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Abstract— The advent of unmanned aerial vehicles (UAVs)
has initiated a revolutionary era in human action recognition,
profoundly influencing various domains. This transition un-
derscores the critical necessity for comprehensive benchmarks
crucial for formulating and evaluating UAV-centric models
tailored to human behavior analysis.

This paper presents an novel approach called SPDAGG-
TransNet network for UAV-human action recognition, lever-
aging the resilience of skeletal-based features amidst these
obstacles. Our approach revolves around a deep neural network
adept at capturing the intricate spatial and temporal dimensions
of human actions, leading to the development of Semi-Positive
Definite (SPD) matrix representations. These representations
are then transformed using a transformer encoder before being
classified using a Multilayer Perceptron (MLP). To assess the
effectiveness of our approach, we conduct thorough evaluations
using publicly available datasets such as the UAV-Human
Action Recognition and UAV-Gesture datasets. Our findings
underscore the state-of-the-art performance achieved by our
method, highlighting its potential to significantly advance UAV-
based human action recognition.

I. INTRODUCTION

Human action recognition from the viewpoint of un-
manned aerial vehicles (UAVs) poses significant challenges,
largely due to the dynamic nature of UAV flight, encom-
passing factors such as motion, attitude adjustments, and
varying viewpoints. Moreover, complexity is heightened by
challenges including occlusions, pose variations, and back-
ground clutter prevalent in UAV-captured images.

UAV-human action recognition holds promising applica-
tions across diverse domains. Primarily, it plays a pivotal
role in surveillance, enabling the detection of suspicious
behaviors to enhance security measures in various environ-
ments [2]. Additionally, in healthcare, it proves invaluable
for remotely monitoring human vital signs, especially in
scenarios requiring continuous health tracking such as remote
or disaster-stricken areas [8]. Furthermore, it aids in disaster
response and assessment by providing real-time insights into
individual activities in affected regions, thereby facilitating
damage assessment, survivor location, and optimizing rescue
operations [12].

Beyond these critical domains, UAVs offer a unique advan-
tage in monitoring human activities across expansive areas
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Fig. 1.

Example of UAV-Human activities detection.

like stadiums, parks, and sprawling urban environments,
ensuring comprehensive surveillance from diverse perspec-
tives. Moreover, UAVs seamlessly engage in natural human
interaction, participating in recreational activities, executing
tasks, or providing assistance as needed. This multifaceted
utility underscores the significant potential of UAV-human
action recognition to enhance and revolutionize a wide array
of applications, impacting domains essential to safety, well-
being, and efficiency.

However, UAV-human action recognition presents new
challenges not encountered in conventional action recogni-
tion methods. Notably, images captured by UAVs often ex-
hibit attributes such as low resolution, noise, and distortion,
primarily due to UAV motion and orientation. Additionally,
these images frequently display significant variations in per-
spective and occlusions, stemming from the UAV’s flight tra-
jectory and altitude. Furthermore, backgrounds within UAV-
captured imagery often feature intricate and ever-changing
elements, potentially hindering the recognition of human
actions. Lastly, human actions themselves encompass a wide
spectrum of diversity and subtlety, necessitating precision
and detail in the recognition process. (see Figure 1)

To address these challenges, various methods have been
proposed for UAV-human action recognition, broadly catego-
rized into appearance-based and skeletal-based approaches.
We opt for skeletal-based methodologies due to their re-
silience to complex backgrounds and the flexibility to apply
normalization techniques, enhancing robustness [18], [14].

In this paper, we propose a novel approach for UAV-human
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action recognition, leveraging skeletal data and SPD matrices
properties. By utilizing the 3D coordinates of skeletal joints,
our approach employs an SPD deep neural network to extract
Temporal-spatial features that encapsulate both the spatial
and temporal intricacies of human actions, transforming
them into a sequence of SPD matrices. These SPD matri-
ces are then mapped into Euclidean space and vectorized.
Subsequently, a transformer encoder is employed to process
the sequential vectors. It uses self-attention mechanisms
to capture relationships between elements in the sequence
efficiently.

