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Abstract

This work addresses the problem of object detection in drone im-
agery, which presents distinct challenges compared to ground-based
detection due to factors such as variable flight altitudes, weather
conditions, and lighting variations. Existing state-of-the-art de-
tectors, including YOLO-based architectures, often struggle with
detecting ultra-small objects, which frequently appear in aerial per-
spectives due to the higher vantage point of drones. Our analysis
attributes this limitation to the absence of a dedicated detection
head tailored for ultra-small object detection. As our first contribu-
tion, we introduce an additional ultra-small-object detection head
into the YOLOv11 architecture. Furthermore, empirical analysis
reveals that the large-object detection head offers negligible benefit
in aerial scenarios, where targets are typically captured from alti-
tudes exceeding 10 meters. Consequently, our second contribution
involves removing the large-object detection head, thereby simplify-
ing the architecture without sacrificing accuracy. On the VisDrone
benchmark, our approach attains a mean Average Precision (mAP)
of 40.62%, surpassing the current state of the art. Moreover, the
proposed modifications are modular and transferable, enabling im-
proved small-object detection across other YOLO-based detectors.
Full source-code and pretrained models will be made publicly avail-
able upon acceptance.
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1 Introduction

Drone-image Object Detection. Unmanned Aerial Vehicles (UAVs),
commonly known as drones, are increasingly being deployed across
a wide range of applications, including environmental monitoring,
disaster response, precision agriculture, infrastructure inspection,
and defense [1, 9, 14]. These drones heavily depend on accurate
and efficient object detection to operate and interact with their
surroundings. Robust object detection allows drones to recognize
obstacles, track targets, and make informed navigation decisions in
real time, directly impacting their safety, efficiency, and task effec-
tiveness [5]. Although, deep learning techniques have significantly
advanced object detection for natural images, many state-of-the-art
detectors [2, 27, 34, 40] developed for such settings often strug-
gle to maintain high performance when applied to aerial images
captured from drones. Unlike fixed or ground-based cameras, op-
erating drones at varying heights and encounter diverse weather
and lighting conditions (c.f. Figure 1, introduces substantial vari-
ability in object scale and appearance. Additionally, due to payload
and power limitations, the deployed models must be lightweight
enough to run on edge devices without having to sacrifice accuracy.
Therefore, balancing detection performance and real-time inference
speed is critical for practical deployment in UAV-based applications.

Current State-of-the-Art. Drone-image object detection systems
are broadly categorized based on where the processing takes place:
(i) ground-based systems and (ii) onboard (drone-mounted)
systems. The choice depends on application requirements like
latency, accuracy, and communication bandwidth. Ground-based
processing is viable in civilian scenarios when bandwidth is suf-
ficient and high detection accuracy is desired. In such scenarios,
transformer-based detectors such like DQ-DETR [11] and DNTR [20]
perform well in dense scenes using dynamic queries, deformable
attention, and denoising features. However, their significant compu-
tational demands and inference latency make them impractical for
deployment on lightweight drone hardware. Onboard detection is
critical in real-time or long-range UAV operations where transmit-
ting high-resolution images to a remote server is slow, unreliable,
or simply infeasible, e.g., in most defense applications. Lightweight
architectures like YOLC [19] and YOLOv11 [13] are better suited
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for these scenarios, but often yield lower detection performance.
Thus, the trade-off between computational efficiency and detection
accuracy plays a central role in selecting the appropriate system ar-
chitecture for drone-based object detection. In this work, we focus
on lightweight models like YOLOv11 [13], aiming to improve their
performance while maintaining real-time suitability for onboard
deployment.

