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This study evaluates a real-time object detection system on
Raspberry Pi 5 for vision-based autonomous navigation of VTOL
drone platforms. A lightweight YOLOv5n model was trained at
640x640 pixels and optimized by converting it to OpenVINO
Intermediate Representation (IR) format with a reduced input size of
416x416 pixels to improve CPU inference speed on edge hardware.
The dataset consists of three object classes (baskets, cubes, and tori)
comprising 4,575 images with 10,260 annotated instances
(approximately 3,420 annotations per class), collected in various
environmental conditions using the Roboflow platform. Experiments
were conducted on a VTOL drone platform under controlled and
tethered conditions using a USB camera connected to the Raspberry
Pi 5. Results show the system achieves mAP@0.5 of around 0.992
and a maximum F1-score of around 0.992 at a threshold of 0.43,
while the confusion matrix indicates high classification accuracy
across all classes. The system achieves an average throughput of
approximately 18 FPS and inference time of approximately 55 ms
per frame across 2,160 outdoor test frames, with moderate CPU and
memory usage. This demonstrates that YOLOv5n with OpenVINO
on the Raspberry Pi 5 enables high-performance real-time multi-
class detection, providing a strong foundation for drone navigation
systems development.
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1. INTRODUCTION

High-performance real-time object identification based on deep learning has become an important
component of many security systems, including robotics, unmanned aerial vehicle (UAV) applications, and
surveillance [1]. The YOLO (You Only Look Once) model has been widely adopted due to its ability to balance
accuracy and inference speed, making it ideal for deployment on advanced computing devices[2]. Recent
studies have demonstrated that YOLO variants, particularly YOLOV5 through YOLOVS, can be optimized to
create lightweight models without significant degradation in detection capabilities, making them highly relevant
for vision-based navigation systems that require real-time visual decisions with minimal latency and low power
consumption[3], [4]. The integration of object detection modules on autonomous platforms, such as VTOL
(Vertical Take-Off and Landing) drones, enables critical usage scenarios including automatic target landing,
terrain mapping, and vision-based navigation[5], [6]. However, the trade-off between computational capacity
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and battery life necessitates highly efficient and lightweight detection algorithms for mobile autonomous
systems[7]. The Raspberry Pi 5, as the latest generation of single-board computers, offers significant
improvements with its quad-core 2.4 GHz Cortex-A76 CPU and memory capacity up to 8 GB LPDDR4X
compared to previous models[8], making it suitable for computer vision applications at the edge[9]. Recent
benchmarking studies have shown that the Raspberry Pi 5 can achieve substantial performance improvements
for object detection tasks compared to earlier generations[10].

This configuration is particularly relevant for robotic systems and unmanned aerial vehicles
(UAVs), as optimization through inference frameworks such as OpenVINO enables accelerated model
execution on ARM CPUs without the need for specialized hardware accelerators[11]. OpenVINO
optimization capabilities, including model conversion to Intermediate Representation (IR) format and
runtime inference acceleration, have been demonstrated to significantly improve inference performance on
edge devices[12].

Despite this progress, several critical gaps remain in the application of YOLOvV5n for autonomous
navigation on edge devices. First, existing benchmarks focus on older generations of Raspberry Pi such as
Raspberry Pi 3 and Raspberry Pi 4 [13] or comparative YOLO studies [14] without fully exploring the
enhanced capabilities of Cortex-A76 on Raspberry Pi 5 for YOLOv5n inference[15]. Second, although
OpenVINO optimizations have been studied[16], empirical evidence on YOLOv5n conversion with multi-
resolution strategies (640x640 vs. 416x416) remains limited[17].

By capitalizing on these gaps, this study specifically targets the under-explored combination of the
Raspberry Pi 5 Cortex-A76 architecture and the dual-resolution YOLOV5n training-to-deployment strategy
(640%640 pixels for training, 416x416 pixels for OpenVINO IR inference), evaluated through real-world
tethered VTOL flights rather than just static benchmarking. Unlike previous studies that reported on YOLO-
OpenVINO combinations primarily through offline accuracy metrics or on older generations of Raspberry Pi
[13]-[17], this research combines model-level accuracy evaluation with real-time outdoor benchmarking
(FPS, inference time, and CPU utilization across 2,160 frames) on an actual VTOL platform, which
constitutes a specific novelty and practical contribution of this study.

