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Resumen

La detección de objetos en imágenes aéreas capturadas por drones requiere modelos capaces de localizar objetos con orienta-
ciones arbitrarias y, al mismo tiempo, funcionar bajo las limitaciones de cómputo propias del procesamiento a bordo.

Este trabajo evalúa once modelos de detección de objetos orientados de las familias YOLO-OBB, RTMDet, RoI Transformer
y Strip R-CNN.

La comparación considera tanto la precisión de detección como métricas relevantes para su uso en escenarios reales, como
velocidad de procesamiento, tamaño del modelo y coste computacional. La evaluación se realiza sobre parches solapados del
dataset DOTA v1.0. Los modelos se comparan mediante mAP y F1-Score ponderado usando umbrales de confianza selecciona-
dos en el subconjunto de calibración. Los resultados muestran que los modelos de mayor capacidad, como YOLOv11x-OBB y
RTMDet-l, son los candidatos más adecuados para inferencia en la nube, mientras que las variantes YOLO nano y RTMDet-tiny
ofrecen distintos compromisos para el procesamiento en el borde. A partir de estos resultados, se plantea una arquitectura hı́brida
edge–cloud para detección orientada desde UAVs.

Palabras clave: Aprendizaje automático, Procesamiento de imágenes, Robots aéreos, Percepción y sensado, Sistemas
embebidos de control, UAVs

Abstract

Aerial object detection from UAV imagery requires models capable of localizing objects with arbitrary orientations while
operating under the computational constraints of onboard processing. This work evaluates eleven oriented object detection
models from the YOLO-OBB, RTMDet, RoI Transformer and Strip R-CNN families.

The comparison considers both detection accuracy and deployment-oriented metrics, including latency, throughput, model
size and computational complexity. The evaluation uses overlapping image patches from the DOTA v1.0 dataset. Models are
compared in terms of mAP and weighted F1 using confidence thresholds selected on the calibration subset. The results show
that high-capacity models such as YOLOv11x-OBB and RTMDet-l are the most suitable candidates for cloud-side inference,
whereas the YOLO nano variants and RTMDet-tiny offer different trade-offs for edge-side processing. Based on these findings,
a hybrid edge–cloud architecture is proposed, where lightweight onboard detectors process the UAV video stream in real time
and more accurate cloud-side models are reserved for ambiguous, low-confidence or high-priority detections.

Keywords: Machine learning, Image processing, Flying robots, Perception and sensing, Embedded computer control systems
and applications, UAVs

1. Introduction

Object detection in aerial imagery has become a key task
in remote sensing and UAV-based monitoring applications. It

enables the automatic localization and classification of rele-
vant objects such as vehicles, ships, aircraft, bridges, and in-
frastructures (Tang et al., 2023). These capabilities are useful
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in scenarios such as traffic monitoring, emergency response,
environmental supervision, precision agriculture, and surveil-
lance. However, aerial object detection presents specific chal-
lenges that differ from conventional object detection in natural
images, including small object size, dense object distributions,
complex backgrounds, scale variability, and arbitrary object
orientations (Ding et al., 2021).

Most general-purpose object detectors rely on horizontal
bounding boxes (HBBs), which are not well suited to aerial
imagery when objects appear with arbitrary orientations or
dense spatial layouts (Xu et al., 2020). Oriented bounding
boxes (OBBs) provide a more appropriate representation by
modelling object rotation and better fitting the actual spatial
extent of aerial targets.

In addition to detection accuracy, UAV-based applications
impose strong deployment constraints. Onboard systems are
limited by computational resources, memory, energy con-
sumption, and real-time inference requirements. Lightweight
models can provide fast inference on edge devices, but may
suffer from lower localization accuracy or reduced robustness
in complex scenes (Yuan et al., 2024). Conversely, high-
capacity models usually achieve better detection performance,
but are more suitable for cloud-side execution due to their
computational cost. This trade-off motivates the study of hy-
brid edge–cloud architectures, where a lightweight detector
performs fast onboard inference and a more accurate cloud
model is used for selected frames, uncertain detections or re-
finement.