Key Insights. Our ablation studies reveal a key limitation of
YOLOv11 in detecting ultra-small objects (smaller than 16 x 16
pixels), which are particularly common in aerial imagery. A closer
analysis suggests that this shortcoming stems from the absence of
a detection head specifically designed for such small object scales.
The default YOLOv11 architecture employs three detection heads
to handle large, medium, and small objects, a configuration that
performs well in ground-level image scenarios where object sizes
are more evenly distributed. However, this design is less suited to
drone-based settings, where the vast majority of objects are small or
ultra-small, and large objects are rare (see Figure 2). As a result, the
existing design fails to provide sufficient resolution or attention to
the smallest object scales, leading to a noticeable drop in detection
performance for such cases.

Our Proposal. We propose a lightweight architectural modifica-
tion to YOLOv11, aimed at improving detection performance in
drone imagery, particularly for ultra-small objects. Our method
introduces a dedicated detection head optimized for ultra-small
object scales, which are common in aerial scenes, while removing
the large-object detection head, which is typically redundant in
drone views. This design improves detection performance with a
limited computational overhead, making it suitable for real-time,
onboard deployment. The proposed detection head is modular and
can be integrated into other YOLO-based architectures to enhance
small object detection in drone images.

Contributions Main contributions of this work are:

(1) We add a detection head tailored for ultra-small objects and
remove the large-object head, aligning the architecture with
the object size distribution typically found in aerial imagery.

(2) The proposed design is modular and can be seamlessly inte-
grated into existing YOLO-based detectors to improve small
object detection.

(3) When integrated with YOLOv11, our method achieves state-of-
the-art performance on the VisDrone dataset, with a mAP of
40.62.

(4) Our approach consistently improves over YOLOv11 and SPAR-
YOLO on both VisDrone and AI-TODv2 datasets. The proposed
YOLOv11 model gains 1.65 mAP points overall, and 1.82 mAP
points on small objects and the proposed architecture with
SPAR gains 1.5mAP on the VisDrone dataset .

2 Related Work

2.1 Datasets for Drone-image Object Detection

Effective drone-image object detection requires datasets that cap-
ture the unique challenges of aerial imaging, including small ob-
ject sizes, high-density scenes, large scale variations, and dynamic
environmental conditions. Among the most widely used datasets
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is VisDrone[36], which provides over 10,000 high-resolution im-
ages and 2.6 million annotated objects across 10 categories such as
pedestrians and vehicles. The dataset captures diverse scenarios
involving varying altitudes, weather, and lighting conditions, mak-
ing it a benchmark for real-world UAV applications. AI-TOD [31],
is another popular dataset that focuses specifically on tiny ob-
ject detection, where the average object size is just 12.8 pixels,
pushing the limits of detection algorithms for extremely small and
sparsely distributed targets. Other datasets such as DOTA [32] and
DroneVehicle[28] are also considered for drone imaging. While
DOTA [32] is primarily used in satellite and military imagery anal-
ysis, DroneVehicle [28] provides a cross-modal benchmark with
RGB and infrared imagery captured from drones. Together, these
datasets serve as foundational resources for training and evaluating
object detectors in drone-image contexts.

2.2 General-Purpose Object Detection

Object detection has traditionally been dominated by convolu-
tional neural network (CNN) based models. Two-stage detectors
like Faster R-CNN [27] achieved strong accuracy by generating
region proposals followed by classification and bounding box re-
gression, while one-stage detectors like YOLO [26] and SSD [22]
offered faster inference with direct dense predictions. These mod-
els have evolved significantly over time, with newer versions of
YOLO[12, 29] and RetinaNet [17] achieving a better trade-off be-
tween speed and accuracy, making them widely adopted in both
academic and industrial settings.

In recent years, there has been a shift towards transformer-based
models, particularly those based on the DETR framework [4]. Mod-
els like DINO [34], Group DETR v2 [6], and Co-DETR [40] repre-
sent state-of-the-art solutions on datasets like COCO [18]. DINO
improves query quality and training speed through contrastive
denoising and dynamic anchor boxes, while Group DETR v2 scales
performance further with group-wise training and large-scale pre-
training. Co-DETR pushes the frontier by introducing collaborative
hybrid assignments and auxiliary query heads to address the spar-
sity problem in positive sample generation. Other notable contribu-
tions include Deformable DETR [39], which improves multi-scale
attention, and Conditional DETR [25], which improves conver-
gence using conditional queries. Despite their accuracy, the large
parameter counts, high latency, and computational demands of
these models make them impractical for onboard UAV deployment,
especially under real-time constraints and limited edge resources.