This research focuses on the development and evaluation of a multi-class object detection system using
the YOLOv5n model on a Raspberry Pi 5 with 8 GB of RAM[18]. The model was initially trained at a
resolution of 640x640 pixels and subsequently converted to OpenVINO Intermediate Representation (IR)
format with an optimized resolution of 416x416 pixels to improve computational efficiency[19]. Accuracy
performance was evaluated using comprehensive metrics including precision, recall, F1-score, mAP@0.5,
mAP@0.5:0.95, and confusion matrix analysis[20], while real-time performance was measured through FPS,
inference time, CPU utilization, and memory consumption across test frames[21].

This framework is designed to meet the requirements of vision-based autonomous navigation
applications, particularly on platforms with limited computational resources such as UAVs and mobile
robots[22], [23]. The main contribution of this research is the demonstration of a comprehensive pipeline
encompassing YOLOv5n training, OpenVINO optimization, and real-time implementation with quantitative
performance analysis on the Raspberry Pi 5[24]. The experimental results demonstrate that the system
achieves multi-class detection with a mAP@0.5 of approximately 0.992 and an average throughput of
approximately 18 frames per second in real-time testing, which is suitable for vision-based autonomous
navigation applications[25]. Additionally, this research presents a comprehensive analysis of FPS
distribution, latency variation, and resource utilization[26], while identifying computational bottlenecks and
proposing potential future optimizations such as INT8 quantization, model assembling, and adaptive
resolution strategies as avenues for advancement[27].

2. METHOD

This research consists of two distinct phases conducted on different hardware platforms: offline
training on a workstation with high processing power and online inference on an edge device (Raspberry Pi
5). The system is designed for onboard deployment on a VTOL drone platform, where experiments are
conducted under controlled and tethered conditions. The hardware specifications for both phases are listed in
Table 1.

Table 1. Hardware specifications for training and deployment

Component  Specifications for Training  Deployment Edge

CPU AMD Ryzen 5 5600X (3.7  Raspberry Pi 5
GHz x 12) (8GB LPDDR4X
RAM, Quad-core
Arm Cortex-A76
2.4GHz)
GPU NVIDIA GeForce RTX -
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3060, 12 GB
RAM 16 GB DDR4x2 (32 GB LPDDR4X 8 GB
Dual Channel)
0os Ubuntu 22.04 LTS (64-bit)  Raspberry Pi OS 64-
bit
Framework  Torch 2.0.1 + Torch Vision  OpenVINO™
0.15.2 2023.0.0
Storage SSD500GB+HDD2TB  Micro SD 32 GB
Accelerator ~ OpenVINO™ Runtime OpenVINO™
(CPU inference) Runtime on ARM
Cortex-A76 (no
dedicated

accelerator)

Figure 1 illustrates the entire research process from start to finish, including data collection and
analysis, model analysis and accuracy evaluation, conversion of the YOLOv5n model to OpenVINO
Intermediate Representation (IR), and implementation and real-time performance on the Raspberry Pi 5
platform.

YOLO Training/Val/
Start > Da.ta. » Labeling & > Test/ Data > YOL.O.VSN
Acquition , i Training
annotation Splitting
Y
Model Conversion Deploy on a Real-Time
Accutacy » Selection y » Raspberry Pi — Inference &
Evaluation e "l openviNo [P "
(Best.pt) R 5 Perfomance

Figure 1. Overall research workflow.

The work began with dataset analysis and manual data entry using the YOLO format, followed by
training-validation-testing and data augmentation. The YOLOv5n model was then analyzed and evaluated
using standard object detection methods. The best-performing model was converted to OpenVINO IR format
and deployed on a Raspberry Pi 5 to measure time using a USB camera, where accuracy and resource usage
were measured within the frame. This design ensures that the model is not only accurate for test data, but also
useful for time-sensitive operations on edge devices with limited computing resources.

