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ABSTRACT Article information:
Pedestrian Attribute Recognition (PAR) is an important component of in-
telligent surveillance systems. Ground-to-aerial cross-domain PAR and the
e�ect of UAV �ight conditions remain largely unexplored. This work inves-
tigates whether PARmodels trained on ground-level CCTV datasets can be
applied to UAV imagery and quantitatively analyzes the impact of UAV
elevation angle and horizontal distance on attribute recognition perfor-
mance. Five CNN models are trained on two CCTV datasets with di�erent
characteristics: UPAR, a large and diverse dataset, and TPAD, a homo-
geneous dataset, using a multi-label classi�cation framework with positive
class weighting to handle class imbalance. Cross-dataset evaluation on
CCTV data leads to the selection of RegNet and ConvNeXt. For ground-
to-aerial evaluation, selected models are evaluated on three UAV datasets:
UAV-Human, AG-VPReID, and a self-collected UAV-PT1 dataset, where
UPAR-trained models achieve a mean attribute accuracy of 62.23-65.48%,
while TPAD-trained models perform worse. RegNet achieves comparable
performance to ConvNeXt with signi�cantly lower computational complex-
ity, making it more suitable for UAV deployment. Attribute-level analysis
shows that UpperBodyLength, LowerBodyLength, LowerBodyColor, and
Backpack are more reliably recognized. Further analysis using UAV-PT1
shows increasing the horizontal distance from 25 m to 50 m reduces accu-
racy by 11.37�12.11%, and a high elevation angle of 50◦ causes a signi�cant
performance drop, providing an evaluation of ground-to-aerial PAR and the
impact of UAV �ight parameters on attribute recognition.
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1. INTRODUCTION

In recent years, Unmanned Aerial Vehicles (UAVs)
have demonstrated signi�cant value across industries
due to their cost-e�ectiveness and ability to access
remote areas. Initially, UAVs were primarily used
for intelligence, surveillance, target acquisition, and
reconnaissance (ISTAR). However, advances in arti�-
cial intelligence (AI) have expanded their capabilities
[1], transforming UAVs from simple aerial observation
tools into sophisticated assets capable of supporting
complex decision-making.

AI enables the rapid and accurate processing of
large volumes of UAV data, transforming images into
actionable intelligence that improves operational ef-

�ciency and decision making. Computer vision can
analyze UAV images to detect patterns and extract
valuable information for real-world applications such
as border patrol, area surveillance, intelligence gath-
ering, trespassing detection, and crowd monitoring.
This AI integration into UAV systems highlights the
growing importance of intelligent data processing in
modern aerial operations.

One potential application of AI in UAV images
is pedestrian attribute recognition (PAR). PAR sup-
ports tasks such as human identi�cation, person re-
identi�cation, person search, tracking, and crowd
analysis. However, UAV-speci�c datasets are scarce
and often not publicly available due to challenges and
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restrictions in UAV data acquisition. As a result, an-
notated aerial image datasets are limited, prompting
the need to explore alternative training data sources.

This work investigates the feasibility of using
Closed-Circuit Television (CCTV) datasets to de-
velop PAR models for UAV imagery. UAV images
often suffer from low resolution, lighting conditions,
ambiguous perspectives, and occlusions [2], making
attribute recognition difficult. In contrast, CCTV
images capture clearer views from lower altitudes, al-
lowing more visible attributes. Since UAV data are
rarely collected for surveillance tasks, PAR models
often rely on publicly available CCTV datasets.

This study evaluates the performance of PAR mod-
els trained on CCTV data when applied to UAV im-
agery. It further examines model robustness under
varying UAV-controlled factors, such as elevation an-
gle and horizontal distance, as shown in Figure 1. El-
evation angle introduces image perspective distortion
[3], while increasing horizontal distance reduces im-
age resolution. To our knowledge, no prior work has
studied the impact of UAV-controlled factors on PAR
performance in UAV imagery. Understanding these
impacts can support developing robust PAR models
across diverse UAV operational conditions.

Fig.1: Elevation angle and horizontal distance.

Two CCTV datasets are used to develop the PAR
models. The first, the UPAR [4] dataset, was col-
lected across multiple locations and is considered a
diverse dataset due to its wide range of pedestrian
appearances and attributes. In contrast, the sec-
ond dataset, TPAD [5], was collected at a single
location and is therefore considered a homogeneous
dataset, where it has limited variations of pedestrian
attributes and appearances. The TPAD dataset was
specifically constructed to support the development
of PAR models tailored to Thai pedestrians and to
represent local pedestrian attributes better. As re-
ported in [5], PAR models trained on diverse datasets
can exhibit non-local attribute biases, for example,
over-predicting the long-sleeve attribute, which is un-
common in tropical regions like Thailand. Because
TPAD was collected at a single site, it contains con-
strained pedestrian and attribute variations.

Five convolutional neural network (CNN) mod-

els are proposed for PAR-model construction. Given
the limitations of power and computational resources
for onboard UAV computing, two of these models
are TinyML models capable of running directly on
UAVs. Therefore, this work will consider the trade-off
between computational efficiency and model perfor-
mance across five CNN models trained on the CCTV
datasets.

The PAR models trained on the CCTV dataset
are validated using three UAV image datasets. Two
of these, UAV-Human [6] and AG-VPReID [7], are
publicly available datasets. The third dataset, UAV
Perspective Test 1 (UAV-PT1), is self-collected for
this study. UAV-PT1 was designed by varying two
key UAV-controlled factors: elevation angle and hor-
izontal distance. All three UAV datasets are used to
evaluate the performance of CCTV-trained models,
enabling the identification of the best- and worst-
recognized pedestrian attributes and providing in-
sights into which attributes are more reliably recog-
nized in UAV imagery. For UAV-PT1, the effects
of elevation angle and horizontal distance are fur-
ther analyzed to assess their impact on PAR perfor-
mance. Figure 2 summarizes the overall workflow of
this study.