This work evaluates oriented object detection models from
two complementary frameworks: Ultralytics YOLO-OBB and
MMRotate. The selected models cover both lightweight edge-
oriented detectors and high-capacity cloud-oriented architec-
tures. The comparison considers not only standard detection
metrics, but also deployment-related indicators including la-
tency, throughput, model size, number of parameters, and
computational complexity. In addition, an F1 analysis is per-
formed to study the practical operating point of each detector
under different confidence thresholds.

The rest of the paper is structured as follows. Section 2
provides an overview of related research on aerial object de-
tection, oriented bounding boxes, and deployment-oriented
detection. Section 3 details the experimental setup, includ-
ing the dataset, evaluated models, metrics, and implementa-
tion settings. Section 4 reports and discusses the obtained
results. Section 5 presents the proposed hybrid edge–cloud
architecture. Finally, Section 6 concludes the paper and high-
lights potential avenues for future work.

2. Related Work and State of the Art

2.1. Aerial object detection and datasets
Aerial object detection has become increasingly relevant

due to the growth of UAV-based image acquisition, with ap-
plications to urban planning, precision agriculture, emergency
response, and surveillance (Zhu et al., 2018; Sadgrove et al.,
2018; Reilly et al., 2010), among others. Compared to natural-
image detection, aerial scenes present additional challenges
including bird’s-eye viewpoints, arbitrary object orientations,
large scale variations, dense spatial distributions, and small or
elongated objects (Xia et al., 2018; Ding et al., 2019, 2021).

Most general-purpose detectors rely on horizontal bound-
ing boxes, which are not very appropriate for aerial imagery
when objects appear with arbitrary orientations or dense lay-
outs (Ding et al., 2019; Xu et al., 2020). Oriented bound-
ing boxes (OBBs) provide a better representation by mod-
elling object rotation and fitting the actual spatial extent of
aerial targets (Xia et al., 2018; Zhu et al., 2015). The DOTA
dataset (Xia et al., 2018) addressed the lack of large-scale
annotated benchmarks for this task, providing multi-source
high-resolution imagery with oriented bounding box annota-
tions across 15 object categories, and has become the standard
benchmark for oriented object detection in remote sensing.

2.2. Deep Learning Architectures for OBB Detection

Modern object detection has evolved from two-stage
region-based detectors to efficient one-stage architectures.
Faster R-CNN introduced region proposal networks within a
unified detection framework (Ren et al., 2015), while YOLO
(Redmon et al., 2016) reformulated detection as a single-stage
regression problem suitable for real-time inference. RetinaNet
(Lin et al., 2017) further improved dense one-stage detection
by introducing focal loss to address foreground-background
imbalance. These general-purpose architectures have strongly
influenced aerial object detection, but the arbitrary orienta-
tion and dense distribution of aerial objects motivated specific
adaptations for rotated object detection.

RoI Transformer (Ding et al., 2019) is one of the repre-
sentative two-stage approaches for oriented object detection
in aerial images. It learns to transform horizontal regions of
interest into rotated regions of interest, reducing the mismatch
between axis-aligned proposals and arbitrarily oriented ob-
jects. More recent remote sensing detectors have focused on
improving feature extraction for aerial scenes. For instance,
LSKNet adapts the receptive field using large selective kernels
(Li et al., 2023), PKINet combines multi-scale convolutional
kernels with contextual attention (Cai et al., 2024), and Strip
R-CNN exploits strip convolutions to better model elongated
high-aspect-ratio objects (Yuan et al., 2026).

In parallel, efficient one-stage detectors have also been
extended to rotated object detection. RTMDet (Lyu et al.,
2022) provides real-time detection variants within the Open-
MMLab ecosystem, whereas YOLO-based OBB models pre-
serve the deployment-oriented nature of YOLO architectures
while adding support for oriented bounding boxes (Ultralytics,
2026). These models are particularly relevant for UAV-based
scenarios, where detection accuracy must be balanced against
latency, model size, and computational cost.