2.1 Dataset and data preparation

In Figure 2 below, this dataset consists of three types of objects, namely baskets, cubes, and tori,
which were collected indoors and outdoors at varying distance and lighting conditions. There are a total of
4,575 images with resolutions of 1280x720 and 1920x1080 pixels used. Each image may contain more than
one object, resulting in a total of 10,260 annotated instance (approximately 3,420 annotations per class). Each
image is manually annotated using the Bounding Box tool (Roboflow), which uses the normalized YOLO
coordinate format (Xcenter, Yeenter, Width, height) for each object instance. The annotated data set is then divided
into 70% training data, 20% validation data, and 10% test data to support proper model generalization. To
capture scene diversity, images were gathered from various indoor and outdoor settings, with camera-to-
object distances ranging from approximately 0.5 to 5 meters and different viewing angles, while maintaining
a nearly balanced class distribution of 673, 689, and 680 test instances for the basket, cube, and torus classes,
respectively (Table 2), in order to mitigate the potential for class-imbalance bias during training and
assessment.
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Figure 2. Example of labeled images in the Roboflow workspace.

2.2 Architecture Model and training process

The model used is YOLOV5n (nano), a lightweight variation of the YOLOV5 family with
approximately 1.9 million parameters and a file size of around 3.8 megabytes, making it compatible with
edge devices such as the Raspberry Pi 5. Its architecture consists of three prediction scales in the detector
head (1/8, 1/16, and 1/32 of the input resolution) to modify objects of different sizes, feature extraction in the
backbone, and a Path Aggregation Network in the neck for multi-scale fusion and Head [Figure3].

To enhance the model's generalization capabilities across varied environmental condition, multiple
data augmentation strategies were employed during training this encompassed random scaling, horizontal
flipping, and illumination modifications to replicate variances in object appearance and environmental
conditions.

CSPDarknet53 uses a Focus layer for feature extraction, followed by Conv and C3 modules (Cross Stage Partial Botileneck) for efficiency

SPPF

Layer 9
-> - -> - > SPP - Fast

1024ch

Path Aggregation Network (PANet) for multi-scale future fusion through b 1p and top-dt

Upsample Concat Upsample
Layer 18 - Layer 14 -« Layer 13
2x [P4] 2x

Concat
Layer 20
[P3]

Concat
Layer 23
[P4]

Detection head with three prediction scales (P3/8, P4/16, P5/32) for multi-scale object detection

Figure 3. YOLOV5nN Architecture.

In figure 3 CSPDarknet53 uses a Focus layer (6x6 Conv2d stride=2, which reduces the resolution to
320x320 pixels) to reduce the input image size from 640x640 pixels. This is followed by 4 C3 modules
(Cross Stage Partial bottleneck for efficiency and parameter reduction) and SPPF (Spatial Pyramid Pooling
Fast) for a receptive field that can detect objects of various sizes in a single forward pass. Path Aggregation
Network (PANet) uses a top-down path (2x up sampling from P5 20x20 to P4 40x40, then to P3 80x80 via
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skip concatenation connections) and a bottom-up path for P3/8, P4/16, and P5/32 feature fusion, ensuring
information from various resolutions is available for accurate detection.

The YOLOVS5 head generates a final prediction tensor using three grid scales: 80x80 (small objects
such as distant cubes), 40x40 (medium objects such as normal toruses), and 20x20 (large objects such as
nearby baskets). Each grid uses three box anchor points to generate box bounds (x,y,w,h), confidence scores,
and probability classes (basket/cube/torus). The analysis process was performed on a workstation (Table 1)
with the following parameters: 640x640 pixel input, batch size 16, approximately 150 epochs, SGD
optimizer (standard momentum decay and YOLOV5 weights), CloU loss (bounding box regression), BCE
classification loss (3 classes), and object loss (object presence/absence). Each epoch was evaluated using
mMAP@0.5 on the validation set until best convergence.pt, then converted to OpenVINO IR format (.xml
+.bin) for real-time inference on Raspberry Pi 5 (~15-20 FPS target).

