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Abstract

Detecting pedestrians in UAV (Unmanned Aerial Vehicle)001
imagery poses several challenges due to factors such as sig-002
nificant scale variation, low resolution, dense crowds, and003
cluttered backgrounds. In aerial views, pedestrians often004
occupy only a few pixels, making them difficult to detect005
using standard object detection architectures that rely on006
high-level feature maps. Most modern detectors begin pre-007
dictions at a stride of 8 resolutions, which limits their abil-008
ity to detect extremely small objects. In this study, we revisit009
the feature pyramid architecture of YOLOv12 and introduce010
a high-resolution P2 detection head to improve supervision011
at the early stages of the network. Our proposed modifica-012
tion extends the pyramid to a stride of 4 resolution and in-013
corporates bidirectional feature refinement to maintain se-014
mantic consistency across different scales. This design re-015
mains lightweight and preserves practical inference speed016
while improving the representation of tiny objects. We eval-017
uate our approach on two aerial pedestrian benchmarks:018
VisDrone and TinyPerson. The proposed model improves019
the mean Average Precision (mAP) at IoU 0.5 from 0.63 to020
0.69, which represents a 9.5% relative gain on the VisDrone021
dataset. On the TinyPerson dataset, mAP@0.5 increases022
from 0.40 to 0.45, indicating a 12.5% relative gain. Addi-023
tionally, there is a 25% relative increase in the tiny-scale024
AP50, rising from 0.24 to 0.30. The experimental results025
demonstrate consistent improvements in detection perfor-026
mance, particularly for small and tiny pedestrians, with-027
out significant computational overhead. Ablation studies028
further confirm that early-resolution detection is crucial in029
enhancing recall for small objects in UAV imagery. These030
findings indicate that revisiting the starting level of feature031
pyramids is a straightforward yet effective strategy for im-032
proving small-object detection in aerial scenarios.033

1. Introduction 034

Unmanned aerial vehicles (UAVs) are increasingly utilised 035
in various applications, including traffic monitoring, pub- 036
lic safety, search and rescue, and crowd analysis [1, 13]. 037
A critical aspect of these applications is the reliable de- 038
tection of pedestrians from aerial imagery [16]. However, 039
detecting pedestrians in UAV scenarios poses several chal- 040
lenges, including extreme scale variations, dense scenes, 041
complex backgrounds, and the presence of large numbers 042
of small objects occupying only a few pixels[uavchallenge]. 043
Recent advancements in small object detection have fo- 044
cused on improving multi-scale feature fusion, enhanc- 045
ing attention mechanisms, and designing better localization 046
losses. While these methods show improvements on gen- 047
eral benchmarks, they often struggle with aerial pedestrian 048
detection. Pedestrians captured from UAV platforms fre- 049
quently appear at very small scales, often below the effec- 050
tive receptive field of standard detection heads. Several re- 051
cent studies have specifically tackled pedestrian detection 052
in UAV imagery by introducing feature enhancement mod- 053
ules, multi-scale attention mechanisms, or context-aware 054
designs. These approaches have shown improved robust- 055
ness against occlusion and complex backgrounds. How- 056
ever, most existing work employs conventional detection 057
heads that start at P3 (1/8 resolution), thereby overlooking 058
fine-grained spatial information essential for detecting tiny 059
pedestrians. Lightweight and real-time UAV detectors aim 060
to reduce computational costs through techniques such as 061
backbone compression, simplified detection heads, or prun- 062
ing strategies. Unfortunately, these reductions can lead to 063
decreased performance when identifying extremely small 064
objects. Transformer-based methods, including Swin trans- 065
former approaches for aerial detection [3], improve global 066
context modeling through hierarchical attention. However, 067
the use of transformers often increases computational over- 068
head and does not specifically address the loss of early 069
spatial resolution for detecting tiny pedestrians. To tackle 070
these challenges, we propose a high-resolution P2 detec- 071
tion branch integrated into the YOLOv12 framework. By 072
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extending the feature pyramid to include P2 (1/4 scale)073
and introducing bidirectional refinement, our proposed head074
preserves early spatial details while maintaining computa-075
tional efficiency. We evaluate our design on two challenging076
aerial benchmarks: VisDrone [27] and TinyPerson [25]. Ex-077
tensive experiments, including size-wise analysis, demon-078
strate consistent improvements in the detection of tiny and079
small object categories while maintaining competitive per-080
formance across various scales. Our contributions can be081
summarized as follows:082