2.3 Drone-Specific Object Detection

Recent advances in drone-image object detection can be broadly
categorized into transformer-based and CNN-based approaches,
each targeting the challenges of tiny object detection, real-time
processing, and resource efficiency. Transformer-based models like
DQ-DETR [11] and DNTR [20] focus on improving detection in
dense aerial scenes. DQ-DETR introduces dynamic query scaling,
density-guided feature enhancement, and learnable positional en-
codings to improve detection of small and clustered objects. DNTR
addresses feature noise in multi-scale fusion using denoising-based
contrastive learning, improving feature clarity for tiny targets.
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() (d)

Figure 1: (a) Variation in object appearance and scale due to changing drone altitude. (b) Changes in the drone’s camera angle
lead to a change in perspective and features .(c) Small and densely packed objects in drone images. (d) Lighting changes caused

by time of day.
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(a) AI-ToDv2 dataset.
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(b) VisDrone dataset.

Figure 2: Size-wise distribution of objects in (a) AI-ToDv2 and (b) VisDrone datasets.

In contrast, CNN-based architectures like YOLOv10 [30] and
YOLC [19] emphasize lightweight inference for onboard deploy-
ment. YOLC improves detection through a Local Scale Module that
zooms into dense regions, Gaussian Wasserstein Distance for more
accurate regression of tiny objects, and high-resolution heatmaps
for improved localization. YOLOv10 takes a different approach by
removing Non-Maximum Suppression (NMS) and introducing ar-
chitectural efficiencies that balance accuracy, inference speed, and
memory usage, making it particularly well-suited for onboard drone
deployment. Building upon this trend, YOLOv11 [13] incorporates
advanced components such as the C3k2 (Cross Stage Partial with
kernel size 2) block, SPPF (Spatial Pyramid Pooling — Fast), and

C2PSA (Convolutional block with Parallel Spatial Attention), collec-
tively enhancing detection speed, robustness, and precision. These
models reflect a shift toward designs that prioritize real-time per-
formance and edge compatibility without compromising detection
quality for small and densely packed objects.

A third category combines transformer elements with YOLO
backbones. TPH-YOLOV5 [37] augments YOLOv5 with Transformer
Prediction Heads and scale-aware modules, yielding improvements
in accuracy and robustness to scale variation and motion blur com-
mon in aerial footage. SPAR-YOLO [16] fuses multi-scale features
from YOLOv8 with CLIP embeddings to construct graph repre-
sentations, enabling graph convolution for enhanced contextual
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reasoning. While these hybrid approaches achieve competitive ac-
curacy, their high computational overhead can hinder deployment
on resource-limited UAV platforms.

3 Proposed Methodology

3.1 Baseline Architecture

YOLOv11 [13] is a recent addition to the YOLO series, optimized for
real-time object detection with high accuracy and low latency. The
core architecture of YOLOv11, like other YOLO models, comprises
three fundamental components: the backbone, responsible for fea-
ture extraction; the neck, which handles feature aggregation and
enhancement; and the head, which generates the final predictions.
The backbone of YOLOv11 involves a series of convolutional layers
and custom blocks that generate features at multiple resolutions.
It introduces efficient convolutional blocks (C3K2) and an atten-
tion mechanism (C2PSA) that helps focus on important regions in
the image. The SPPF (Spatial Pyramid Pooling Fast) block helps
capture multi-scale contextual information efficiently by pooling
features at different spatial scales without significantly increasing
computation. The neck, which also uses C3K2 blocks for speed
and C2PSA blocks for spatial attention, aggregates feature maps
from different resolutions and passes them to the detection head.
The head generates the final predictions, i.e. bounding boxes, class
probabilities, and confidence scores.