This work addresses the following question: Can
CCTV-trained PAR models effectively recognize
pedestrian attributes in UAV images captured at dif-
ferent elevation angles and horizontal distances? The
findings will provide a foundation for using cost-
effective CCTV datasets to develop more efficient
PAR models for future UAV applications.

The paper is organized as follows. Section 2 re-
views related works. Section 3 covers the methodol-
ogy and evaluation. Section 4 presents the results and
discussion. Finally, Section 5 provides the conclusion.

2. RELATED WORKS

Pedestrian image datasets have been used for tasks
such as attribute recognition [6,8-10], pose estima-
tion [6,10], and mostly for person tracking and re-
identification [6,9-11]. The algorithms employed to
tackle these problems include support vector ma-
chines [8,10], bag-of-words models [11], convolutional
neural networks [9,10], and transformer networks [6].
This work focuses specifically on pedestrian attribute
recognition.

2.1 Pedestrian attribute recognition: From
Ground-level to Aerial Perspectives

Pedestrian attribute recognition has evolved signif-
icantly from traditional computer vision techniques to
advanced deep learning methods. Early approaches,
such as Histogram of Oriented Gradients (HOG) and
Scale-Invariant Feature Transform (SIFT), primarily
relied on hand-made features to identify attributes
such as gender, clothing, and accessories. The stan-
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dard PAR pipeline includes image pre-processing, fea-
ture extraction, and classification [2].

Recently, convolutional neural networks have be-
come the dominant approach for feature extraction in
PAR, enabling the models to learn hierarchical fea-
ture representations directly from raw image data,
resulting in more accurate and robust feature extrac-
tion. Many CNN architectures have proven particu-
larly effective for PAR. EfficientNet has been used as
a baseline PAR model, achieving over 80% mA and
recall across datasets such as PETA [8], Market-1501
[11], PA-100K [9], and RAP [10] without requiring ad-
ditional model modifications [12]. DenseNet has been
successfully applied to recognize pedestrian attributes
from aerial views captured by UAVs [6]. More re-
cently, ConvNeXt demonstrates promising results as
a strong PAR model [13] and was employed as a base-
line method for the UPAR Challenge 2024 [4].

Pedestrian images generally come from datasets
of images [8] and videos [6,9-11]. Ground-level PAR
has been studied using CCTV datasets captured at
eye level or from slightly elevated positions [8-11],
and these studies have significantly advanced the
field. TPAD [5] demonstrates how locally collected
attributes can impact the performance of PAR mod-
els. Sarfraz et al. [14] discuss the challenges posed
by different pedestrian viewpoints, as attribute visi-
bility varies significantly with viewing angles, directly
impacting PAR system performance.

The transition from ground-level data to aerial im-
ages introduces unique challenges, including small ob-
ject sizes, scale imbalance, and object rotation [15-
17]. The UAV-Human dataset [6], constructed from
UAV-based cameras, also highlights these challenges
and shows that performance on UAV-based data is
lower than on ground-level datasets.

2.2 Cross-Domain Adaptation for Surveil-
lance Systems

Cross-domain adaptation is a major challenge in
PAR. Models trained on one domain, such as CCTV
images, often experience performance degradation
when deployed in a different domain, such as UAV
images. Differences in image resolution, viewpoint,
background clutter, and occlusion mainly cause this
degradation. Notably, unlike person re-identification
(Re-ID), no existing work specifically studies PAR
under a CCTV-trained/UAV-tested protocol.

The ground–aerial domain gap has been widely
studied in person Re-ID. Wei et al. [18] show that Re-
ID models trained on constrained datasets generalize
poorly across domains due to variations in lighting,
viewpoint, and camera conditions, leading to signifi-
cant performance drops in cross-dataset evaluations.
This issue is more pronounced in aerial imagery.
Grigorev et al. [19] demonstrate that drone-captured
images differ substantially from ground-based images
in scale, resolution, and viewing angle, making direct

transfer from CCTV-trained models ineffective. To
address this problem, recent work introduces learning
strategies for aerial imagery, such as meta-learning
frameworks designed to improve generalization from
CCTV to aerial domains [20]. However, these stud-
ies focus mainly on identity recognition and do not
extend to attribute-level prediction tasks.

While cross-domain adaptation has been studied
in PAR, existing work focuses on cross-dataset or
cross-scenario generalization rather than the specific
challenge of ground-to-aerial transfer. A recent PAR
benchmark evaluates cross-domain partitioning by
training and testing across different scene categories
and reports an approximately 9% decrease in recall
when evaluated on unseen domains [21]. Similarly,
UPAR studies both leave-one-out and cross-dataset
evaluation protocols, showing that the leave-one-out
setting, which combines multiple training datasets,
achieves better performance than cross-dataset eval-
uation due to the diversity of training data [13].

Overall, existing studies show that domain shifts
significantly degrade performance in both Re-ID
and PAR. While ground–aerial adaptation has been
actively explored in person Re-ID, pedestrian at-
tribute recognition has so far been studied only under
ground-based or cross-dataset settings, and the prob-
lem of adapting PAR models from CCTV to UAV im-
agery remains largely unexplored. Our study focuses
on the compatibility of applying models trained on a
CCTV dataset to UAV imagery.

3. METHODOLOGY

The methodology describes the following: CCTV-
trained PAR-model construction, UAV-dataset vali-
dation, and performance evaluation.

3.1 CCTV-trained PAR Models

CCTV cameras are widely used for surveillance,
making them a cost-effective resource for PAR mod-
els, trained on collected CCTV datasets.

3.1.1 CCTV Training Datasets

The datasets for the PAR models in this study are
obtain from two resources: publicly available UPAR
and self-collected TPAD datasets.

A. UPAR Dataset
UPAR [4], released for the UPAR-Challenge 2024,

focuses on real-world surveillance. UPAR combines
three prior datasets: PETA [8], Market1501 [11], and
PA100K [9], comprising a total of 131,076 images
annotated with 40 attribute labels. Collected from
multiple sources and locations, UPAR is considered
a diverse dataset due to its wide range of attributes,
pedestrian appearances, and scene conditions.