1. A P2-enhanced multi-scale detection head that extends083
YOLOv12 with high-resolution supervision for tiny084
pedestrian detection.085

2. A structured bidirectional feature refinement mechanism086
for preserving high-resolution spatial cues.087

3. Comprehensive evaluation on two challenging UAV088
datasets, including size-wise analysis.089

2. Related Work090

2.1. Small Object Detection in UAV Imagery091

Recent years have seen growing interest in small-object de-092
tection in aerial imagery. Many studies focus on improv-093
ing feature representation through techniques like edge en-094
hancement and context modeling. Early research used cas-095
cade architectures with deformable convolutions to enhance096
the detection of small objects [26]. The work [20] high-097
lights the importance of specialised datasets such as AI-098
TOD, which reveal the limitations of traditional detectors099
for tiny objects and suggest targeted learning strategies. For100
instance, CGD-YOLO [2] introduces global edge propa-101
gation and multi-dimensional attention mechanisms to im-102
prove the extraction of fine contours. EMSANet [8] fur-103
ther develops edge-enhanced multi-scale alignment to ad-104
dress semantic inconsistencies across different feature lev-105
els. Other approaches involve modifications to the back-106
bone and feature pyramid designs. UAVDet [24] incorpo-107
rates CNN-Mamba hybrid modules and redesigns the pyra-108
mid structure specifically for the perception of tiny ob-109
jects. WCDB-YOLO [12] employs a dual-backbone strat-110
egy combined with wavelet-based context modeling and ex-111
plicitly integrates P2 features into the detection head. Ad-112
vancements such as High-Resolution Feature Pyramid Net-113
works [4] improve multi-scale feature representation, while114
QueryDet [22] enhances efficiency by selectively applying115
high-resolution computation. Lightweight architectures and116
attention-based modules, like the NOVA [15] module in117
the RealDroneVision framework, further improve YOLO-118
based detection Collectively, these studies emphasize the119
importance of maintaining high-resolution spatial informa-120
tion when dealing with extremely small targets. However,121
accurately detecting extremely small pedestrians in aerial122
imagery remains challenging due to limited spatial infor-123

mation, underscoring the need for improved high-resolution 124
detection heads for localising tiny objects. 125

2.2. UAV Pedestrian detection 126

Pedestrian detection from UAV platforms has been stud- 127
ied as a specialized sub-problem due to its critical impor- 128
tance for safety. Recent works have introduced techniques 129
such as scale-sensitive feature enhancement [14], attention- 130
guided fusion [9], and context-aware modules [16] specifi- 131
cally designed for aerial pedestrian detection. These meth- 132
ods aim to improve robustness in scenarios involving oc- 133
clusion and dense crowds. Most UAV detectors focused on 134
pedestrian detection employ a conventional P3-P5 detection 135
head structure. However, this structure does not directly 136
supervise the earliest high-resolution feature maps for de- 137
tection, which limits the ability to accurately localize ex- 138
tremely small pedestrians. 139