2.3 Accuracy Evaluation

Accuracy, recall, F1-score, average precision (AP), and mean average precision (mAP) at several
Intersection over Union (loU) values are used to evaluate model accuracy. For each class, the number of true
positives (TP), false positives (FP), and false negatives (FN) form the basis of this evaluation method. While
recall measures the proportion of correctly detected objects relative to all ground-truth objects in the data,
precision measures the proportion of correct detections relative to all predicted objects. In this context, TP,
FP, and FN respectively represent correctly detected objects, false positive predictions, and missed
detections. The precision and recall are defined mathematically as in (1) and (2):

TP

Precision = 1)
TP+FP
Recall = —= 2
TP+FN

The F1-score is defined as the harmonic mean between recall and precision, providing a single measure that
balances sensitivity and detection reliability, as shown in (3):

Precision x Recall
F1 —score = 2x ——— (©)

Precision+Recall

The Average Precision (AP) for each class is obtained from the area under the precision-recall curve at the
current loU threshold, while mAP is calculated as the average AP across each class for one or more loU
values. In addition, a confusion matrix is used to visualize the distribution of correct and incorrect
classifications among classes so that classification problems can be analyzed more thoroughly; the
corresponding numerical metrics table and confusion matrix are displayed and discussed in the results
section. It is important to highlight that the metrics presented are based on a singular training-validation-test
partition (Section 2.1); this study did not conduct repeated trials with alternative random splits or k-fold
cross-validation, which is suggested as a future research avenue to validate the consistency of the findings.

2.4 Conversion to OpenVINO IR

The YOLOv5n model works optimally in Torch format (best.pt) before being converted to
OpenVINO Intermediate Representation (IR) format, which consists of a model.xml file (network structure)
and a model.bin file (trained weights). The model inference results produce normalized bounding box
coordinates, object location scores, and class probabilities. This data is then further processed by normalizing
the coordinates to the original image dimensions, applying Non-Maximum Suppression (NMS) with an loU
of 0.45, and filtering detections below a confidence threshold of 0.43. This on-device post-processing
framework, where NMS and confidence filtering occur locally on the Raspberry Pi 5 instead of being
transferred to an external host, was chosen to reduce communication latency and maintain a self-sufficient
detection pipeline that does not rely on network connectivity, a crucial design aspect for an onboard VTOL
navigation system. In comparison to the original PyTorch model, the OpenVINO IR conversion is anticipated
to enhance CPU inference efficiency mainly via graph-level optimizations like operator fusion, constant
folding, and memory-layout optimization for the ARM Cortex-A76 target; however, a direct and controlled
latency comparison between the unconverted PyTorch model and the OpenVINO IR model on the identical
Raspberry Pi 5 hardware was not conducted in this study, which is recognized as a valuable addition for
future research to accurately measure this contribution.

2.5 Implementation on Raspberry Pi 5 and Real-Time Benchmarking

The inference phase is conducted solely on a Raspberry Pi 5 Rev 1.0 (quad-core ARM Cortex-A76
processor @2.4 GHz, 8 GB LPDDR4X RAM) utilizing a Logitech C920 USB camera (720p) and the
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Raspberry Pi 64-bit operating system. The software ecosystem includes Python 3.11 alongside OpenVINO
2023.3, OpenCV, NumPy, and several auxiliary libraries for video processing, analysis, and visualization.
The output of real-time detection is obtainable thru the host laptop without compromising the local inference
capabilities of the device.

To ensure effective real-time performance on platforms with limited resources, various optimization
measures have been implemented. The input resolution is set to 416x416 pixels to strike a balance between
computational efficiency and detection accuracy. This decision illustrates a clear compromise: enhancing the
input resolution to 640x640 pixels is anticipated to boost detection precision for diminutive or remote
objects, albeit at the expense of increased inference latency and diminished FPS, while a reduced input size
would expedite inference time but jeopardize the detection of small targets; consequently, the 416x416
configuration was chosen empirically as a pragmatic equilibrium for the object dimensions and distances (1—
3 m) observed in this research. Additionally, non-essential background activities are minimized so that
additional processing resources can be allocated to the inference pipeline.

The system operates in continuous frame processing mode, where each captured frame is processed
instantly without temporary storage delays. This method minimizes the latency between image capture and
identification results, which is critical for real-time vision-based applications such as autonomous navigation.
OpenVINO enhances inference efficiency by optimizing the model for execution on ARM-based CPUs,
thereby reducing inference time and improving overall system responsiveness. The foremost hardware
limitation encountered during deployment was CPU-constrained inference on the Cortex-A76 cores, as the
Raspberry Pi 5 lacks a dedicated neural accelerator; CPU usage during detection averaged approximately
81.7% (Section 3.3), resulting in restricted capacity for simultaneous onboard operations like flight-control
calculations, a factor that must be taken into account when incorporating this pipeline into a comprehensive
VTOL system.