B. TPAD Dataset
To support the development of PAR models tai-

lored to Thai pedestrians, the TPAD dataset [5] was
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Fig.2: Overall workflow.

Fig.3: Tracklet examples.

Fig.4: Tracklet-representative examples with vari-
ous pedestrian attributes.

constructed. Collected from a single location in Thai-
land, TPAD is regarded as a homogeneous dataset
with limited attributes and pedestrian variability.
The following describes the data acquisition and an-
notation procedures used to derive TPAD [5].

(i) Image Processing: Videos from multiple CCTV
cameras in a single area were collected . A track-
let refers to a sequence of images across consecutive
frames of the same individual. Figures 3(a) and 3(b)
show two examples of a tracklet.

Pedestrians in each video frame are detected using
the You-Only-Look-Once (YOLO) algorithm. YOLO
is reportedly known for fast and accurate object de-
tection and classification process [5]. Then, two
multi-object tracking algorithms—ByteTrack [22]
and BoT-SORT [23]—were evaluated. BoT-SORT
enhances ByteTrack with a Kalman filter and camera
motion compensation, resulting in higher tracking ac-

curacy with only a minor loss in speed. Consequently,
BoT-SORT was selected for tracklet extraction. Since
BoT-SORT can occasionally assign the same ID to
different individuals, all tracklets were manually re-
viewed. Any sequences with identity switches or im-
ages of occluded or partially visible pedestrians were
discarded.

The image dimensions range from 28×69 pixels to
125× 311 pixels, with noticeable differences in light-
ing conditions. In total, 3,648 tracklets, comprising
12,185 pedestrian images, were obtained.

(ii) Image Annotation: With an average of 3.34
images per tracklet, attributes are assumed to be
consistent within each tracklet. (Tracklet consistency
was evaluated and reported in the Appendix.) Thus,
a representative image is randomly selected for at-
tribute annotation, and its attributes are applied to
all images in the tracklet. Pedestrian images are
manually annotated for demographics, upper- and
lower-body appearance, and accessories. There are
six binary and eight multi-class attributes, totaling 53
unique values, as shown in Table 1. Figure 4 presents
representative tracklets with various attributes. For
example, LowerBodyLength-Short is illustrated in
Figures 4(a)-4(b), and LowerBodyLength-Long is
in Figures 4(c)-4(h). LowerBodyType-Skirt&Dress
is shown in Figure 4(d), while LowerBodyType-
Trousers&Shorts are presented in the remaining fig-
ures.

1 Permission to use the TPAD dataset is granted solely for sci-
entific research, without public disclosure of the dataset. The
analysis must be conducted anonymously and not at the level of
personal data identification. Only statistical results are allowed
to be reported. Note that Figures 3 and 4 were arranged to
show examples of images similar to those in the TPAD dataset,
but they are not part of the TPAD dataset. The actors in both
figures have consented to the use of their images as examples
in this paper.
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Table 1: TPAD attributes and their percentages.
Group Attribute Values (%)
Gender Male (65.44%), Female (34.56%)

Age
Adult (86.66%), Senior (7.57%),
Young (5.78%)

Hair
Short (76.51%), Long (20.22%),
Bald(3.27%)

UpperBodyLength Short (75.74%), Long (11.21%)

UpperBodyType

T-shirt (51.53%), Polo (7.73%),
Tank top (7.37%), Shirt (5.79%),
Blouse (3.36%), Jacket (2.40%),
Dress (2.31%), Others (19.06%)

UpperBodyColor

Black (23.73%), White (21.81%),
Blue (10.06%), Grey (7.65%),
Green (6.86%), Red (5.15%),
Brown (2.54%), Pink (2.48%),
Orange (1.50%), Purple (1.50%),
Yellow (1.43%), Others (14.63%)

LowerBodyLength Short (56.20%), Long (43.80%)

LowerBodyType
Trousers&Shorts (93.35%),
Skirt&Dress (6.65%)

LowerBodyColor

Black (44.35%), Blue(13.30%),
Grey (7.04%), White(5.69%),
Brown (3.39%), Green (2.84%),
Pink (0.61%), Orange (0.54%),
Red (0.32%), Purple(0.31%),
Yellow (0.24%), Others (21.38%)

Footwear Shoes (57.96%), Sandals (39.10%)
Glasses Sun (5.88%), Normal (39.10%)

Hat Yes (17.87%)
Bag Yes (46.17%)

Backpack Yes (10.79%)

3.1.2 Model Selection

Five CNN models are selected for evaluating im-
age classification performance: ConvNeXt [24], Effi-
cientNet [25], DenseNet [26], RegNet [27], and Mo-
bileNet [28]. The last two CNN models are TinyML
models, generally feasible for deployment on resource-
and power-constrained devices such as UAVs, mobile
platforms, and embedded systems.

ConvNeXt modernizes traditional CNNs by incor-
porating design elements inspired by vision trans-
formers, such as large convolution kernels and sim-
plified stage-wise structures [24]. These changes im-
prove global context modeling and representation sta-
bility. Nevertheless, early downsampling and large
kernels can reduce spatial precision, limiting perfor-
mance on fine-grained local attributes.

EfficientNet increases parameter efficiency by com-
bining neural architecture search with compound
scaling of depth, width, and resolution [25]. It
also uses progressive resizing and adaptive regulariza-
tion, leading to strong transfer learning performance.
However, uniform scaling across the network may re-
duce sensitivity to small or localized attributes that
require fine spatial detail.

DenseNet improves standard CNNs, such as
ResNet-50, by connecting each layer to all subse-
quent layers, enhancing gradient flow, and enabling

feature reuse [2,26]. This design supports faster con-
vergence and parameter efficiency. However, strong
feature reuse can reinforce dominant patterns from
frequent classes, making DenseNet less effective for
rare or subtle attributes under class imbalance.