Lightweight and real-time UAV detectors [7, 23] have 140
been developed to reduce computational complexity while 141
achieving high inference speeds. Unfortunately, they of- 142
ten struggle to maintain strong performance on tiny ob- 143
jects due to reduced feature capacity and limitations in 144
high-resolution modeling. Transformer-based detectors [3] 145
have shown effectiveness in capturing global relationships, 146
but they also introduce significant computational over- 147
head. Recent approaches address this issue by incorporat- 148
ing attention-based detection heads. For example, EHDC- 149
YOLO [5] employs a Dynamic Head (DyHead) with multi- 150
dimensional attention to improve adaptability across vary- 151
ing object scales. FDE-YOLO [10] integrates scale-aware, 152
spatial-aware, and task-aware refinements in its detection 153
head to enhance discrimination in dense scenes. CMA-Net 154
[23] proposes collaborative multi-attention structures for ef- 155
ficient real-time UAV detection. Although attention mech- 156
anisms improve feature weighting, many methods still rely 157
on the conventional P3–P5 detection hierarchy, which lim- 158
its sensitivity to ultra-small objects. Recent studies have fo- 159
cused on attention mechanisms and transformer-based ap- 160
proaches to improve pedestrian detection across scales. For 161
example, CoSTAA [18] uses a convolutional Swin Trans- 162
former with channel and spatial attention to enhance feature 163
interaction in complex environments. Similarly, MECSA 164
[19] incorporates a multi-scale attention module for better 165
feature representation. While these methods improve detec- 166
tion performance across a range of object sizes, they often 167
struggle with extremely small pedestrians in aerial imagery 168
because of insufficient high-resolution spatial features. 169

To better handle tiny objects, several recent works 170
have introduced high-resolution branches. WCDB-YOLO 171
[12] and DPN-YOLO [11] incorporate P2-level features 172
to strengthen small-object localization. MSAD-YOLO [6] 173
reconstructs a shallow detection head to preserve spatial 174
details while maintaining a lightweight design. UAVDet 175
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[24] replaces large-object detection heads with tiny-object-176
oriented heads to re-balance feature fusion. These ap-177
proaches demonstrate that early-stage features contain es-178
sential spatial cues that should not be discarded through179
down-sampling.180

Beyond architectural designs, several studies have modi-181
fied bounding box regression losses to better adapt to small-182
scale targets. Inner-PIoUv2 [2], Wise-IoU variants [16], and183
composite IoU [21] losses have been proposed to adjust gra-184
dient contributions based on object scale and anchor quality.185
While these strategies improve localization robustness, they186
do not directly address the structural limitations of the fea-187
ture pyramid.188

All these works enhance feature aggregation and atten-189
tion modeling, but they still rely on a feature pyramid that190
begins at a coarse resolution, limiting their ability to detect191
extremely small pedestrians. To address this gap, we have192
redesigned the detection head to include a stride-4 predic-193
tion branch tailored for small-object detection.194

3. Proposed P2-Enhanced Multi-Scale Detec-195

tion Head196

To improve tiny pedestrian detection in aerial imagery, we197
extend the original YOLOv12n [17] detection head by in-198
troducing a high-resolution P2 branch. The proposed de-199
sign enhances spatial sampling density while maintaining200
strong semantic representation through bidirectional feature201
fusion.202

3.1. Backbone Feature Representation203

Given an input image204

I ∈ RH×W×3, (1)205

the backbone extracts multi-scale feature maps:206

{F2, F3, F4, F5}, (2)207

where208

F2 ∈ R
H
4 ×W

4 ×C2 , (3)209

F3 ∈ R
H
8 ×W

8 ×C3 , (4)210

F4 ∈ R
H
16×

W
16×C4 , (5)211

F5 ∈ R
H
32×

W
32×C5 . (6)212

3.1.1. Top-Down Hierarchical Aggregation213

To enhance semantic consistency across scales, a top-down214
fusion strategy is adopted.215

First, the P5 feature is upsampled and fused with P4:216

F̃4 = ϕ4 (Concat (Up(F5), F4)) , (7)217

where Up(·) denotes 2× nearest-neighbor upsampling, and218
ϕ4(·) represents the A2C2f refinement block.219

Similarly, P4 is fused with P3: 220

F̃3 = ϕ3

(
Concat

(
Up(F̃4), F3

))
. (8) 221

3.1.2. High-Resolution P2 Construction 222

To better preserve fine-grained spatial details for tiny ob- 223
jects, we introduce a novel P2 branch: 224