2.3. Edge AI and Deployment-Oriented Detection

Although high-capacity oriented detectors can achieve
strong accuracy, their computational cost may limit their use
in onboard UAV systems. UAV-based aerial surveillance re-
quires processing high-resolution image streams under con-
straints of latency, memory, energy consumption, bandwidth,
and embedded hardware capacity. Edge AI addresses this
problem by deploying machine learning models close to the
data source, reducing the need to continuously transmit raw
data to remote servers (Gill et al., 2025).
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From a deployment perspective, lightweight one-stage de-
tectors are attractive because they usually provide lower la-
tency and simpler inference pipelines than multi-stage archi-
tectures (Redmon et al., 2016; Lyu et al., 2022). Additional
optimization techniques, such as reduced-precision inference,
ONNX export and TensorRT acceleration, can further improve
inference speed and memory usage on NVIDIA-based hard-
ware (NVIDIA, 2026).

However, choosing between a highly accurate but com-
putationally expensive model and a fast but less robust
lightweight detector remains a fundamental compromise. This
trade-offmotivates collaborative edge–cloud strategies, where
computationally cheap inference is performed onboard and
more demanding analysis is delegated to cloud-side models
when necessary (Yuan et al., 2024).

3. Experimental Setup

The experimental evaluation was designed to compare ori-
ented object detection models under both accuracy-oriented
and deployment-oriented criteria. Therefore, the models were
compared not only in terms of mAP, but also considering
latency, throughput, model size, number of parameters, and
computational complexity.

3.1. Dataset and Preprocessing
The evaluation was conducted on the DOTA v1.0 vali-

dation set (Xia et al., 2018). The original dataset comprises
2,806 high-resolution images, with dimensions ranging from
800 × 800 to 20,000 × 20,000 pixels, distributed across 15
class-imbalanced categories (e.g., planes, ships, helicopters,
and small and large vehicles).

The official validation split was divided into two dis-
joint subsets: a calibration subset and a held-out test subset.
The split was performed at the original-image level, using
the source-image identifier preserved in the patch filenames.
Therefore, all patches derived from the same high-resolution
image were assigned to the same subset, preventing overlap
leakage between calibration and test data. Due to the large
size of the original images, we processed them into fixed-
size patches following the standard MMRotate preprocess-
ing guidelines (Zhou et al., 2022). Specifically, the images
were cropped into 1024 × 1024 pixel patches with a sliding
window overlap of 200 pixels. For the validation split, this
procedure generated a total of 5,297 image patches. Out of
these, 3,066 patches contained positive annotations, while the
remaining 2,231 were empty. The complete validation split,
including images with empty annotation files, was intention-
ally preserved during the evaluation phase to rigorously test
the models’ robustness and appropriately penalize false posi-
tive predictions in background-only regions.

3.2. Evaluated Models
The evaluation was conducted across two distinct deep

learning frameworks: Ultralytics (Ultralytics, 2026), a widely
adopted environment renowned for its one-stage YOLO ar-
chitectures with different model sizes, and MMRotate (Zhou
et al., 2022), an open-source, PyTorch-based toolbox dedi-
cated to rotated object detection, developed as part of the
OpenMMLab ecosystem.

We selected a diverse set of models from both ecosys-
tems, ranging from lightweight edge-oriented architectures
to heavy, high-accuracy cloud models. Within the YOLO-
OBB family, six variants were evaluated: YOLOv8n-
OBB, YOLOv8x-OBB, YOLOv11n-OBB, YOLOv11x-OBB,
YOLOv26n-OBB and YOLOv26x-OBB. These models rep-
resent three Ultralytics generations evaluated at two capac-
ity levels. YOLOv8-OBB is included as an established
deployment-oriented baseline within the Ultralytics ecosys-
tem. YOLOv11-OBB represents a more recent generation
aimed at improving the accuracy–efficiency balance, while
YOLOv26-OBB is included as a newer Ultralytics candidate
offering reduced computational cost compared to previous
generations. For each generation, the nano variant is consid-
ered an edge candidate due to its reduced size and latency,
whereas the extra-large variant is considered a cloud candi-
date due to its higher capacity.