We evaluate our approach rigorously using UAV-human
dataset, and UAV-Gesture dataset. Remarkably, our method-
ology achieves state-of-the-art results on these benchmark
datasets, demonstrating its prowess in action recognition
within UAV-captured imagery.

This paper makes the following contributions:

« Introducing an innovative model that integrates SPD net
and transformer architectures for skeletal-based UAV-
human action recognition, filling a gap in an emerging
field with limited prior research.

o Providing a comprehensive approach for addressing
both temporal and spatial aspects in local segments
and global sequences, enhancing the model’s ability to
capture nuanced human actions.

« Validating the efficiency of the proposed algorithm
through rigorous testing using skeletal registration
datasets, affirming its effectiveness in real-world appli-
cations.

The remainder of this paper is organized as follows:
Section 2 reviews related work on UAV-human action recog-
nition and deep learning manifold-based approaches. In
Section 3, we describe our proposed approach, followed
by experimental evaluations in Section 4. Finally, Section
5 concludes the paper.

II. RELATED WORKS

A. Manifold-based approaches for Human action recogni-
tion

To explore the realm of action recognition, numerous
research endeavors focus on methodologies that leverage
skeletal data acquired through depth-sensing cameras. These
studies often delve into the intricacies of non-Euclidean
spaces, such as the utilization of elastic functional coding
for the analysis of Riemannian trajectories [1]. Certain
methodologies center their attention on Lie group techniques,
exemplified by the deep learning neural network developed
by Huang et al. in their work on skeleton-based action
recognition [5]. This innovative approach hinges on the
succession of a novel RotMap layer and RotPooling block.
The RotMap layer adeptly transforms the initial rotation
matrices, while the ensuing RotPooling layer meticulously
temporally and spatially aggregates the resultant rotation
matrices. The entire network culminates in a LogMap Layer,
thereby completing this comprehensive framework. In the
same field, Vemulapalli et al. proposed in [21] a neural

network. It starts with a Skeletal representation using 3D
rotations between the body joints. Then comes the warping
layer to compute the nominal curves and warp all the curves
to it. Along these nominal curves, a RollingMap layer are
applied on the Lie group over its lie algebra and the ac-
tions are unwrapped onto this lie algebra. These unwrapped
actions are finally transformed into feature vectors and are
classified using the linear Support Vector Machine (SVM)
classifier.

Different investigations have directed their attention to-
ward Grassmann manifolds, exemplified by the introduction
of a novel Grassmann network architecture as proposed
in [6]. This innovative network structure comprises three
significant components: the Projection block, the Pooling
block, and the output block. The Projection block serves
the purpose of transforming the orthonormal input matrices,
while the Pooling block is meticulously designed to map
these orthonormal matrices and subsequently apply mean
pooling operations. The resultant outputs are then vectorized
and subjected to classification within the output block.

In a related research domain, Vemulapalli et al. introduced
a neural network framework in their study documented in
[21]. Their methodology starts with the utilization of a
skeletal representation that effectively captures 3D rotations
occurring among the body joints. Following this initial step,
they employ a warping layer to calculate nominal curves
and align all these curves with a reference curve. Along the
trajectory of these nominal curves, a specialized RollingMap
layer operates on the Lie group, working within the confines
of its Lie algebra to unwrap the actions onto this mathe-
matical framework. Subsequently, these unwrapped actions
undergo transformation into feature vectors, ultimately cul-
minating in their classification using a linear SVM classifier.
Nguyen et al. [10] proposes a network architecture to learn an
SPD matrix representing a hand gesture. It consists of three
main stages. The first stage is based on a convolutional layer.
The second stage relies on different architectures for spatial
and temporal Gaussian aggregation of joint features. The
third stage learns a final SPD matrix from skeletal data Rui
Wang et al.[22] propose DreamNet, which uses SPDNet as
the backbone and builds a stacked Riemannian autoencoder
(SRAE) on the tail. The associated reconstruction error term
can make the embedding functions of both SRAE and of
each RAE an approximate identity mapping, which helps to
prevent the degradation of statistical information.