RegNet uses a structured design strategy that de-
fines network depth and width through simple, reg-
ular functions, enabling efficient scaling and stable
learning across different computational budgets [27].
This regularity supports good generalization with-
out increasing model complexity. However, the con-
strained design space may limit flexibility when mod-
eling highly diverse or irregular visual patterns.

MobileNet is designed for low latency and minimal
computational cost while maintaining reasonable ac-
curacy [28]. It performs well in clean visual condi-
tions with sufficient training samples. However, its
lightweight architecture and limited channel capacity
may reduce feature diversity, affecting recognition of
complex or highly detailed attributes.

After the models are selected, their final classifi-
cation layers are replaced with new trainable fully
connected layers that output the requisite number of
classes specifically for our datasets. This modifica-
tion enables fine-tuning, allowing each model to learn
more precise mappings for accurate classification. To
prevent overfitting, dropout layers with a probability
of 0.3 are incorporated into the models.

All models were trained for up to 100 epochs us-
ing mini-batch optimization. This upper bound was
chosen to allow sufficient training for convergence
across all model architectures while avoiding un-
necessary computation, as preliminary experiments
showed that performance typically plateaued well be-
fore reaching the maximum epoch limit. Early stop-
ping was applied to prevent overfitting, and training
was terminated if the validation loss did not improve
for five consecutive epochs.

To address class imbalance in the multi-label clas-
sification setting, Binary Cross-Entropy with logits
Loss was employed with class-wise positive weights.
The positive weight for each class c was computed as
posweightc = N

N+
c

, where N denotes the total number

of training samples and N+
c represents the number of

positive samples for class c.
Hyperparameters were optimized using Optuna,

selecting the batch size, initial learning rate, opti-
mizer, weight decay, and learning rate scheduler for
each architecture using model-specific search spaces.
The optimal configurations are reported in the Ap-
pendix.

3.1.3 Experiment Setup

Before training the PAR models, the tracklet im-
ages undergo additional pre-processing. They are re-
sized to a uniform 224×224 pixels for consistency.
The dataset is then split into three subsets: 70% for
training, 10% for use as a validation set, and 20% for
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testing. To improve transfer learning, the images are
normalized using mean and standard deviation values
derived from a pre-trained ImageNet model. All ran-
dom operations, including dataset splits and model
initialization, were performed using a fixed random
seed of 42 to ensure full reproducibility.

The experiments were conducted on two environ-
ments: (1) a workstation with an Intel i5-12400F
CPU, an NVIDIA RTX 3060 GPU (12GB VRAM),
and 16GB RAM, running Pop! OS 22.04 LTS, and
(2) a server with dual Intel Xeon Gold 6130 CPUs,
NVIDIA Tesla V100-SXM2 GPU (32GB VRAM),
running Ubuntu 20.04.4 LTS in a multi-user en-
vironment managed via SLURM, where computa-
tional resources were allocated per job (8 CPU cores,
32GB RAM, and 1 GPU for this work). Both sys-
tems run Python 3.10.12, with deep learning mod-
els implemented using PyTorch 1.12.1, TorchVision
0.16.1, and CUDA 12.1. For data acquisition, YOLO
and BoT-SORT were used. Since the focus of
this work is on models suitable for onboard opera-
tions on UAVs, the smallest pre-trained CNN models
available in PyTorch were selected: ConvNeXt-Tiny
[24], EfficientNet-V2-Small [25], DenseNet-121 [26],
RegNetY-400MF [27], and MobileNet-V3-Small [28].

3.2 UAV Validation Datasets

CCTV-trained PAR models must be validated
using actual UAV imagery. Three UAV datasets
are used: two publicly available datasets, UAV-
Human [6] and AG-VPReID [7], and one self-collected
dataset, UAV Perspective Test 1 (UAV-PT1).

3.2.1 UAV-Human Dataset

UAV-Human is a publicly available UAV dataset
for human behavior understanding, including tasks
such as action recognition, person re-identification,
and attribute recognition [6]. The dataset was col-
lected over three months across 45 locations, at mul-
tiple altitudes, positions, and viewpoints, resulting
in diverse UAV imagery. Images were captured at
heights of 2-8 meters, leading to variations in reso-
lution and occlusion, making the dataset represen-
tative of real-world UAV use. UAV-Human con-
tains 22,263 images annotated across seven attribute
groups, such as Gender, Hat, Backpack, Upper- and
Lower-clothing color, and Style. To align its at-
tributes with UPAR or TPAD, Upper- and Lower-
clothing styles are converted to UpperBodyLength
and LowerBodyType, respectively.

3.2.2 AG-VPReID Dataset

AG-VPReID dataset [7] is a large-scale, video-
based dataset designed for aerial-ground person re-
identification (Re-ID). It contains approximately 9.6
million frames, 32,321 tracklets, and 6,632 unique
identities, captured over 20 days at nearby locations

using drones at 15-120m altitude, CCTV ground cam-
eras, and wearable cameras. Each identity is an-
notated with a comprehensive set of attributes, in-
cluding gender, age, clothing style, and accessories.
All identities matching and attribute annotation were
manually verified by expert annotators, resulting in
a total of 15 soft biometric attributes.

Fig.5: Original UAV image examples at different
elevation angles and horizontal distances.

Fig.6: Cropped UAV image examples at different
elevation angles and horizontal distances.

3.2.3 UAV-PT1 Dataset

The UAV Perspective Test 1 (UAV-PT1) dataset
is added to assess the impact of two UAV-controlled
factors: elevation angle and horizontal distance on
the model performance. The elevation angle, deter-
mined by flying altitude, can cause perspective distor-
tion and visual obstruction of the object. Horizontal
distance affects image resolution and the level of de-
tail captured. Greater horizontal distances may also
amplify the effects of propulsive motor vibrations, re-
sulting in motion blur and reduced image quality.