F̃2 = ϕ2

(
Concat

(
Up(F̃3), F2

))
. (9) 225

This produces a high-resolution feature map: 226

F̃2 ∈ R
H
4 ×W

4 ×C2 , (10) 227

which provides denser spatial sampling for small-object lo- 228
calization. 229

3.1.3. Bottom-Up Semantic Refinement 230

To maintain multi-scale semantic consistency, we introduce 231
a bottom-up refinement path. 232

From P2 to P3: 233

F̂3 = ψ3

(
Concat

(
Down(F̃2), F̃3

))
, (11) 234

From P3 to P4: 235

F̂4 = ψ4

(
Concat

(
Down(F̂3), F̃4

))
, (12) 236

From P4 to P5: 237

F̂5 = ψ5

(
Concat

(
Down(F̂4), F5

))
, (13) 238

where Down(·) denotes stride-2 convolution and ψi(·) 239
represents the feature refinement block. 240

3.1.4. Four-Scale Detection Strategy 241

The final detection is performed on four feature scales: 242

Fdet = {F̃2, F̂3, F̂4, F̂5}. (14) 243

For each scale i ∈ {2, 3, 4, 5}, the detection head pre- 244
dicts: 245

Pi = fdet(Fi), (15) 246

where 247
Pi ∈ R

H

2i
×W

2i
×(4+1+C). (16) 248

Here, 4 corresponds to bounding box regression, 1 to ob- 249
jectness, and C to the number of object categories. 250

3.1.5. Spatial Sampling Density Analysis 251

Compared to conventional three-scale detection (P3–P5), 252
the proposed P2 branch increases spatial sampling density 253
by a factor of four relative to P3: 254

DensityP2

DensityP3

= 4. (17) 255

This denser sampling significantly improves the local- 256
ization capability for extremely small pedestrian instances 257
in UAV imagery. Figure 1 shows the architecture of P2 258
enhanced detection head. Figure 2 shows the architecture 259
of the proposed YOLOv12 with P2-enhanced multi-scale 260
head. 261
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Figure 1. Architecture of the proposed P2-enhanced YOLOv12
detection head. The design extends conventional P3–P5 detection
by introducing a high-resolution P2 branch and bidirectional fea-
ture refinement via FPN (top-down) and PAN (bottom-up) path-
ways, improving tiny-object localization in UAV imagery

4. Experimental Setup262

4.1. Datasets263

The proposed model was evaluated using the VisDrone264
2019 [27] and TinyPerson [25] datasets. The VisDrone265
dataset comprises aerial images captured by UAV platforms266
under various real-world conditions, including varying al-267
titudes, lighting conditions, occlusions, and background268
clutter. It contains 6,471 training images and 548 valida-269
tion images, with a maximum image resolution of 2000 ×270
1500 pixels and 10 object categories. For the pedestrian-271
focused evaluation, only the “ person” class is considered.272
This dataset presents significant challenges due to the pres-273
ence of dense, small objects and scale variations. The274
TinyPerson dataset is specifically designed for detecting ex-275
tremely small individuals in aerial and maritime scenes. It276
includes 736 training images, 796 validation images, and277
over 72,000 annotations. Most instances in this dataset are278
smaller than 32 × 32 pixels. To ensure a fair comparison,279
we merge the “sea person” and “earth person” categories280
into a single pedestrian class. This dataset highlights chal-281
lenges posed by ultra-small objects, dense scenes, and com-282
plex backgrounds.283

4.2. Implementation Details284

The experiments were conducted using the YOLOv12n285
framework. We compared the baseline YOLOv12n model286
with the proposed version, which is equipped with the P2287
enhanced detection head, on the VisDrone and TinyPerson288
datasets. The models were trained at a resolution of 1536289
x 1536, with an additional ablation at a resolution of 1280.290
The training is conducted on NVIDIA A100 GPU with 40291
GB memory. Table 1 shows the parameters used for training292
the models.293

Table 1. Training configuration.