B. Vision transformer for action recognition

Mazzia et al.[9] propose the Action Transformer (AcT),
a novel architecture for human action recognition. AcT
is a fully self-attentional model that consistently outper-
forms more complex networks combining convolutional,
recurrent, and attention layers. The approach leverages 2D
pose representations over small temporal windows, provid-
ing a low-latency solution for accurate real-time perfor-
mance. The model was evaluated on the newly introduced
MPOSE2021 dataset, demonstrating its effectiveness and
laying the groundwork for future research in human action
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recognition. Shi et al.[15] introduces a model for skeleton-
based human action recognition, employing sparse attention
along the spatial dimension and segmented linear attention
across the temporal aspect of data. Additionally, our model is
adept at handling video clips of varying lengths aggregated
into a single batch. Qiu et al.[13] proposes a novel method
called STTFormer (Spatio-Temporal Tuples Transformer) to
enhance the modeling of joint correlations. The problem lies
in existing Transformer-based methods, which struggle to
effectively capture the correlation of different joints across
frames. To address this, the STTFormer divides the skeleton
sequence into parts, each containing consecutive frames. It
introduces a spatio-temporal tuples self-attention module to
capture relationships between joints in consecutive frames.
Additionally, a feature aggregation component improves the
ability to distinguish similar actions by considering non-
adjacent frames. Yang et al.[24] propose a method called
RViT. It leverages spatial-temporal representation learning
and incorporates an attention gate to connect the current
frame input with the previous hidden state, allowing it
to aggregate global inter-frame features over time. RViT
processes videos recurrently, considering both spatial and
temporal features due to its attention gate and recurrent
execution.

III. THE PROPOSED APPROACH

In this section, we introduce our network model, known
as Temporal-spatial SPDAGG-TransNet. Initially, we provide
an outline of our methodology. Then, we elucidate our
proposed network designed to build an SPD representation
of the skeletal sequence. Lastly, we detail the classification
procedure.

A. Overview

Our model, depicted in Figure 2, aims to improve the
performance of an SPD network designed for body action
recognition using skeletal data through integration with a
transformer. An essential preprocessing step involves stan-
dardizing the number of frames for all actions to a uniform
value, denoted as N frames, achieved via interpolation.
Subsequently, the resulting arrays undergo normalization to
streamline computational processes, priming the data for
processing.

The proposed architecture comprises two primary mod-
ules: a Temporal-spatial SPDAGG network, responsible for
representing segments extracted from the entire sequence,
each encapsulating an executed action, as a sequence of
SPD matrices. After transitioning these matrices into Eu-
clidean space and vectorizing them, we employ a transformer
to enable the model to discern varying levels of signifi-
cance among different segments, leveraging the self-attention
mechanism.

B. Temporal-spatial SPDAGG network

Our proposed network is structured around three core ele-
ments. The initial component, dubbed the CONV component,
integrates convolution layers aimed at rectifying capturing
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Fig. 2. Overview of the proposed SPDAGG-TransNet network. Given the
joints coordinates, the data is processing by two consecutive subnetworks:
a temporal-spatial SPDAGG network and a transformer model.

inaccuracies and strengthening correlations among various
body parts. Following this, the Temporal-spatial SPDAGG
Aggregation component partitions the sequence into a series
of SPD matrices and consolidates them based on specified
criteria, ultimately synthesizing the entire sequence into a
unified SPD matrix representation. Lastly, the Projection
component transforms this SPD matrix into Euclidean space
and employs fully-connected layers to learn the best vectors
representation.

