a compact model like YOLOvVSn.

E. YOLOv5n Results

The YOLOvS5n model, trained using the same dataset and
parameters as YOLOv8n, completed its training in approxi-
mately 7.15 hours (Tab. IV).

Training and Validation Losses: The
train/box_loss, train/cls_loss, and
val/box_loss curves for YOLOvVS5n remain within a
very low range (approximately 0.06 to 0.045), showing

TABLE III
PER-CLASS PERFORMANCE OF THE YOLOV8N MODEL

Class Precision | Recall | mAP50 | mAP50-95
person 0.802 0.660 0.759 0.528
bicycle 0.706 0.364 0.455 0.252

car 0.689 0.519 0.585 0.378
motorcycle 0.708 0.544 0.661 0.407
bus 0.810 0.663 0.755 0.618
truck 0.574 0.383 0.451 0.296
dog 0.701 0.702 0.739 0.584

a mild downward trend and stable behavior throughout
training.

o Precision and Recall: The results indicate an average
precision of 0.699 and recall of 0.531, slightly lower than
YOLOV8n, suggesting reduced generalization in some
classes.

e mMAP50: The final value was 0.600, below the 0.629
achieved by YOLOvV8n, possibly due to reduced capacity
for capturing complex patterns.

e mAP50-95: Reached 0.366, also slightly inferior to
YOLOVS8n in this more rigorous metric.

Although YOLOv5n presented slightly lower metrics, its
ability to perform fast and early detections stands out in
autonomous navigation applications where response time is
critical. In scenarios where the system must react within
milliseconds, the model’s agility can outweigh small accuracy
losses, especially when integrated with additional sensor data.



TABLE IV
PER-CLASS PERFORMANCE OF THE YOLOV5N MODEL

Class Precision | Recall | mAP50 | mAP50-95
person 0.753 0.655 0.730 0.450
bicycle 0.664 0.481 0.445 0.218

car 0.648 0.518 0.565 0.326
motorcycle 0.736 0.535 0.635 0.326
bus 0.732 0.608 0.720 0.521
truck 0.617 0.354 0.441 0.263
dog 0.744 0.625 0.684 0.459

FE. Comparison Between YOLOv5n and YOLOv8n Predictions
in Real-World Video

With both models trained under identical conditions and
evaluated on the same dataset, a comparative analysis between
YOLOvV5n and YOLOv8n was conducted, as shown in Tab. V.
This comparison considered both quantitative aspects (metrics
and timing) and qualitative aspects (videos and visual exam-
ples).

TABLE V
OVERALL COMPARISON BETWEEN YOLOVS5N AND YOLOV8N MODELS

Metric YOLOvV5n | YOLOv8n

mAP50 0.600 0.629

mAP50-95 0.366 0.437

Average Precision 0.699 0.713

Average Recall 0.531 0.548

Training Time 7h15min 8h21min

Video Inference Time 7.81 FPS 7.04 FPS

Model Size 6.2 MB 6.2 MB

YOLOvV8n outperformed YOLOv5n in all evaluated per-
formance metrics, particularly in mAP50-95, which reflects
stronger robustness across various overlap thresholds. This
advantage can be attributed to structural improvements in
YOLOVS8n, including a more optimized head and backbone
design. The choice between YOLOv5n and YOLOv8n should
take into account not only numerical metrics but also the oper-
ational context in which navigation takes place. In dense and
unpredictable urban environments, YOLOv8n may provide
greater robustness in visual interpretation, while YOLOv5n
favors faster responses, making it suitable for systems with
computational constraints.

Fig. 7 illustrates these detections throughout the 31-minute
real-world video used for visual comparison. Both models
correctly identified multiple classes relevant to the urban
context, highlighting their suitability for embedded computer
vision systems applied to autonomous navigation in urban
environments.

G. Visual Detection in Video

Both models were tested on the same video, approximately
31 minutes long and containing over 55,000 frames. This
material was selected for its representation of a real urban sce-
nario, with a strong presence of the classes used during train-
ing. To enable a clearer comparison, a side-by-side video was
produced, showing the detections from both models starting

(b)

Fig. 7. Detections performed by (a) YOLOv8n and (b) YOLOv5n during
inference on real-world video.

from the same initial point. In the visual analysis, YOLOv8n
proved more stable in its detections, even under challenging
conditions such as intense motion, lighting variations, and
occlusions. YOLOvVS5n, while faster in inference, showed minor
fluctuations in more complex scenes. However, it compensated
with the ability to anticipate distant or partially visible objects,
an asset in applications requiring rapid responses. Fig. 8
illustrates these differences using frames extracted from the
same moment in the video, processed by both models. Despite
starting at the same time, a temporal mismatch is noticeable
in detection progression, reflecting the models’ different pre-
diction times. In some cases, YOLOv5n even detected back-
ground vehicles earlier than YOLOV8n, highlighting its visual
reach in certain contexts. A side-by-side comparison video of
the YOLOv5n and YOLOv8n models is available online®. This
video provides valuable insights that complement numerical
metrics, offering a more comprehensive evaluation of detection
consistency and contextual awareness. By analyzing frame-by-
frame differences, it is possible to identify subtle behaviors in
model predictions, such as delayed recognition, false positives,
or stable object tracking, that are not always captured through
aggregate statistics alone.

Zhttps://www.youtube.com/watch?v=KH6e24C4HDs
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Fig. 8. Comparison between the results obtained with YOLOv8n (top, time
16:12) and YOLOv5n (bottom, time 15:40).

IV. CONCLUSIONS

This work conducted a head-to-head comparison of
YOLOvV5n and YOLOV8n for object detection in urban-video
scenarios. Both models were trained on the same hardware,
with an identical subset of the COCO dataset and uniform
hyper-parameters, ensuring a fair baseline for evaluation.

Quantitatively, YOLOv8n outperformed YOLOv5n on the
main accuracy indicators — mAP50 and mAP50-95 — while
exhibiting greater stability under challenging conditions such
as occlusion, rapid motion, and lighting variation. Conversely,
YOLOvVS5n delivered higher inference speed, making it ad-
vantageous where stringent real-time or low-power constraints
apply.

Qualitative side-by-side video analysis reinforced these pat-
terns: YOLOvS8n maintained consistent detections across dense
scenes, whereas YOLOv5n was quicker to flag distant or
partially visible objects, although with more frequent misses
in complex frames.

From the perspective of autonomous navigation, these find-
ings are particularly relevant. The ability to detect pedestri-
ans, vehicles, bicycles, and animals with both precision and
speed is essential to ensure safety and real-time decision
— making by mobile agents. YOLOv8n is more suitable
for scenarios requiring robustness and continuous stability,
whereas YOLOv5n may be preferred for embedded platforms
that demand quick response and low resource consumption.

As future work, the use of pre-trained models on the
full COCO dataset is planned, applying transfer learning
to focus specifically on the target classes. Additionally, a
hyperparameter optimization process will be carried out for
each architecture to enhance model performance in real urban
scenarios.
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