Parameter Value Augmentation
Optimizer SGD Mosaic = 0.7
Initial LR 0.003 Scale = 0.3
Momentum 0.937 MixUp = 0.0
Weight Decay default Copy-Paste = 0.1
Epochs 100 Close Mosaic = 10 epochs
Batch Size 8–12
Warmup Epochs 5
AMP Enabled
Cache Disk

4.3. Evaluation metrics 294

The metrics used to evaluate the model include preci- 295
sion, recall, average precision, and mean average precision, 296
which are defined as follows: 297

P =
TP

TP + FP
(18) 298

R =
TP

TP + FN
(19) 299

AP =

∫ 1

0

P (R)dR (20) 300

Where P: Precision, R: Recall, TP: True Positives, FP: 301
False Positives, FN: False Negatives, AP: Average Preci- 302
sion, P(R): Precision as a function of recall, dR: differential 303
change in recall. 304

mAP =
1

n

k=n∑
k=1

APk (21) 305

Where mAP: mean Average Precision and n refers to the 306
number of classes, while APk stands for the average pre- 307
cision for class k. To analyze performance on small-scale 308
objects, we performed a size-based AP50 evaluation by cat- 309
egorizing ground-truth instances by bounding-box area (in 310
pixels). Let A = w x h denote the area; the instances for 311
TinyPerson datasets are grouped as follows: 312

S(A) =


Tiny, A < 322

Small, 322 ≤ A < 642

Medium, A ≥ 642
313

For VisDrone datasets, the instances are categorized as: 314

S(A) =


Small, h < 20

Medium, 20 ≤ h < 40

Large, h ≥ 40

315

where h denotes the height (in pixels) of the pedestrian 316
bounding box. 317
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Figure 2. Overall architecture of the proposed YOLOv12-P2 detection framework for aerial pedestrian detection. The baseline YOLOv12n
[17] backbone and neck (left) are extended by introducing a high-resolution stride-4 P2 branch (red dashed region) to enhance tiny-object
representation. The proposed P2 branch is generated via top-down fusion from P3 features followed by C3k2 refinement, and is integrated
into the bidirectional feature aggregation pathway. Final detection is performed at four scales (P2–P5), enabling improved localization of
tiny and small pedestrians in UAV imagery.

5. Results318

We assess the proposed P2-enhanced detection head us-319
ing two challenging UAV benchmarks: VisDrone [27] and320
TinyPerson [25].321

5.1. Results on VisDrone322

Table 2 demonstrates that the P2-detection branch enhances323
overall detection performance on the VisDrone dataset. The324
size-wise analysis in Table 3 shows that the proposed model325
consistently improves performance across both small and326
medium scales. Although the performance for large scales327
remains competitive (0.80 vs. 0.86), this indicates that328
the high-resolution P2 detection branch significantly im-329
proves fine-grained localization without causing a major de-330
cline in performance for larger scales. These results con-331
firm that strengthening high-resolution feature representa-332
tion primarily benefits small-scale pedestrian detection in333
UAV imagery.334

Table 2. Overall performance on VisDrone (Pedestrian class).

Model
Params

(M) GFLOPs P R
mAP@

0.5
mAP@
0.5:0.95

YOLOv12n 2.56 6.3 0.72 0.55 0.63 0.29
YOLOv12n + P2 2.86 10.3 0.76 0.62 0.69 0.33

Table 3. Size-wise AP50 performance on VisDrone (Pedestrian
class).

Model Small Medium Large

YOLOv12n 0.58 0.80 0.86
YOLOv12n + P2 0.63 0.84 0.80

5.2. Results on TinyPerson 335

Table 4 presents the performance results of the tiny per- 336
son datasets, which include extremely small pedestrians 337
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captured from aerial viewpoints. The proposed model im-338
proves the map@0.5 and recall values, indicating enhanced339
detection sensitivity. The size-wise evaluation in Table340
5 shows that significant improvements occur at the tiny341
and small scales. These results confirm that the additional342
high-resolution P2 branch effectively enhances fine-grained343
feature representation, which is crucial for detecting tiny344
pedestrians in UAV imagery.

Table 4. Overall performance on TinyPerson.