YOLOvV11 employs three detection heads to handle objects at
different scales. Assuming an input feature map of size H X W =
640 X 640, the neck produces three feature maps at different resolu-
tions:

H w

Headsmau : E X E =80 X 80 (l)
H W

Headmedium : E X E =40 X 40 (2)
H w

Headlarge : 3—2 X 3—2 =20X% 20 (3)

Each detection head takes its respective feature map and predicts
bounding boxes and class probabilities at every spatial location. The
80 80 feature map provides finer spatial resolution, making it more
effective for detecting small objects. The 40 X 40 and 20 X 20 feature
maps target medium and large objects, respectively. This multi-scale
detection mechanism allows YOLOv11 to robustly detect objects of
varying sizes across the image.

3.2 Proposed Ultra-Small Object Detection Head

A key limitation identified in our baseline analysis is that the feature
map associated with Headgmay lacks the spatial granularity neces-
sary for accurately localizing ultra-small objects (i.e., instances
occupying less than 16 pixels on the image plane). This deficiency
is particularly problematic in UAV-based imagery, where objects are
often captured from significant altitudes, resulting in severe scale
reduction. Dataset statistics reinforce this challenge: ultra-small
objects constitute approximately 28.1% of all annotated instances in
the VisDrone dataset and an overwhelming 85.9% in the AI-TODv2
dataset, as shown in Figure 2b and Figure 2a.

To address this issue, we enhance the YOLOv11 neck by incor-
porating an additional high-resolution feature map at 160 x 160
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Table 1: Performance comparison of the proposed model on
the VisDrone validation set against existing methods. Rows
marked with * denote results reported in prior literature,
while the remaining results are obtained from our own ex-
perimental evaluations.

Model Venue  Year | mAP AP50 AP75
« Faster R-CNN [27] NeurIPS 2015| 21.7 40.7 19.9
* RetinaNet [17] CVPR 2017 | 13.9 32.6 14.8
* UFPMP [10] AAAI 2022 | 36.6 624 36.7
x CEASC [7] CVPR 2023 | 28.7 50.7 24.7
x SDP [23] TGRS 2023 | 30.2 525 284
x CZDet [24] CVPR 2023 | 33.2 583 332
« DNTR [20] TGRS 2024 | 33.1 53.8 34.8

+ DQ-DETR [11]
TPH-YOLOVS [38]
TPH-YOLOv5++ [35]
YOLOv10x [30]

ECCV  2024| 370 609 379
ICCVW 2021| 33.8 542 352
ICCVW 2023 | 32.2 51.8 335
NeurIPS 2024 | 31.1 49.6 32.23

YOLC [19] TIT  2024| 379 620 399
SPAR-YOLO [16] AAAT  2025|37.90 59.02 40.00
SPAR-YOLO + Ours [16] - - | 394 616 4161

YOLOv11x (Baseline) [13] - 2024 | 38.97 59.93 41.63
YOLOv11x + ours - - 140.62 62.05 43.17

resolution. This resolution corresponds to % X % of the input di-
mensions and is specifically optimized for retaining fine spatial
detail. We then introduce a dedicated detection head, denoted as
Headyjtra-small, to process this feature map:

X

NI
~|

Headyitra-small : =160 X 160 (4)

Architecturally, the classification sub-network of Headyjtra-small
employs depthwise separable convolutions (3 X 3 kernels) followed
by 1 X 1 pointwise convolutions to maintain computational effi-
ciency without sacrificing representational capacity. The regres-
sion sub-network comprises three fully convolutional layers with
3 % 3 kernels, enabling precise bounding box estimation for densely
packed, minute targets.