Pre-Processing
jn?st;n]js&asi . | Capture Frame .| (Resize
costem | Camera Tl 416x416 +
- Normalize)
¥
Post-
Lﬂfﬂmﬁe Processing Overlay +
YOLOv3n = e i
VINO > (NMS » Logging (bbox
{%Pu;“mé} ToU=0 45, + FAST csv)
thr=0.4)

Figure 4. Complete Real-time Object Detection Pipeline using YOLOv5n-OpenVINO on Raspberry Pi 5.

In Figure 4, the detection pipeline continuously captures frames from the USB camera, performs
pre-processing (resize to 416x416, normalization), executes YOLOV5n inference via OpenVINO Runtime,
applies post-processing (NMS loU 0.45), and logs metrics to benchmark_FAST.csv. A total of 2,160 frames
were benchmarked to compute per-frame inference time (infer_ms), instantaneous FPS, CPU usage, and
statistical summaries (mean, std) for performance characterization.

3. RESULTS AND DISCUSSION
Results from training (Section 2.2) and Raspberry Pi 5 demonstrate the effectiveness of the
proposed pipeline.

3.1 Training Convergence Analysis

The training and validation losses for the regression, classification, and distribution focus loss
(DFL) components are shown over 150 epochs in Figure 5. The validation loss closely follows the training
curve without deviating, but all three loss terms decrease monotonically and converge well. With no clear
indication of overfitting or underfitting during training, this behavior indicates that the model can
successfully learn the underlying data distribution. The stable final loss value at a relatively low level
provides a strong basis for achieving high detection accuracy in testing and implementation scenarios.

Int J Artif Intell, Vol. 99, No. 1, Month 2099: 1-1x
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Figure 6. Precision, recall, mAP@0.5, and mAP@0.5:0.95.

Figure 6 shows the progress of the main evaluation metrics—mAP@0.5, and mAP@0.5:0.95—
calculated on the validation set. In the early epochs, all metrics increased rapidly. As training progressed,
these metrics eventually reached a saturation point and converged to stable values near the end of training.
The model successfully learned highly discriminative features for the three object classes (baskets, cubes, and
tori), as indicated by stable precision and recall at 0.98, mAP@0.5 reaching around 0.99, and mAP@0.5:0.95
reaching around 0.87 in the last epoch. The final YOLOv5n checkpoint was selected for deployment on the
Raspberry Pi 5 in subsequent real-time experiments based on these results.

3.2. Classification accuracy results
Table 2. Performance Metrics

Metric Bucket Cube  Torus Average
Precision 0.994 0.989  0.994 0.992
Recall 0.994 0.989  0.994 0.992
F1-score 0.994 0.989  0.994 0.992
mAP@0.5 0.994 0.989  0.994 0.992
Support 673 689 680 2,042

A summary of the metric calculations is shown in Table 2, where the average mAP@0.5 is
approximately 0.992 and the F1-score is approximately 0.992 at a confidence threshold of 0.43, indicating
that the model can detect and localize objects with very high accuracy for the three classes.
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Figure 8. Confusion Matrix Normalized.

In addition, a confusion matrix is used to illustrate correct and incorrect predictions for each class
so that classification error patterns can be analyzed more closely, as shown in Figures 7 and 8. The
confusion matrix in Figure 7 illustrates that the basket, cube, and torus classes consistently have 665 out of
673, 666 out of 689, and 674 out of 680 examples detected correctly, while the rest are misclassified
between classes or undetected (background). The resulting accuracy values are approximately 99.0% for
baskets, 96.7% for cubes, and 99.1% for tori per class. Figure 8 shows the normalized confusion matrix,
where the diagonal elements for the first three classes are between 0.97 and 0.99, while the diagonal
elements are below 0.01 to 0.04. This indicates that the model has excellent ability to distinguish classes
with a very small number of misclassifications.