Model
Params

(M) GFLOPs P R
mAP@

0.5
mAP@
0.5:0.95

YOLOv12n 2.56 6.3 0.54 0.42 0.40 0.14
YOLOv12n + P2 2.86 10.3 0.58 0.46 0.45 0.19

345

Table 5. Size-wise AP50 performance on TinyPerson.

Model Tiny Small Medium

YOLOv12n 0.24 0.23 0.17
YOLOv12n + P2 0.30 0.28 0.12

6. Qualitative Results346

To assess the performance of the P2-enhanced detector, we347
conducted a qualitative analysis on challenging scenes from348
the VisDrone and TinyPerson datasets. Figure 3 shows349
a qualitative comparison of dense urban scenes from the350
VisDrone dataset. The proposed P2-enhanced model ef-351
fectively detects more small-scale pedestrians in crowded352
areas compared to the baseline model. In the last row,353
while some pedestrians remain undetected compared to the354
ground truth, the proposed model still outperforms the base-355
line in detection accuracy. Figure 4 presents qualitative re-356
sults for TinyPerson, which captures extremely small pedes-357
trians from aerial viewpoints. The proposed model outper-358
forms the baseline, especially at detecting distant, tiny in-359
stances in large-scale beach scenes with high crowd den-360
sity. In the final row, the proposed model misses fewer361
tiny pedestrians compared to the ground truth, consistently362
surpassing the baseline. These qualitative results demon-363
strate that integrating P2 enhances high-resolution feature364
representation for extremely small targets. Figure X shows365
qualitative comparisons on the TinyPerson and VisDrone366
datasets. In the highlighted areas, pedestrians appear very367
small, causing some to be missed by the baseline model.368
The proposed model, utilizing high-resolution features from369
the P2 detection head, detects these tiny pedestrians, result-370
ing in denser and more consistent detection, even in distant371
aerial regions.372

7. Ablation Study 373

To evaluate the contribution of each design component, we 374
conducted ablation experiments using the VisDrone dataset. 375
We assessed the impact of the P2 detection branch, its com- 376
putational overhead, and the effect of input resolution on 377
detection performance. 378

7.1. Impact of P2 Detection Branch 379

Table 6 illustrates the effect of utilizing the high-resolution 380
P2 branch. The inclusion of P2 increases the overall 381
mAP@0.5 from 0.63 to 0.69 ( 9.5% relative gain), show- 382
ing consistent improvement across both small and medium 383
scales. The enhancement from 0.58 to 0.63 ( 8.6% relative 384
gain) for small pedestrians confirms that extending the fea- 385
ture pyramid to a stride of 4 enhances fine-grained spatial 386
information. While large-scale performance remains com- 387
petitive, there is a slight decrease (0.80 vs. 0.86), indicat- 388
ing that the architectural modification primarily improves 389
sensitivity to small objects without significantly degrading 390
detection of larger instances.

Table 6. Impact of the proposed P2 detection branch on VisDrone
2019 (AP50).

Model mAP@0.5 Small Medium Large

YOLOv12n 0.63 0.58 0.80 0.86
YOLOv12n + P2 Head 0.69 0.63 0.84 0.80

391

7.2. Computational Overhead 392

The computational overhead of the P2 detection branch is 393
analyzed in Table 7. The proposed model increases the 394
number of parameters from 2.56 M to 2.86 M and the 395
GFLOPs from 6.3 to 10.3, which reflects the inclusion of an 396
additional high-resolution processing stage. Consequently, 397
the inference latency has increased moderately from 4.6 ms 398
to 5.7 ms per image. Despite this increase, the model re- 399
mains lightweight and is suitable for deployment in UAV- 400
based scenarios.

Table 7. Complexity Analysis on VisDrone 2019.