3.3 Removal of Large Object Detection Head

Owing to the imaging characteristics of UAV platforms, where
aerial footage is captured from altitudes exceeding 10 meters, most
objects appear small on the image plane, while large objects are
rare. For instance, objects larger than 96 X 96 pixels account for
only 4.9% of all instances in the VisDrone dataset, while AITOD-
v2 has no large objects (see Figure 2). Under such conditions, the
large-object detection head, which processes coarse H/32 x W /32
feature maps, carries limited utility. Our assessment of YOLOv11’s
large-object detection head confirms that it contributes negligibly
to the detector’s performance on the VisDrone validation set (see
Table 4).
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Figure 3: Proposed modifications to the YOLOv11 architecture. We remove the large detection head, and add a new detection

head for ultra-small objects.

Consequently, we remove the large objects detection head to
streamline the architecture. This modification reduces the parame-
ter count by 21.34% (from 56.89M to 44.75M) while preserving com-
petitive detection performance, aligning the model more closely
with the spatial scale distribution inherent to UAV imagery. The

An overview of the proposed modifications to the YOLOv11
architecture is illustrated in Figure 3. The comparison in Figure 4
shows the trade-off between parameter count and mAP. The YOLO
model with our proposed modifications achieves higher accuracy
with fewer parameters as compared to the YOLO baseline. The
same trend is observed in modified SPAR-YOLO as compared to the
baseline.
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Figure 4: Comparison between number of Parameters and
mAP for Baseline and the proposed model

4 Experiments
4.1 Experimental Setup

4.1.1 Datasets. We evaluate our approach on two challenging
aerial detection benchmarks: VisDrone [36] and AI-TODv2 [31].

VisDrone consists of 10,209 high-resolution static images, with
6,471 for training, 548 for validation, and two test sets (1,610 in
Test-Dev and 1,580 in Test-Challenge). We perform the evalution
on the validations split of the Visdrone dataset. It contains 10 object
categories, characterized by dense scenes and a wide range of object
sizes. The mean bounding box size is 35.8 pixels with a standard
deviation of 32.8, highlighting the scale diversity and prevalence
of small and ultra-small objects. AI-TODv?2 is tailored for tiny ob-
ject detection in aerial views, containing 28,036 images (800x800
resolution) and 700,621 annotated instances. Notably, 85.9% of ob-
jects in AI-TODv2 are smaller than 16x16 pixels, making it an ideal
benchmark for ultra-small target detection in aerial imagery.

4.1.2  Implementation Details. We train our models on an NVIDIA
V100 GPU with 32GB memory capacity for 150 epochs using a batch
size of 4. Training uses an initial learning rate of 4 x 1072, weight
decay of 5 x 10™* and dropout rate of 5 X 1072, We initialize the
weights from the baseline model and keep all the layers trainable.
To enhance generalization, we incorporated several data augmen-
tation strategies, such as Mosaic [2], MixUp [33], and Copy-Paste
[8]. These augmentations are particularly beneficial for improving
robustness in cluttered and small-object-heavy aerial imagery.

The VisDrone [36] dataset comprises images of varying resolu-
tions, with most exceeding 1024 X 1024 pixels. To align with this
distribution and preserve detail, we set the input size to 1024 X 1024.
For the AI-TOD dataset, we follow its standard setting, training and
validating on 800 X 800 images.

4.1.3  Evaluation Metrics. We evaluate our model using a compre-
hensive set of metrics to assess detection accuracy, robustness, and
practical deployment performance. The primary metrics reported
are mean Average Precision (mAP), AP5), and AP75. mAP repre-
sents the average precision across multiple IoU thresholds (from
0.5 to 0.95 with a step size of 0.05), providing a balanced view of
overall performance. APs5y and AP;5 are AP scores at fixed IoU
thresholds of 0.5 and 0.75, respectively, highlighting performance
at both lenient and strict localization levels. We follow the official
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Table 2: Category-wise performance of the proposed architecture on the AI-TODv2 dataset. Results are shown for SPAR-YOLO
and YOLOv11 architectures, with the improvement in AP from the proposed method reported for each category. The average
object size (in pixels) for each category is also provided.