The MMRotate benchmark included five representative
rotated object detection models: RoI Transformer-R50, RoI
Transformer-Swin-Tiny, Strip R-CNN-S, RTMDet-tiny and
RTMDet-l. RoI Transformer-R50 was included as a classical
two-stage oriented detection baseline, while RoI Transformer-
Swin-Tiny was used to assess the effect of a transformer-based
backbone. Strip R-CNN-S was selected as a high-capacity re-
mote sensing architecture specifically designed for elongated
and oriented objects. Finally, RTMDet-tiny and RTMDet-l
were included to evaluate lightweight and high-capacity vari-
ants of a recent one-stage rotated detector family.

3.3. Evaluation metrics

The evaluation combines both accuracy-oriented and
deployment-oriented metrics to analyze the models and their
suitability for edge and cloud architectures.

Since the evaluated models belong to two different soft-
ware ecosystems, the metrics were computed according to the
corresponding validation pipeline of each framework. The re-
sults are reported separately for both ecosystems and inter-
preted mainly in terms of trends and deployment suitability
rather than as a strict one-to-one framework ranking.

3.3.1. Detection Accuracy Metrics
Detection accuracy was evaluated using mean Average

Precision (mAP) at different rotated Intersection over Union
(IoU) thresholds, specifically mAP50, mAP75, and mAP50-
95. In oriented object detection, IoU is computed between
rotated bounding boxes rather than horizontal boxes, so local-
ization quality is assessed according to the overlap between
predicted and ground-truth oriented boxes.

In addition, precision, recall, and F1-score were computed
from true positives, false positives and false negatives. Given
the significant class imbalance inherent to the DOTA dataset,
weighted F1-score was used as the primary fixed-threshold
metric, which averages class-wise results proportionally to
their ground-truth instance counts.

Fixed-threshold metrics depend strongly on the confidence
threshold used to accept or discard detections. To analyze
this sensitivity, a confidence-threshold sweep was performed
(from 0.05 to 0.95) to identify the optimal weighted F1-score
for each model and IoU threshold. Predictions were matched
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greedily to ground-truth objects in descending confidence or-
der using rotated IoU, with unmatched predictions counted as
false positives and unmatched ground-truth objects as false
negatives.

3.3.2. Deployment-Oriented Metrics
In addition to detection accuracy, several deployment-

oriented metrics were reported. Latency measures the aver-
age inference time per image, while throughput is reported in
frames per second (FPS). Model size refers to the storage size
of the trained checkpoint or exported weights. The number of
parameters provides an estimate of the memory footprint of
the neural network, and GFLOPs estimate the computational
cost of a forward pass.

Latency and throughput were measured with batch size
1 on the same NVIDIA A100-PCIE-40GB GPU, in order to
approximate a real-time UAV video stream scenario where
frames are processed sequentially. For YOLO-OBB mod-
els, these values were obtained from the Ultralytics validation
logs. For models evaluated with MMRotate, latency was mea-
sured through repeated inference, excluding disk I/O and in-
cluding detector heads and post-processing. Since each frame-
work uses its native inference pipeline, latency values are in-
terpreted as deployment-oriented indicators rather than as a
fully unified cross-framework runtime benchmark. Parame-
ters and GFLOPs were obtained using the corresponding anal-
ysis utilities of each framework.

These metrics are relevant for the proposed edge–cloud
scenario: edge-side models must prioritize low latency, re-
duced memory usage and low computational cost, whereas
cloud-side models can prioritize higher detection accuracy at
the expense of increased resource consumption.

3.4. Implementation details

All experiments were executed in a GPU-based environ-
ment using Apptainer containers, with latency and through-
put measured on an NVIDIA A100-PCIE-40GB GPU. The
Ultralytics YOLO-OBB models were evaluated using the na-
tive Ultralytics validation pipeline, while the MMRotate mod-
els were evaluated using two different OpenMMLab environ-
ments. RoI Transformer, RoI Transformer with Swin-Tiny
backbone and Strip R-CNN were evaluated using the legacy
MMRotate framework, whereas RTMDet-tiny and RTMDet-l
were evaluated using MMRotate 1.x.