Model Parms(M) GFLOPs Inference(ms)

YOLOv12n 2.56 6.3 4.6
YOLOv12n + P2 2.86 10.3 5.7

401

7.3. Resolution Sensitivity 402

The model’s performance at different input resolutions is 403
analyzed in Table 8. At a resolution of 1280, the proposed 404
model outperforms the baseline, achieving an mAP@0.5 of 405
0.64 compared to the baseline’s 0.61. Increasing the resolu- 406
tion to 1536 results in a 13.1% relative gain in mAP@0.5. 407
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GT Count: 118                                                                    Detections:  158   Detections: 166

GT Count: 9                                                                      Detections:  15                                                                      Detections: 19

GT Count: 71                                                                      Detections:  50                            Detections: 54

Ground Truth                                                                                v12                              v12 + P2

Figure 3. Qualitative results on the VisDrone dataset. From left to right: Ground Truth, YOLOv12n baseline, and YOLOv12n + P2. The
proposed model improves detection density and small-object coverage in complex urban scenes. In the last row, the proposed model misses
some pedestrians compared to the ground truth, but it detects more small pedestrians than the baseline, indicating improved sensitivity to
small-scale pedestrians.

The results indicate that higher input resolutions provide408
richer spatial information to the P2 branch, which is partic-409
ularly beneficial for detecting extremely small pedestrians.410
Overall, the findings demonstrate that the proposed design411
effectively utilizes both architectural refinement and resolu-412
tion scaling to enhance small-object detection

Table 8. Resolution Sensitivity on VisDrone 2019.

Model Resolution P R
mAP@

0.5
mAP@
0.5:0.95

YOLOv12n 1280 0.70 0.53 0.61 0.26
YOLOv12n 1536 0.72 0.55 0.63 0.29
YOLOv12n + P2 1280 0.74 0.58 0.64 0.30
YOLOv12n + P2 1536 0.76 0.62 0.69 0.33

413

8. Conclusion414

In this study, we examined the limitations of conventional415
feature pyramids for pedestrian detection in UAV imagery,416
particularly under conditions involving extremely small ob-417

jects. We found that standard YOLOv12 detection starts at 418
P3 resolution, limiting its effectiveness at detecting ultra- 419
small pedestrians common in aerial scenes. To overcome 420
this limitation, we proposed a high-resolution, P2-enhanced 421
detection head that extends the feature pyramid to a stride-4 422
resolution while maintaining computational efficiency. Our 423
proposed detection head leverages top-down feature fusion 424
and bottom-up feature refinement to maintain semantic con- 425
sistency across scales. Experiments conducted on the Vis- 426
Drone and TinyPerson datasets showed consistent improve- 427
ments in average precision (AP) and recall for tiny objects, 428
confirming the advantages of early-resolution supervision 429
in aerial pedestrian detection. Importantly, this modifica- 430
tion retains real-time performance with only a moderate in- 431
crease in computational overhead. These results suggest 432
that refining the architecture at early pyramid levels is an 433
effective and practical strategy for enhancing small-object 434
detection in UAV applications. Future work will focus on 435
adaptive scale-aware feature routing and lightweight atten- 436
tion mechanisms to further improve detection robustness in 437
dense, cluttered UAV scenarios. 438
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GT Count: 168                                                                    Detections:  153                                                         Detections: 180

GT Count: 36                                                                       Detections:  40                           Detections: 43

GT Count: 188                                                                      Detections:  169                          Detections: 181

Ground Truth                                                                                v12                              v12 + P2

Figure 4. Qualitative results on the TinyPerson dataset. From left to right: Ground Truth, YOLOv12n baseline, and YOLOv12n + P2. The
proposed model improves detection of extremely small pedestrians in dense aerial scenes. Some distant pedestrians are undetected in the
last row compared to the ground truth. The proposed P2 enhanced model consistently detected more tiny pedestrians than the baseline,
indicating a stronger high-resolution feature representation for extremely small pedestrians.

v12 V12+P2 v12 V12+P2

GT
GT

(a) TinyPerson (b) VisDrone

Figure 5. Qualitative comparison on TinyPerson and VisDrone datasets. The top row shows the ground-truth scene with the selected zoom
region highlighted. The bottom row compares detection results between YOLOv12 and the proposed YOLOv12+P2 model. The proposed
model significantly improves the detection of very small pedestrians, especially in distant aerial regions where baseline detectors often
overlook such instances.
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