Model mAP Airplane Bridge Storage-tank Ship Swimming-pool Vehicle Person Wind-mill
Avg Size (px) 28.24 18.38 16.52 16.23 20.72 15.49 13.38 12.80
SPAR-YOLO [15] 28.73 45.436 20.298 43.94 40.204 21.888 32.434 15.859 9.8307
SPAR-YOLO + Ours 29.32 44.054 21.452 45.259 42.859 20.536 32.67 16.783 10.973
YOLOv11x (Baseline) [13] 27.41 41.133 22.608 42.164 39.249 19.986 32.386 14.103 7.6961
YOLOvV11 + Ours 29.18 40.895 21.574 44.6 43.412 21.826 34.043  17.943 9.2263

Table 3: Category-wise performance of the proposed architecture on the VisDrone dataset. ‘Ped. and ‘Awn. are short for Pedes-
trian and Awning-tricycle, respectively. Results are shown for SPAR-YOLO and YOLOv11 architectures, with the improvement in
AP from the proposed method reported for each category. The average object size (in pixels) for each category is also provided.

Model mAP Ped. People Bicycle Car Van  Truck Tricycle Awn. Bus  Motor
Avg Size (px) 23.19 21.40 26.61 49.96 49.89 70.36 38.20 39.45 68.16 26.16

YOLOv10 [30] 31.1 27.189  19.193 11.453 63.76  39.297  32.688 23.1 14.177  51.524  28.694
SPAR-YOLO [15] 37.9 35.531  25.927 20.874 67.575 46.278  40.926 30.807 17.368  58.161  35.565
SPAR-YOLO + Ours 39.40 39.305 28.909 22.973 69.399 47.187 40.736 31.741  18.629 57.085 38.049
YOLOv11x (Baseline) [13] 38.97 37.178  25.301 21.75 68.405  45.756  42.544 32.526 19.966  59.714  36.643
YOLOv11 + Ours 40.62 40.158 29.472 23.641 69.651 47.131 43.685 33.346 19.659  60.422 39.072

Table 4: Ablation study on VisDrone for 1024 X 1024 images Table 5: Performance comparison of the proposed model
on the AI-TODv2 dataset against existing methods. Rows

marked with * are from prior literature; others are from our

Model mAP AP50 AP75 AVg Time experiments,
(ms)
YOLOv11 3897 59.93 41.63 34.08 Model AP AP AP
- Large Head 3854 5946  40.62 30.61 ode m >0 &
- Large + Ultra-small * Faster-RCNN [27] 12.8 29.9 9.4
Head (Proposed) 40.62 62.05 43.17 48.86 * Cascade R-CNN [3] 15.1 34.2 11.2
SPAR-YOLO 379 5902 4000  33.56 * gf;rg?}lg D;TR [39] ;gz 22'2 12;
- Large Head 37.6 59 3974 3112 ¥ DAL (21] : : :
- Large + Ultra-small TPH-YOLOVS5 [38] 20.1 46.3 14.2
394 61.6 41.61 55.92 TPH-YOLOvV5++ [35] 254 60.5 17.5
Head (Proposed)
SPAR-YOLO [16] 28.7 64.00 22.28
SPAR-YOLO + Ours 29.32 65.14 2231
VisDrone-DET-toolkit for the VisDrone [36] dataset and the COCO YOLOVI1x (Baseli 131 2741 6025 2118
evaluation protocol [18] for AI-TODv2 [31] dataset. v1ix (Baseline) [13] ’ ’ ’
YOLOv11x + Ours 29.18 62.71 22.95

4.2 Comparisons with State-of-the-art

4.2.1 Compared Methods. We compare with general object de-
tection methods, such as Faster-RCNN [27], RetinaNet [17], De-
formable DETR [39], etc., as well as methods specifically optimized
for drone object detection, such as TPH-YOLO [37], and SPAR-
YOLO [16].