All models were evaluated using single-scale inference
with an input resolution of 1024 × 1024 pixels.

4. Results and Discussion

Following the experimental setup outlined in Section 3,
the results are presented separately for the Ultralytics YOLO-
OBB and MMRotate benchmarks. The analysis focuses on
the accuracy–efficiency trade-off of each model family and on
their suitability for the edge and cloud components of the pro-
posed hybrid architecture.

4.1. Ultralytics YOLO-OBB Candidate Models

Table 1 summarizes the accuracy, confidence-threshold
calibrated F1-score, and deployment characteristics of the
YOLO-OBB models. Among the cloud-oriented variants,
YOLOv11x-OBB achieves the strongest overall AP perfor-
mance and the best weighted F1-score at IoU 0.50, making
it the most accurate YOLO candidate in the evaluated set.
YOLOv26x-OBB, however, obtains the best weighted F1-
score at IoU 0.75 and the lowest computational cost among
the extra-large variants, suggesting a competitive behaviour
when stricter localization and efficiency are prioritized.

For the edge-oriented variants, YOLOv11n-OBB provides
the best AP-based performance and the highest weighted F1-
score at IoU 0.50, making it the most accurate lightweight
YOLO model. YOLOv8n-OBB achieves the lowest latency
and highest throughput, while YOLOv26n-OBB has the low-
est parameter count and GFLOPs. This shows that the
best edge candidate depends on the deployment priority:
YOLOv11n-OBB is preferable when accuracy is prioritized,
YOLOv8n-OBB when latency is critical, and YOLOv26n-
OBB when computational cost is the main constraint.

The confidence-threshold sweep also reveals that the
YOLO-OBB models generally achieve their best F1-scores at
relatively high confidence thresholds, especially at IoU 0.75.
This suggests that low-confidence detections tend to introduce
false positives and that a more conservative operating point
improves the precision–recall balance. However, the opti-
mal threshold should not be interpreted as a direct measure
of model quality, since confidence scores are not necessarily
calibrated in the same way across model generations.

Overall, YOLOv11x-OBB is selected as the strongest
YOLO cloud candidate, while YOLOv11n-OBB provides the
best accuracy-oriented edge configuration. YOLOv8n-OBB
and YOLOv26n-OBB remain relevant alternatives when the
deployment priority shifts from accuracy to latency or com-
putational efficiency.

4.2. Architectures Evaluated in the MMRotate Framework

The architectures evaluated with MMRotate cover a
broader range of detection paradigms, including two-stage
oriented detectors, remote-sensing-specific models and one-
stage real-time detectors. As shown in Table 2, RTMDet-l
achieves the strongest overall detection performance across
the MMRotate group, leading both AP-based metrics and
threshold-calibrated F1-scores. This makes it the most suit-
able MMRotate candidate for cloud-side inference.

RTMDet-tiny also achieves highly competitive results de-
spite its substantially reduced capacity. It outperforms both
RoI Transformer variants and exceeds slightly Strip R-CNN-S
while being considerably more efficient. In terms of deploy-
ment, RTMDet-tiny is the most favourable MMRotate model,
with the lowest latency, highest throughput, smallest check-
point size, fewest parameters, and lowest computational cost.
Therefore, it is selected as the most suitable MMRotate can-
didate for edge-side inference.

Strip R-CNN-S reaches competitive F1 values after
confidence-threshold calibration, especially at IoU 0.50.
However, its performance decreases under stricter localization
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Table 1: Accuracy, confidence-threshold calibrated F1-score, and deployment characteristics of YOLO-OBB candidate models on the DOTA v1.0 validation
split. AP metrics are obtained from the native Ultralytics validation pipeline. For each IoU threshold, the first column reports the best weighted F1-score obtained
across the confidence-threshold sweep, and the second column (Thr.) indicates the corresponding optimal confidence threshold.