1) Convolution component: Utilizing 3D joints extracted
from RGB images captured by UAVs and identified via real-
time Pose estimation algorithms such as OpenPose [3], we
employ manifold techniques in data engineering to reduce
dimensionality. However, these data may be prone to sig-
nificant capturing inaccuracies due to factors like camera
precision, tracking algorithm performance, and UAV navi-
gation conditions (e.g., angle deviation, weather). To tackle
this challenge, we propose the integration of a convolution
component to compensate for these errors and amplify cor-
relations among body joints.

The input data, represented as X € , where N
denotes the sequence count, P indicates the number of body
parts, Jp signifies the joints per body part, and coor denotes
the 2D or 3D joint coordinates (depending on the output of
the tracking algorithm). We partition the body skeleton into
P parts, as depicted, and apply a (1 x 1) convolution layer
devoid of bias to rectify errors. Subsequently, we employ a
2D convolution layer with a (3 x 3) kernel size and f filters
to amplify correlations among the body joints. (refer to the
first block of the SPDAGG module in Fig 2)

]RN><P><JP><coor
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The resulting output Y is computed as
Y = Convyp 3x3(convip 1x1(X)); (D

Where ¥ € RN*PxJpxf

2) Temporal-spatial SPDAGG Aggregation component:
The primary aim of this component is to acquire spatial and
temporal insights into the positions of body joints within
each segment of the sequence, while considering joint parti-
tioning. This process yields an SPD matrix that encapsulates
both first-order and second-order information regarding the
mean and covariance of spatial distribution across frames.
To achieve this, we propose employing the segmentation
method introduced by [10]. We segment the sequence X,
derived from the Convolution component, into six distinct
sub-sequences (X;)s—1.¢. Specifically, Xy encompasses all N
frames of Y. Each of X; and X, corresponds to one of the
halves of all sequences within Y. Similarly, X3, X4, and X5
each account for one-third of all sequences present in Y.
Subsequently, we further divide each subsequence into NS
segments, where each segment within the same subsequence
contains an equal number of frames denoted as nb[s]. We
obtain: X; € ]RNanb[s]xPxJpr

As illustrated in Fig 3, our proposal incorporates a mod-
ified Gauss aggregation layer that integrates both first-order
and second-order information across frames. This approach
aims to locally extract temporal features and reduce the
frame count, which is particularly beneficial considering the
resource limitations of UAVs.
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Local temporal
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Fig. 3. Temporal-spatial SPDAGG Aggregation Module architecture. We
build with Gauss aggregation block the first set of SPD matrices with respect
to local segments. Then we apply a series of SPDAGG block alternating
between spatial analysis and temporal analysis to end up with a final single
SPD representation

First, we compute the mean p and covariance X based
on the number of frames along each subsequence axis, as

follows:
nbls|

1 [
s = 117 Xv. i,p,j 2
,LL DT nb[s] Izzl NN ( )
1 nb|s] ,
Xsipj= m Z (Xs,t,i,p,j - l-h,t,mj)(XY,t,i,p,j - IJs,t,p,j)

i=1

3)

In situations where high-dimensional data is involved,
inaccuracies in estimation can greatly diminish classification
performance by making the logarithm operator unstable and
ill-conditioned. As a result, distance calculations become
exceptionally sensitive to noise. To tackle this challenge,
shrinkage emerges as a commonly employed technique to

alleviate bias in estimation. Covariance matrices are often
substituted with a modified version, denoted as:

trace(Xg; p ;)

$eini=(1
s = nbls]

—l)zs,[Ap’j‘i'ar X (4)

Where A represents the shrinkage parameter and I is the
identity matrix.

To explore the balance between the effects of the mean
and the covariance, we introduce a parameter 3 € [0,1]. The
modified Gauss Aggregation layer is formulated as follows:

BE+(1-B)uu” /1-Bu
Y(svt’f): 5)
V1-pu’ 1

Noting that ¥ € R6><P><NS><J><(f+1)><(f+l)

Following this, we introduce the ReFig layer similar to
the role of ReL.U layers in traditional Convolutional Neural
Networks. It rectifies the resulting SPD matrices with a non-
linear function as below:

Y =U max(el,S) UT (6)

where X = USV is the eigen-decomposition, I is the identity
tensor (the same size as S) and € is a rectification threshold.