3.3 Real-Time Outdoor Performance

Real-time testing in an outdoor environment using Raspberry Pi 5 shows that the YOLOv5n-based
object detection system optimized with OpenVINO can consistently detect three types of objects in various
environmental conditions and everyday situations. Frame rates during field testing were around 17-19 frames
per second with an inference time per frame of approximately 52-58 ms, meeting the real-time requirements
for vision-based autonomous navigation.

Figure 9 shows the experimental setup of the VTOL platform during real-time testing, where the drone
operates under controlled tethered conditions to ensure stability and safety. This setup enables evaluation

Int J Artif Intell, Vol. 99, No. 1, Month 2099: 1-1x
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under semi-realistic conditions, where onboard computation and environmental variability affect detection

performance.
S tds:
e r
.’,
. ‘ \ b
4 ' -
e v Gl ‘;.fa{"

Figure 9. VTOL drone platform equipped with Raspberry Pi 5 during real-time outdoor testing under controlled tethered conditions.

Based on the experimental setup shown in Figure 9, the system was evaluated under varying object
distances and environmental condition. Within a range of 1 to 3 meters, three objects can be inspected
simultaneously with confidence scores generally ranging from 0.70 to 0.80. However, in less than ideal
conditions or with objects still in use, the lowest confidence score remains around 0.70. This shows that the
model remains stable in handling variations in object position and orientation during testing. Additionally,
the system did not show a significant decline in detection performance when the background changed (e.qg.,
grass, or concrete areas), indicating that the model has the ability to generalize to various outdoor scenarios.
Nonetheless, the outdoor assessment detailed herein was performed under moderate circumstances, and it is
anticipated that detection efficacy would diminish in more arduous situations not explicitly investigated in
this research, including significant object obstruction, rapid relative movement between the drone and target
objects resulting in motion blur, or densely cluttered outdoor environments; a systematic evaluation of the
system under these conditions is reserved for subsequent studies.
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Figure 10. Outdoor detection result (FPS=19.5, inference=52.5ms).
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In Figure 10, this result illustrates detection in an outdoor environment with paving, where three
objects are detected with a confidence level of at least 0.87, even when there is variation in the background
texture. The overlay shows an FPS of around 19.5 and an inference time of 52.5 ms, confirming that the
system is responsive in external environments with more complex surfaces. High confidence scores (>0.87)
across various outdoor backgrounds—from textured paving and natural grass—demonstrate the model's
strong generalization ability after being tested on a 3-class dataset (about 3,420 labeled examples for each
category).

This robustness is crucial for autonomous navigation applications, where environmental conditions
are unpredictable. To validate the Non-Maximum Suppression (NMS 1oU=0.45) configuration, 3-object
detection that consistently produces minimal false positives must be examined. This will ensure that
bounding boxes remain stable even when objects are in close proximity to the camera. These field results,
when combined with a validation score of 0.992 on mAP@0.5, demonstrate strong generalization across
diverse outdoor conditions.

CRo0AeEBE@E
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Figure 11. Outdoor detection result (FPS=18.1, inference=55.3 ms).

In Figure 11, the three objects are closer to the camera, so the relative size of the bounding boxes is
smaller. However, detection remains accurate with a confidence level of around 0.93 for the basket and torus.
The FPS, which is around 18.1 with an inference time of 55.3 ms, indicates that distance variations do not
significantly affect system performance when objects are still within the effective resolution range of the
model.

Table 3. Sample Real-Time Performance Log (selected frames: 3 objects detected, FPS >17)

Infer (ms) FPS CPU (%) Num
Detections
40.68 23.18 80.80 3
43.00 21.74 78.60 3
41.97 21.69 81.50 3
56.89 16.39 83.30 3
40.80 22.80 80.80 3
45.87 20.35 81.50 3
47.54 18.41 87.90 3
53.47 17.39 83.30 3
34.63 26.17 80.00 3

Int J Artif Intell, Vol. 99, No. 1, Month 2099: 1-1x
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35.67 24.75 80.10 3

Average 42.59 21.76 81.70 3

Table 3 presents a sample of the real-time performance log on the Raspberry Pi 5, specifically for
frames where all three target objects are detected simultaneously and the system operates at 17 FPS or higher.
Under these optimal detection conditions, the average inference time is approximately 42.6 ms with an
average throughput of about 21.8 FPS and CPU utilization around 81.7%. It is important to note that the
overall outdoor benchmark across all 2,160 frames — encompassing varying object distances, counts, and
environmental conditions — yields an average inference time of approximately 55 ms and throughput of
approximately 18 FPS, as reported in Section 3.3. These results confirm that the OpenVINO-optimized
YOLOvV5n model is capable of maintaining real-time multi-object detection under the evaluated outdoor
conditions.