are significant given the extremely challenging nature of these
datasets, which contain large numbers of ultra-small objects. To
further assess the generality of our approach, we integrate the
proposed module into the SPAR-YOLO baseline. This integration

4.2.2  Quantitative Comparison. Tables 1 and 5 present the quan-
titative results of the proposed architecture on the two datasets,
VisDrone and AI-TODv2, respectively. On VisDrone, our method
achieves a mean Average Precision (mAP) improvement of 1.65%
over the baseline YOLOv11, while on AI-TODv2 the improvement
is 1.71%. These gains, although seemingly modest in absolute value,

yields an additional 1.5% mAP gain on VisDrone and a 1.77% gain
on AI-TODv2, highlighting that our architectural modifications
complement other advanced detection pipelines and are not tied
to a specific base model. These consistent improvements across
different architectures and datasets confirm the robustness and
adaptability of our design.
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Figure 5: Comparison of Ground Truth (GT), Baseline, and Our proposed method on the VisDrone dataset. Object classes
are color-coded as: pedestrian (red), people (green), bicycle (blue), car (cyan), van (orange), truck (purple), tricycle (yellow),
awning-tricycle (indigo), bus (pink), and motor (teal). In the top row, the baseline misclassifies people as cars, while our method
labels them correctly. In the second row, it misses far-field cars that our method detects. In the last row, it overlooks pedestrians
which our method successfully detects.

Table 6: Comparison of Performance Across Object Sizes on the VisDrone Dataset

Model mAP Small mAP Medium mAP Large mAP Overall
mAP AP50 AP75 mAP APso AP75 mAP AP50 AP75

SPAR 13.81 27.12 1240 31.24 42.14 36.20 12.67 14.19 13.92 37.9

SPAR + Ours 15.56 29.97 14.04 31.67 42.64 36.95 9.24 10.36  10.16 39.4

YOLOv11 14.24 2745 1295 3149 4249 3674 2382 2655 26.44 38.97

YOLOv11 + Ours 16.06 30.19 14.90 31.61 4249 36.72 25.22 27.90 27.68 40.62

4.2.3 Category-wise analysis. The category-wise analysis, shown
in Tables 2 and 3, provides further insight into where the improve-
ments occur. For VisDrone, the largest relative gains are observed
in the People, Pedestrian, and motor categories, where the average
size of the objects is 21.40 pixels, 23.19 pixels and 26.16 respectively,
which is much smaller than the average object size of the dataset
(38.89 pixels) in the validation set. For AI-TODv2, the largest gains
are observed in Storage-tank, ship, wind-mill, and person categories,
where the average size of the objects is 16.52 pixels, 16.23 pixels,
12.80, and 13.38 pixels, respectively, in the test set. This shows that

the introduction of an ultra-small object detection head directly
benefits classes that predominantly appear at very small scales.

4.2.4  Visual Comparison. Qualitative comparisons, illustrated in
Figure 5 and Figure 6 for VisDrone and AI-TODv2, respectively, fur-
ther validate these findings. In oblique aerial views, where objects in
the far field often occupy fewer than 20 pixels in height, the baseline
YOLOV11 frequently fails to detect them, whereas our method suc-
ceeds — even identifying some instances absent in the ground truth
annotations. In orthographic (top-down) views, improvements are
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GT Baseline Ours

Figure 6: Comparison of Ground Truth (GT), Baseline (SPAR-YOLO), and Our method (SPAR-YOLO + Proposed) on the AI-TODv2
dataset. In the top row, the baseline does not give any prediction whereas our model detects all three instances of the ship(yellow).
In the bottom row, multiple instances of the storage-tank(orange) are missed at the top right and bottom left of the image

which our detected by the proposed model.

particularly visible for pedestrian and people detection, where our
model is able to resolve extremely low-contrast silhouettes that are
often difficult to identify even with the human eye.