A. Attribute Selection
Due to limited UAV resources, it is not feasible to

collect all 53 pedestrian attributes from TPAD. Initial
experiments showed poor PAR performance on age
and glasses, likely due to small facial features. Thus,
these two attributes were excluded from the evalu-
ation. For the remaining attributes, the most com-
mon attribute values were prioritized and included
in our dataset. For example, black, white, and blue
were selected for UpperBodyColor, while black and
blue were selected for LowerBodyColor. In total, 27
attributes across 10 attribute groups were selected.
During UAV image acquisition, actors wore clothing
that matched the selected attributes.

B. Image Acquisition
UAV-PT1 images were captured using a DJI Phan-

tom 4 Pro V2.0 quadrotor UAV, equipped with a 1-
inch image sensor with a maximum resolution of 20
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Table 2: Model performance trained and tested on CCTV datasets.

Model GFLOPs
Trained and Tested on UPAR Trained and Tested on TPAD

Params Recall F1 mA Params Recall F1 mA
ConvNeXt 4.46 27.85M 77.2 62.3 83.4 27.86M 92.5 92.6 94.7
EfficientNet 2.90 20.22M 73.5 66.2 82.7 20.25M 92.7 92.6 95.1
DenseNet 2.90 6.99M 72.4 63.0 81.9 7.01M 91.8 90.9 94.2
RegNet 0.40 3.90M 81.3 60.0 85.0 3.90M 92.2 91.4 94.5
MobileNet 0.06 1.56M 79.9 58.4 83.6 1.57M 92.7 91.3 94.5

megapixels. Videos were recorded at a resolution of
2.7K (2720×1520 pixels).

Due to safety regulations, the maximum flying al-
titude was restricted to 60 meters, constraining the
maximum elevation angle to 50◦. In this study, the
elevation angles were set to 10◦, 20◦, 30◦, 40◦, and
50◦, and horizontal distances were 25 m and 50 m.
Flying altitudes were pre-calculated based on these
elevation angles and horizontal distances.

For acquisition, pedestrian locations were marked
and horizontal distances were measured to enable ac-
curate UAV positioning. Actors walked along prede-
fined paths while the UAV took off to a pre-calculated
flying altitude. The camera was adjusted to align the
video frame with the walking path of each actor.

Since each actor walked toward the UAV for 5 me-
ters, the specified horizontal distances corresponded
to ranges of 20-25 m and 45-50 m. This results in
a small deviation in elevation angles, ranging from
0.19-6.34◦ for 20-25 m and 0.19-3.96◦ for 45-50 m.

C. Image Processing

The recorded videos were processed. Figures 5(a)-
5(b) show original UAV image examples captured at
elevation angles of 10◦ and 50◦ and horizontal dis-
tances of 25 m and 50 m, with pedestrian location
marked by yellow circles. As the elevation angle or
horizontal distance increases, the pedestrian appears
smaller and the image resolution decreases. At high
elevation angles, strong winds can also make UAV
control difficult, causing slight shift in the pedes-
trian’s walking path.

As flying distance increases, image resolution de-
grades, making pedestrians very small. Thus, the
UAV images were cropped to remove irrelevant ar-
eas, as shown in Figure 6. Cropped image dimen-
sions range from approximately 490×410 to 690×510
pixels (4.83-8.47% of the original image) at 25 m,
and 280×210 to 590×230 pixels (1.41-3.26%) at 50
m. High elevation angles make pedestrians appear
more distant and upright, while large horizontal dis-
tances reduce apparent size.

Unlike the TPAD CCTV images, pedestrian detec-
tion in UAV-PT1 images could not be processed with
YOLOv8. Therefore, the larger YOLOv11 model was
used, resulting in a UAV-PT1 dataset of 1,728 images
annotated with 27 attributes.

The validation process involves applying the
CCTV-trained PAR models to the three UAV

datasets to evaluate their performance.

3.3 Evaluation Metrics

Given that TP , FP , and FN respectively are
numbers of correct positive, incorrect positive, and
incorrect negative predictions, metrics used to evalu-
ate the PAR-model performances in this work are:

Precision =
TP

TP + FP
(1)

Recall =
TP

TP + FN
(2)

F1 = 2× Precision×Recall
Precision+Recall

(3)

mA =
1

2A

∑A

i=1

(
TPi

Pi
+
TNi

Ni

)
(4)

where TPi, TNi, Pi, and Ni represent the true posi-
tives, the true negatives, the total positives, and the
total negatives for attribute i. Generally, mean accu-
racy (mA) evaluates the overall classification perfor-
mance across multiple classes.

To compute the attribute recognition accuracy, the
following metric is used.

Accuracy =
Ncorrect

Ntotal
(5)

where Ncorrect is the number of correctly classified
samples, and Ntotal is the total number of samples.

The detection quality of the YOLO model is eval-
uated using mAP50−95, which considers classification
accuracy and localization precision. It is computed
as:

mAP50−95 =
1

|T |
∑

t∈T
APt (6)

where APt =
∫ 1

0
pt(r)dr, pt(r) is the precision-recall

curve at IoU threshold t, and T is the set of IoU
threshold values {0.50,0.55,. . .,0.95}.

4. RESULTS AND DISCUSSION

This section presents the performance of CCTV-
trained models evaluated on UAV validation datasets.
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Table 3: Cross- and same-domain performance evaluated on UAV datasets.
RegNet ConvNeXt

Train set Validation set Recall F1 mA Recall F1 mA
UPAR

UAV-Human

51.76 38.50 66.47 51.36 40.25 67.79
TPAD 28.83 24.53 56.71 33.52 31.52 59.41

UAV-Human 29.20 27.65 56.18 29.56 28.26 56.26
AG-VPReID 50.88 47.81 51.55 39.99 39.61 49.22

UPAR

UAV-Human

44.13 35.77 54.08 38.69 32.36 52.34
TPAD 31.22 25.98 50.14 36.36 27.98 51.33

UAV-Human 56.14 39.77 50.91 50.50 38.10 51.10
AG-VPReID 99.93 99.85 98.50 99.93 99.59 99.85

UPAR

UAV-PT1

68.63 62.74 69.23 59.52 56.09 65.38
TPAD 43.67 39.82 56.63 54.01 49.97 61.58

UAV-Human 45.21 35.91 53.88 48.70 36.96 56.05
AG-VPReID 51.78 38.81 54.06 41.67 32.79 50.52

4.1 CCTV-Trained Model Results

Performance of the constructed CCTV-trained
models is evaluated, with a detailed discussion.