Figure 12 illustrates the identical ten sampled frames detailed in Table 3, illustrating the correlation
between per-frame inference duration and frames per second (FPS). The data illustrates a negative
association between the two variables: frames exhibiting greater inference delay, such F4 at 56.89 ms, are
associated with diminished FPS (16.39), whereas frames with reduced latency, such as F9 at 34.63 ms, are
linked to elevated FPS (26.17). This verifies that inference duration is the primary limitation on real-time
throughput on the Raspberry Pi 5. In practical applications, an inference duration between 35 and 55
milliseconds and a throughput of about 18 to 22 frames per second are adequate for real-time visual feedback
in VTOL navigation activities like target tracking and obstacle evasion, with update frequencies exceeding
roughly 10 Hz typically deemed sufficient for stable closed-loop regulation.
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Figure 12. Real-time performance analysis of YOLOv5n with OpenVINO on Raspberry Pi 5 across 10 sampled frames.

4. CONCLUSION

Using YOLOv5n with OpenVINO optimization on a Raspberry Pi 5, this study successfully
demonstrated a full three-class object detection pipeline. It achieved a mAP@0.5 of 0.992, an F1-score of
0.992 at a confidence threshold of 0.43, an average inference time of about 55 ms per frame, and a real-time
throughput of about 18 FPS across a 2,160-frame outdoor benchmark with CPU utilization of 81.70%. With
per-class precision and recall both reaching 0.992, the model showed dependable detection of basket, cube,
and torus objects under a variety of outdoor conditions, including different illumination levels, object-to-
camera distances of 1-3 meters, and heterogeneous surface backgrounds like grass, and concrete. Confusion
matrix analysis validated the robustness of the learnt feature representations by confirming that the model did
not cause any cross-class misclassification. A crucial optimization step that allowed the ARM Cortex-A76
CPU to maintain real-time inference without the need for a specialized hardware accelerator was the
conversion from PyTorch to OpenVINO IR format at 416x416 pixels. The proposed pipeline is a lightweight
and efficient solution for vision-based object recognition in VTOL autonomous navigation applications with
limited resources. Despite these results, a number of limitations should be noted, such as the limited coverage
of the dataset, the tethered low-altitude test settings, and the lack of temporal tracking for objects moving
quickly.

These constraints suggest that the documented performance ought to be viewed as indicative of
regulated, tethered, low-altitude flight in moderate outdoor environments, rather than as a reflection of
completely autonomous free flight; the efficacy in untethered flight dynamics, elevated altitudes, or complex
obstacles requires validation in subsequent research. These restrictions will be addressed by future research
in a number of focused ways. To support complete VTOL autonomous situations, the dataset will be
extended to include obstacle and landing pad classes. To further lower inference latency and maybe surpass
24 FPS throughput, INT8 post-training quantization will be investigated. To enable closed-loop, vision-
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guided autonomous landing, the detecting system will be connected to a PX4 autopilot controller using the
MAVLink protocol. To enhance temporal consistency between frames, multi-object tracking methods like
Deep SORT will be used. Additionally, potential improvements in inference speed and energy efficiency for
extended autonomous flights will be assessed by evaluating hardware acceleration alternatives such as
Google Coral TPU and Intel Neural Compute Stick 2 (NCS2).

Future research will also assess prolonged operation under continuous high computational demand,
including potential thermal throttling on the Raspberry Pi 5 and its impact on long-term inference stability.
Furthermore, while the existing framework has been validated on three object classes pertinent to this VTOL
application, its modular training—optimization—deployment pipeline is not intrinsically confined to these
classes and could be modified for supplementary object categories or other edge-vision tasks by retraining
the YOLOvV5n model on a newly annotated dataset, without altering the OpenVINO deployment architecture.
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