4.3 Performance Across Object Sizes

Table 6 reports detection performance across three object size cat-
egories —small, medium, and large — following COCO-style area
thresholds: < 32 x 32 pixels, 32 X 32-96 X 96 pixels, and > 96 X 96
pixels, respectively. For each category, evaluation is performed
by retaining only the corresponding ground-truth instances and
computing mAP, APsy, and AP7s.

Across both SPAR and YOLOv11 backbones, the proposed modi-
fications yield the most pronounced gains in the small-object cate-
gory. For instance, mAP improvements of +1.75 (SPAR) and +1.82
(YOLOv11) are observed, accompanied by consistent APsy and AP75
gains. These results confirm the effectiveness of the additional ultra-
small-object detection head in capturing fine-scale spatial details,
which are critical in aerial imagery where the majority of targets
occupy only a few dozen pixels.

Performance on medium-sized objects remains largely unchanged,
indicating that the proposed modifications do not compromise de-
tection of more moderately scaled targets. A slight decrease is
observed in large-object detection for SPAR, consistent with the
removal of the large-object head, while YOLOv11 retains compara-
ble performance for large objects. Overall, the results substantiate
our design choice: enhancing the architecture’s sensitivity to ultra-
small objects yields substantial benefits in UAV-based detection
scenarios without materially harming performance on other scales.

4.4 Ablation Analysis

Table 4 presents the ablation results for both YOLOv11 and SPAR-
YOLO baselines, evaluating the effect of removing the large-object
detection head, and adding the proposed ultra-small-object detec-
tion head along with removing the large head. Across both archi-
tectures, removing the large object head leads to a marginal drop in
mAP, confirming that it contributes little in aerial imagery where
large objects are rare. Adding the Ultra-small Head together with
removing the large head consistently improves mAP, indicating its
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effectiveness in capturing ultra-small targets. The table also reports
average inference times (ms/image) evaluated on the NVIDIA V100
GPU, showing that the mAP gains due to the ultra-small head come
with only a modest increase in processing time due to the high-
resolution feature map used by the Ultra-small Head. This trade-off
remains well within the bounds for real-time UAV applications.

4.5 Deployment on Edge Device

To assess practical viability in real-world scenarios, we deployed
the YOLO-v11 model, enhanced with our proposed modifications,
on the NVIDIA Jetson Orin Nano Developer Kit, which offers 8
GB of memory and delivers up to 100 TOPS of AI performance,
making it well-suited for drone-borne inference. The Orin Nano’s
small form factor and low weight enable seamless integration into
drone payloads without significantly affecting flight dynamics or
endurance.

To maximize inference efficiency, we leveraged the device’s
native TensorRT acceleration by converting our trained PyTorch
model into an optimized TensorRT engine using NVIDIA’s SDK.
Post optimization, the model achieved an average inference speed
of 12.2 FPS on images of resolution 640 X 640, ensuring smooth,
real-time operation for drone-based object detection tasks.

5 Conclusion

We addressed the unique challenges of object detection in UAV
imagery, where the prevalence of small and ultra-small objects,
coupled with varying altitudes and environmental conditions, hin-
der conventional detectors. Building upon a YOLOv11 baseline, we
introduced a dedicated ultra-small object detection head to enhance
fine-grained spatial feature representation and removed the large-
object detection head to better align the architecture with the scale
distribution of aerial datasets. These targeted modifications yielded
a favorable balance between accuracy and efficiency, achieving
40.62% mAP on the VisDrone validation set. Deployment on an
NVIDIA Jetson Orin Nano confirmed practical viability, sustaining
12.2 FPS for real-time operation in moderate-speed UAV scenarios.

Our results show that lightweight detectors can be effectively
adapted to UAV constraints through scale-aware design. Future
work will aim to boost inference speed for high-velocity flights,
enhance robustness to varied aerial conditions, and improve gener-
alization across different UAV platforms and sensors.
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