4.1.1 CCTV-Trained Model Performance

The performance of five PAR models, trained and
tested on the UPAR and TPAD CCTV datasets, is
shown in Table 2. The top three performances are
highlighted using bold, bold with italics, and italics,
respectively. Overall, performance across models is
relatively similar. For the UPAR dataset, the highest
performing models are RegNet, MobileNet, and Con-
vNeXt. For the TPAD dataset, the top-performing
models are EfficientNet and ConvNeXt. Performance
on TPAD, a homogeneous dataset, is higher than on
UPAR, a diverse dataset, due to the lower variabil-
ity in the TPAD test data. A detailed discussion ex-
plaining the observed model performance is presented
next.

4.1.2 CCTV-Trained Model Discussion

Figures 7 and 8 present attribute-wise recall com-
parisons across models. Green and red cells denote
relatively high and low recall, respectively, while grey
cells represent similar recall across all models. At-
tributes not shown in the figures exhibit comparable
recall values across all models (i.e., all grey cells in
the same row), indicating no model recognizes these
attributes distinctively.

On the UPAR dataset, many green-highlighted at-
tributes are dominated by RegNet and MobileNet,
particularly for accessory-related, color-based, and
rare demographic attributes. Their strong perfor-
mance can be attributed to their architectural sim-
plicity and regularity. RegNet adopts a uniform and
well-structured architecture, enabling stable feature
learning across layers without excessive feature reuse
or overly large receptive fields. This design allows
RegNet to generalize more effectively under class im-
balance, leading to strong recall for attributes, such
as Age-Old, Age-Young, sunglasses, and several rare

Fig.7: Comparison of attribute-wise recall across
UPAR-trained models.

Fig.8: Comparison of attribute-wise recall across
TPAD-trained models.
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colors. Similarly, MobileNet employs depthwise sepa-
rable convolutions that preserve local spatial informa-
tion while avoiding excessive feature mixing, making
it suitable for recognizing small or fine-grained ob-
jects. The TPAD results further support this obser-
vation, with both RegNet and MobileNet consistently
achieving competitive or best recall for many fine-
grained attributes, even when overall recall is high
across all models.

ConvNeXt shows stable but not dominant per-
formance across attributes on UPAR. This behav-
ior aligns with its architectural design, which uses
large 7×7 convolution kernels and early downsam-
pling. Such a structure favors global context model-
ing and color consistency, leading to reliable perfor-
mance on large-scale attributes. However, the grad-
ual reduction in feature map resolution can cause
small or localized features to become blurred or disap-
pear in deeper layers. As a result, ConvNeXt does not
consistently achieve the best recall for fine-grained at-
tributes. Similar performance results are observed on
the TPAD dataset.

EfficientNet shows balanced performance on
UPAR but demonstrates stronger results on TPAD.
Its compound scaling strategy jointly optimizes net-
work depth, width, and resolution, enabling efficient
and robust feature learning. On UPAR, EfficientNet
performs competitively on common color and clothing
attributes but provides limited gains for rare or fine-
grained attributes. In contrast, on TPAD, Efficient-
Net achieves a higher recall for several color-based
and accessory-related attributes, indicating improved
generalization across a wider range of attributes.

Fig.9: Grad-CAM visualizations for selected at-
tributes.

DenseNet performs relatively poorly on UPAR for
many low-frequency attributes, especially rare colors
and Age-Young groups. Although its dense connec-
tions promote feature reuse, this mechanism tends to
reinforce dominant patterns from frequent attributes,
increasing bias toward common classes. This behav-
ior is also evident on TPAD, where DenseNet oc-
casionally underperforms on less frequent attributes
despite strong performance on common categories.
These results suggest that feature reuse alone is in-
sufficient for learning rare or subtle attributes.

Overall, results from both UPAR and TPAD indi-
cate that architectures preserving spatial detail and

avoiding overly dominant feature reuse are better
suited for challenging pedestrian attributes. Con-
vNeXt is effective for global and color-consistent at-
tributes, while DenseNet is more sensitive to data
imbalance due to its feature reuse strategy. In con-
trast, MobileNet and RegNet demonstrate robust
performance for rare, small-scale, and fine-grained
attributes across both datasets. Grad-CAM visual-
izations further support this observation. ConvNeXt
exhibits broader activation patterns as presented in
Figure 9(a), while RegNet focuses on more localized
and discriminative regions as shown in Figure 9(b).
These findings confirm that architectural inductive
bias, rather than model complexity, plays a key role
in pedestrian attribute recognition performance.

Table 4: Attribute recognition performance.

Attribute Group
UAV- AG- UAV-

Human VPReID PT1
Gender 56.85 37.78 73.44
Hat 44.56 85.65 89.93
Hair 69.21 54.98
UpperBodyLength 74.23 75.06
UpperBodyColor 87.04 37.96
LowerBodyLength 83.88 62.04
LowerBodyColor 78.26 63.95
LowerBodyType 40.71 53.99
Bag 52.23 38.66
Backpack 69.98 64.12 72.69
Average 64.52 65.48 62.23

Considering both UPAR- and TPAD-trained mod-
els, ConvNeXt, RegNet, and MobileNet, show rel-
atively strong overall performance. However, while
UPAR-trained MobileNet achieved performance com-
parable to RegNet, it recognized fewer attributes.
Consequently, RegNet and ConvNeXt are selected
as representative models for evaluation on UAV
datasets.