We proceed with a localized spatial analysis at the joint
level within each body part employing the SPD aggrega-
tion layer. For this purpose, we establish a set of weights
W e IROXPXNSxIxdowi < (f+1)  ensuring their residence on a
compact Stiefel manifold. The aggregation process unfolds
as follows:

Yoip= Z WS-LP-,]'XSLPJ‘/Vs,Tt,p,j (N
Je[1.J]

After the SPD aggregation layer, we integrate a ReEig
layer. Then, we apply the block SPD Aggregation layer
(dour2 % dyyr1) followed by another ReFEig layer on the NS
subsequences to perform a comprehensive global temporal
analysis of the sequences. Subsequently, we proceed to uti-
lize the block SPD Aggregation layer (dyy:3 X dour2) followed
by a ReEig layer on the P body parts to execute a holistic
global spatial analysis of the sequences.

3) Projection component: Upon the conclusion of the nec-
essary spatial and temporal analyses, we utilize the resulting
s SPD matrices to investigate their vector representation. To
achieve this, we map them into Euclidean space by using the
LogEig layer.

Y =U log(S) UT )]

where X = USV is the eigen-decomposition of X. Then we
vectorize it and apply series of Fully-Connected (FC) layers
and a SoftMax layer. Let X € IR®*%mocel be the set of the final
vectors.
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C. Transformer module

The Transformer model [20] is a pivotal architecture in
natural language processing and sequence modeling. It is
is made of N, layers with alternating H multi-head self-
attention and feed-forward layers. each layer is accompanied
by a normalization layer and residual connections to facilitate
stable training(see Fig. 4).

P

Add & Norm -~

f

Feed Forward

Add & Norm -~

!

Multi-Head
Self-Attention

Input Tokens

Fig. 4. Transformer encoder layer architecture. Input tokens go through N
encoder layers and H self-attention heads.

In the realm of multi-head self-attention, the model be-
gins by processing an input sequence of embeddings X €
[R5 > dmodel outputs of the SPDAGG module. The attention
scores between queries and keys are then determined using
the scaled dot-product mechanism : Through learned projec-
tion matrices Wy, Wi, Wy € Rmodet %k queries Q, keys K,
and values V are computed as follows: Q = XWy, K = XWg
and V = XWy. The attention score (SA) between each query
and key is computed as:

oK”
Vg
dy. is the dimension of the projected queries, keys, and values.
We perform this SA operation for all the H heads of the i
layer of the encoder. This process is executed across multiple
attention heads, with the results concatenated and linearly
transformed as follows:

SAx(Q,K,V) = SoftMax( )14 9

Y = [SA;(X),SA2(X)..SAx (X)W, (10)

where SA;(X) = SAx(Q;,K;,V;) and Wy € RMixdmodel is the
output projection matrix.

Moving to the feed-forward neural network stage, the
output from the multi-head self-attention undergoes further
processing. This involves passing the activations through
position-wise feed-forward layers, each comprising two lin-
ear transformations followed by a rectified linear unit (ReL.U)
activation function. This mechanism enables the model to

capture intricate relationships and features within the input
sequence.

Then, we apply a normalization layer and residual connec-
tions to ensure stable training and efficient information flow.
These components are integrated after each sub-layer, where
layer normalization normalizes the output of each sub-layer
and residual connections facilitate the smooth propagation of
gradients during training.

Finally, we employ a Multilayer Perceptron (MLP) to
perform the classification task, discerning and categorizing
the actions executed within these sequences based on the
learned representations.

IV. EXPERIMENTS AND RESULTS

We intend to showcase the model’s performance using the
UAV-Human dataset and UAV-Gesture dataset. The skeletal
data information is provided on UAV-Human dataset. We
apply OpenPose [3] to track joints of UAV-Gesture dataset.
We extensively provide details on the experimental settings
and results obtained for each dataset. We also compare
the state-of-the-art methods to our approach. Our model is
implemented in python 3.9.7 environment.