Model Role mAP50 mAP75 mAP50–95 F1w@0.50 Thr. F1w@0.75 Thr. Latency (ms) FPS Size (MB) Params (M) GFLOPs

YOLOv8x-OBB Cloud 83.99 77.28 68.62 76.25 0.65 62.59 0.70 21.19 47.20 139.56 69.46 673.86
YOLOv11x-OBB Cloud 85.19 78.84 69.74 77.11 0.60 63.33 0.70 21.29 46.96 118.44 58.75 519.15
YOLOv26x-OBB Cloud 83.28 76.97 68.65 76.12 0.65 63.95 0.75 20.16 49.60 126.94 57.56 516.49

YOLOv8n-OBB Edge 80.31 73.03 63.54 73.19 0.55 57.54 0.65 11.11 90.03 6.57 3.08 21.36
YOLOv11n-OBB Edge 81.15 73.63 64.17 74.04 0.50 56.98 0.65 12.45 80.31 5.80 2.66 16.83
YOLOv26n-OBB Edge 79.68 73.08 63.85 72.24 0.50 57.87 0.65 11.93 83.84 5.91 2.45 13.95

Table 2: Accuracy, calibrated fixed-threshold F1-score, and deployment characteristics of candidates evaluated with MMRotate on the held-out DOTA v1.0 test
subset. AP metrics are obtained from the native MMRotate evaluation pipeline. For each IoU threshold, the first column reports the weighted F1-score computed
on the held-out test subset, and the second column (Thr.) indicates the confidence threshold previously selected on the calibration subset.

Model Role mAP50 mAP75 mAP50–95 F1w@0.50 Thr. F1w@0.75 Thr. Latency (ms) FPS Size (MB) Params (M) GFLOPs

RTMDet-l Cloud 94.42 77.82 68.06 93.59 0.40 84.78 0.50 25.58 39.09 444.51 52.27 205.00
Strip R-CNN-S Cloud 88.19 69.70 60.43 90.13 0.75 74.60 0.80 46.18 21.65 430.10 45.07 218.62
RTMDet-tiny Edge 89.39 65.73 58.80 89.61 0.40 76.85 0.50 20.71 48.29 48.46 4.88 20.58
RoI Transf.-Swin-T Cloud 86.64 62.80 57.92 88.06 0.60 67.80 0.80 55.33 18.07 235.31 58.75 229.53
RoI Transf.-R50 Cloud 83.98 59.23 54.81 86.34 0.55 65.90 0.80 37.18 26.89 221.70 55.35 225.29

requirements and its deployment cost remains high. This sug-
gests that Strip R-CNN-S benefits from a conservative operat-
ing point, but is less attractive than RTMDet-l for cloud infer-
ence and less suitable than RTMDet-tiny for edge deployment.

The RoI Transformer variants obtain the lowest overall
performance among the MMRotate models. RoI Transformer-
Swin-Tiny improves over RoI Transformer-R50, confirming
that the transformer-based backbone provides a meaningful
accuracy gain over the ResNet-50 version. However, both
variants remain below RTMDet-tiny in AP-based metrics and
calibrated F1. From a deployment perspective, their higher
latency and weaker accuracy–efficiency trade-off make them
less suitable for the proposed edge–cloud scenario.

The confidence-threshold sweep also reveals different op-
erating behaviours across models. RTMDet-l and RTMDet-
tiny reach their best F1-scores at moderate thresholds, while
Strip R-CNN-S and the RoI Transformer variants require more
conservative thresholds. This suggests that lower-confidence
detections from these models are less reliable and must be fil-
tered more aggressively to maximize F1.

Overall, RTMDet is the strongest MMRotate family in the
evaluated set: RTMDet-l is selected as the cloud-side candi-
date, while RTMDet-tiny provides the best MMRotate edge-
side configuration.

4.3. Cross-framework Discussion
Although both frameworks use different validation

pipelines, the results show consistent deployment-oriented
trends. Lightweight models provide lower latency, smaller
checkpoints, and reduced computational cost, whereas high-
capacity models generally achieve stronger detection perfor-
mance. Therefore, Ultralytics and MMRotate should not be
interpreted as a strict one-to-one ranking, but rather as com-
plementary references for analyzing the accuracy–efficiency
trade-off in oriented aerial object detection.