4.2 UAV Data Validation Performance

This section evaluates whether the two CNN
models—RegNet and ConvNeXt—trained on CCTV
datasets can recognize pedestrian attributes on three
UAV datasets: UAV-Human, AG-VPReID, and
UAV-PT1. For comparison, models trained on UAV-
Human and AG-VPReID are also included. Due to
its small size, UAV-PT1 is used only for evaluation.

4.2.1 Cross- and Same-Domain Performance

Table 3 summarizes the validation performance
of CCTV-trained and UAV-trained PAR models on
three UAV datasets.

When comparing CCTV-trained models from
UPAR and TPAD on the same UAV dataset, UPAR-
trained models consistently outperform the TPAD-
trained models. Even on UAV-PT1, which shares lo-
cal attributes with TPAD, the UPAR-trained model
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achieves better results. This finding indicates that
models trained on a diverse dataset generally gen-
eralize better than those trained on a homogeneous
dataset, highlighting the importance of dataset diver-
sity for CCTV-trained PAR models.

Comparing UPAR-trained with UAV-trained mod-
els from UAV-Human and AG-VPReID, UPAR-
trained models achieve better performance on UAV-
Human and UAV-PT1. This suggests that UAV
datasets may be less suitable for training PAR models
due to lower image quality.

However, the AG-VPReID-trained model per-
formed relatively better on its own validation set.
This strong in-dataset performance can be attributed
to the large size of AG-VPReID and its collec-
tion from nearby locations, effectively representing
a single-location homogeneous dataset with low at-
tribute variability. The combination of a large num-
ber of images and homogeneous attributes leads to
very high in-dataset performance.

Fig.10: Model performance on UAV factors.

Fig.11: YOLO performance on UAV factors.

Overall, these results indicate that for develop-
ing PAR models applicable to diverse UAV imagery,
training on a large and diverse CCTV dataset is gen-
erally preferable. Exceptions occur in single-location
scenarios: when a large UAV dataset is available from
a single location, it may be more effective to train the

PAR model directly on this UAV dataset rather than
on CCTV images.

When comparing RegNet and ConvNeXt, their
overall performance is relatively similar, with Con-
vNeXt performing slightly better. Nonetheless, due
to its large GFLOPS and total parameter count, Con-
vNeXt is less feasible for onboard deployment. There-
fore, RegNet is selected as the representative model
for further UAV data validation in this work.

4.2.2 Attribute Recognition Performance

Table 4 presents the attribute recognition perfor-
mance of the UPAR-trained RegNet model evaluated
on three UAV datasets. Cells without reported values
indicate that such a dataset does not annotate those
attributes. The attribute recognition accuracy ranges
from 62.23% to 65.48% on average. This performance
is largely attributable to the inherent challenges of
UAV imagery, including varying flight altitudes, re-
duced spatial resolution, and the small visual size of
pedestrians.

Despite these challenges, several attributes demon-
strate consistent and relatively strong recognition
performance across the evaluated datasets, notably
UpperBodyLength (sleeve length; average 74.64%),
LowerBodyLength (average 72.96%), LowerBody-
Color (average 71.10%), and Backpack (average
68.93%). In contrast, Hat and UpperBodyColor
achieve high accuracy in certain datasets but exhibit
limited generalization across all datasets. Other at-
tributes, including Gender, Hair, LowerBodyType,
and Bag, demonstrate lower recognition performance.

These results suggest that Hat, as well as torso-
related attributes, such as UpperBodyLength, Lower-
BodyLength, LowerBodyColor, and Backpack, are re-
liably recognized attributes in UAV images. These
attributes serve as more discriminative and robust
features for pedestrian recognition in UAV datasets.

4.3 Impacts of UAV-controlled Factors

The impacts of UAV-controlled factors–horizontal
distance and elevation angle–on PAR performance
are reported. UAV-PT1 is used in this section, as
it contains data collected across varying horizontal
distances and elevation angles.

4.3.1 Impacts on Model Performance

Figure 10 shows the 95% confidence intervals of
accuracy for UPAR-trained models evaluated on the
UAV-PT1 datasets across elevation angles from 10◦

to 50◦ at two horizontal distances (25 m and 50 m).
Increasing the horizontal distance from 25 m to

50 m reduces accuracy by 11.37-12.11% at 10-40◦,
and by 4.20% at 50◦. At 25 m, each 10◦ increase
in elevation angle causes accuracy drops of 4.57%,
2.13%, 3.038%, and 9.08%. In contrast, at 50 m,
the corresponding decreases are 4.37%, 2.68%, 3.22%,
and 1.17%.
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Fig.12: Attributes performance on UAV factors.

These results show that accuracy slightly declines
at low-to-moderate elevation angles (10-40◦) for both
distances. At 50◦, the accuracy drop is substan-
tial at 25 m (9.08%) but declines only marginally
at 50 m (1.17%). At longer distances, pedestrians
occupy small regions. Further increases in elevation
angle have a limited impact on recognition accuracy.
The two-way ANOVA results indicate that horizon-
tal distance significantly affects recognition accuracy,
whereas elevation angles between 10◦ and 40◦ show
no significant impact. In contrast, an elevation angle
of 50◦ shows a significant effect on accuracy.

Figure 11 presents the detection performance of
the YOLO model measured by mAP50−95. For both
25 m and 50 m, performance declines at 10-40◦ and
drops sharply at 50◦. Therefore, detection perfor-
mance steadily declines with increasing elevation an-
gle and degrades more sharply at longer horizontal
distances.

4.3.2 Impacts on Attributes

The impact of UAV-controlled factors on pedes-
trian attribute recognition is analyzed by evaluating
UPAR-trained models on the UAV-PT1 dataset.

Figures 12(a) and 12(b) present heatmaps of at-
tribute recognition performance under varying UAV-
controlled conditions. The numbers in heatmaps in-
dicate recognition accuracy at different elevation an-
gles. Attributes are ranked in descending order based
on accuracy at the highest elevation angle (50◦),
which is placed in the leftmost column.