From an edge-deployment perspective, the reported mea-
surements suggest that the YOLO nano variants are the most
compact and fastest candidates, while RTMDet-tiny offers a

stronger accuracy profile within MMRotate at a higher de-
ployment cost. However, since latency was obtained through
framework-specific pipelines, these values should be inter-
preted as deployment-oriented indicators rather than as a fully
unified runtime benchmark.

These findings motivate the hybrid edge–cloud architec-
ture described in Section 5, where lightweight models perform
onboard inference and high-capacity models are reserved for
selected frames or uncertain detections.

5. Hybrid Edge–Cloud Architecture

Based on the accuracy–efficiency trade-offs analyzed in
Section 4, this work proposes a hybrid edge–cloud architec-
ture for UAV-based oriented object detection. This approach
is motivated by the observation that no single model simulta-
neously optimizes detection accuracy, latency, and computa-
tional cost. A purely edge-based solution enables real-time
onboard processing but is limited by the computational re-
sources of the UAV, whereas a purely cloud-based solution
can exploit more accurate models but introduces bandwidth
and latency dependencies.

The proposed deployment workflow is illustrated in Fig-
ure 1. It assigns different roles to lightweight and high-
capacity detectors. On the UAV, an edge-oriented model, such
as YOLOv11n-OBB, YOLOv8n-OBB, YOLOv26n-OBB, or
RTMDet-tiny, processes the video stream in real time and gen-
erates preliminary detections. According to the deployment
priority, the edge model can be selected to favour accuracy,
latency, or computational cost. Frames or cropped regions
corresponding to low-confidence detections can then be trans-
mitted to the cloud, where a higher-capacity model such as
YOLOv11x-OBB or RTMDet-l performs more accurate re-
finement.

This division of roles reduces the need to transmit the
complete video stream while preserving access to more ac-
curate cloud-side inference when needed. In this way, the
architecture combines fast onboard detection with selective
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Edge / UAV onboard processing

Cloud-side refinement

UAV image / video
stream

Lightweight OBB detector
YOLO-OBB nano / RTMDet-tiny

Confidence /
uncertainty

check

Accepted local
detections

High-capacity OBB detector
YOLO-OBB x / RTMDet-l

Final oriented
object detections

Low latency
Smaller model

Limited computing resources Higher accuracy
Higher computing resources

Refinement stage

High confidence

Uncertain detections Refined detections

Figure 1: Proposed hybrid edge–cloud pipeline for oriented object detection in UAV imagery. A lightweight detector performs fast onboard inference, while
uncertain detections or selected frames are forwarded to a cloud-side detector for refinement.

high-precision processing, making it suitable for UAV scenar-
ios where both real-time response and detection quality are
required.

6. Conclusions and Future Work

This work evaluated oriented object detection models
from the Ultralytics YOLO-OBB and MMRotate ecosys-
tems under both accuracy-oriented and deployment-oriented
criteria. The results show that high-capacity models pro-
vide the strongest detection performance, with YOLOv11x-
OBB and RTMDet-l emerging as the most suitable cloud-
side candidates within their respective frameworks. In con-
trast, lightweight models offer more favourable deployment
characteristics: YOLOv11n-OBB provides the best accuracy-
oriented edge configuration among the YOLO variants, while
YOLOv8n-OBB and YOLOv26n-OBB are preferable when
latency or computational cost is prioritized. Within MMRo-
tate, RTMDet-tiny provides the best edge-oriented accuracy–
efficiency compromise. The cross-framework comparison
should be interpreted with caution, as mAP values are ob-
tained through different evaluation pipelines.

Future work will validate the selected edge candidates on
embedded hardware, such as NVIDIA Jetson or Raspberry Pi
platforms, since the reported latency values were measured on
a server-grade NVIDIA A100 GPU. In addition, TensorRT,
mixed-precision and INT8 optimization will be studied to
evaluate whether high-capacity models such as RTMDet-l can
become competitive edge candidates without compromising
OBB localization accuracy.
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