Overall, attribute recognition accuracy decreases
as elevation angle increases, regardless of horizontal
distance. Attributes such as Gender, Hair, Upper-
BodyLength, LowerBodyType, Bag, and Backpack
show moderate to substantial performance degrada-
tion as the elevation angle increases. In contrast,
Hat and UpperBodyColor are minimally affected by
changes in elevation angle, indicating stronger ro-
bustness to viewpoint variation. Interestingly, un-
der the extreme condition of 50◦ elevation angle and
50 m horizontal distance, UpperBodyLength, Lower-

BodyColor, and Backpack exhibit contrasting behav-
ior, showing improved accuracy. These results indi-
cate that the effect of elevation angle is not uniform
across attributes but varies depending on the spe-
cific attribute. Horizontal distance further influences
performance, and its interaction with elevation angle
ultimately determines overall recognition accuracy.

For fixed elevation angles between 10-40◦, in-
creasing horizontal distance from 25-50m leads to
a pronounced performance drop for Hair. Back-
pack, UpperBodyLength, Gender, and Bag show
moderate degradation, whereas Hat, UpperBody-
Color, LowerBodyLength, and LowerBodyType are
slightly affected by increased distance. At a high el-
evation angle of 50◦, increasing horizontal distance
leads to noticeable accuracy improvements for Up-
perBodyLength, LowerBodyColor, and LowerBody-
Type, while most other attributes continue to decline.

Overall, attribute recognition accuracy varies
across different combinations of UAV-controlled fac-
tors. The two-way ANOVA results are used to ana-
lyze the attribute-specific impacts as follows:

• Both horizontal distance and elevation angle sig-
nificantly affect Gender, Hair, and Bag.

• Horizontal distance has a significant impact on
Hat, UpperBodyColor, and UpperBodyLength.

• Elevation angle significantly affects Backpack,
LowerBodyLength, and LowerBodyType.

• Under extreme conditions (high elevation angle
combined with long horizontal distance), both fac-
tors jointly influence Backpack, UpperBodyLength,
LowerBodyColor, and LowerBodyType.

Comparing these results with Table 4 further
demonstrates that attribute recognition performance
is strongly influenced by UAV-controlled factors.
These findings highlight the importance of accounting
for UAV-controlled factors when developing pedes-
trian attribute recognition models for UAV applica-
tions and provide insights into which attributes re-
main reliable under challenging operational condi-
tions.
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5. CONCLUSION

This work studied pedestrian attribute recognition
in a ground-to-aerial cross-domain setting, address-
ing the limited analysis of applying CCTV-trained
PAR models to UAV imagery and the lack of under-
standing of how UAV flight conditions affect recogni-
tion performance. Five CNN-based PAR models were
first trained on CCTV datasets using a multi-label
classification framework with positive class weight-
ing to handle class imbalance. Cross-dataset eval-
uation showed that models trained on the diverse
UPAR dataset generalize better than those trained
on the homogeneous TPAD dataset. Based on cross-
validation results, only RegNet and ConvNeXt were
selected for evaluation on UAV datasets. Among
them, RegNet was selected for detailed UAV analy-
sis due to its lower computational complexity. The
selected model was tested on three UAV datasets,
including the self-collected UAV-PT1 dataset, where
the effects of elevation angle and horizontal distance
were analyzed. The results show that higher eleva-
tion angles and longer distances degrade attribute
recognition performance, with varying effects across
attributes. This work has several limitations, in-
cluding potential noise from tracklet-level labels, the
limited size of the UAV-PT1 dataset, and detection
bottlenecks caused by extremely small pedestrians in
UAV images. Future work will focus on collecting
larger UAV datasets and exploring domain adapta-
tion methods to enhance PAR robustness in real UAV
applications.
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Table 5: Optimal hyperparameters for each dataset and backbone architecture.
Dataset Model LR BS Opt WD Sched Milestone γ Step Min LR
UPAR ConvNeXt-Tiny 2.32×10−5 16 Adam 2.97×10−4 Cosine – – – –
UPAR EfficientNet-B0 4.36×10−4 32 AdamW 8.41×10−4 Cosine – – – –
UPAR DenseNet-121 6.67×10−5 32 AdamW 4.65×10−5 MultiStepLR [16, 68] 0.498 – –
UPAR Adam 6.21×10−5 Cosine – – – –

UPAR

RegNetY-400MF 4.04×10−4 32
MobileNetV3- 1.00×10−4

32 Adam
1.98×10−5

Cosine – – – –
Small

TPAD ConvNeXt-Tiny 5.00×10−5 32 AdamW 1.00×10−2 Cosine – – – 1.0×10−6

TPAD EfficientNet-B0 7.07×10−4 64 AdamW 1.63×10−6 StepLR – 0.195 41 –
TPAD DenseNet-121 1.81×10−4 32 AdamW 7.72×10−6 MultiStepLR [17, 48] 0.423 – –
TPAD Adam 1.32×10−5 Cosine – – – –

TPAD

RegNetY-400MF 3.23×10−4 16
MobileNetV3- 1.19×10−3

32 Adam
3.93×10−6

Cosine – – – –
Small
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APPENDIX

A. TRACKLET ANNOTATION CONSIS-
TENCY

To validate attribute consistency within tracklets,
10% of tracklets were randomly sampled and fully an-
notated at the image level. For each image, the dis-
agreement rate was computed as (FP + FN)/Nattr,
where Nattr denotes the total number of evaluated at-
tributes per image. Tracklet-level disagreement was
obtained by averaging across images. The overall dis-
agreement rate was 2.55%, indicating that a single
representative image provides a reliable approxima-
tion for tracklet-wise attribute annotation.

B. HYPERPARAMETER SETTINGS

Table 5 summarizes the optimal hyperparameter
configurations used for training each backbone archi-
tecture on the UPAR and TPAD datasets.

These settings were selected based on validation
performance and were fixed for all reported experi-
ments.
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