A. Datasets

1) UAV-Human dataset:: constitutes an impressive com-
pilation of 67,428 multi-modal video sequences involving
the participation of 119 individuals. Its expansive nature
renders it suitable for a diverse array of tasks, spanning action
recognition, pose estimation, person re-identification, and
attribute recognition. Meticulously gathered over the course
of three months using UAV deployment, the dataset encom-
passes various urban and rural environments, captured both
day and night. This comprehensive collection encapsulates
a wide range of diversities, including subjects, backgrounds,
lighting conditions, weather variations, occlusions, camera
movements, and UAV flying orientations. Consequently, it
serves as a robust resource catering to the burgeoning field
of UAV-based human behavior understanding, offering in-
valuable insights for numerous applications. In our specific
scenario, we focus on utilizing skeletal coordinates from the
dataset, comprising a substantial collection of 23,031 skeletal
sequences, with 72% allocated for training purposes. This
dataset encompasses a total of 155 distinct action classes,
with 122 performed independently by individuals and the
remaining 33 involving actions executed with the assistance
of auxiliary elements. Figure 5 provides a general overview
of the various types of data available within this dataset.

2) UAV-Gesture dataset: [11]: The dataset is tailored for
UAV control and gesture recognition purposes, serving as
a valuable resource for analyzing and understanding com-
mands directed towards unmanned aerial vehicles (UAVs).
It comprises outdoor recorded video clips capturing UAV
commanding signals, encompassing a set of 13 gestures
conducive to basic UAV navigation and control. With a focus
on general aircraft handling and helicopter handling signals,
the dataset contains 119 high-definition video clips, spanning
a total of 37,151 frames.
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Shaking Hands

Applauding

Taking off glasses

 Littering Talking on a phone Walking together Stealing

Fig. 5. Examples of action videos and different data representations in
UAV-Human dataset.

These gestures, carefully selected from the realm of
general aircraft handling and helicopter handling signals,
are annotated with body joint data and corresponding ges-
ture classes. This comprehensive annotation enhances the
dataset’s versatility, extending its utility across a broad
spectrum of research areas, including gesture recognition,
action recognition, human pose recognition, and situation
awareness. (Refer to Fig. 6 for an illustration.)

All clear Have command Hover

Land Landing direction

Move downward Move to left Move to right

Slow down

Move upward Not clear

Fig. 6. Instances of gestures captured in both RGB and skeletal represen-
tations within the UAV-Gesture dataset..

B. Experimental settings

Many experiments were carried out in order to find the
most convenient settings for this experiment. Due to space
limitations, we will content ourselves with transcribing the
settings values in the Tablel. N.B: we applied 3 FC layers

with size (M x dcl), (dcl x dc2) and (dc2 x dc3) where M =
20100.

For the transformer module, we set the number of attention
head H = 3 and the number of transformer blocks N, = 6.

Parameter Description Value
N Interpolation frames 500
f output channels of CONV layer 9
s Number of sub-sequences 6
NS Number of segments in each subsequence 15
€ Threshold of the ReEig layer 104

dour1 Output size of the 1" SPDAGG layer 50
dour2 Output size of the 2"d SPDAGG layer 100
dours Output size of the 3" 4 SPDAGG layer 150
dourd Output size of the 47 SPDAGG layer 200
dey Output size of the 1 FC layer 10000
de Output size of the 2" FC layer 5000
de Output size of the 3™ FC layer 500
H Number of attention heads 3
N Number of Transformer layers 6
TABLE I

MODEL DEFAULT SETTINGS

To validate the efficacy of combining the Temporal-spatial
SPDAGG network and transformer blocks, we present the
performance obtained individually by each network and then
by their combined architecture. This approach allows us to
assess the effectiveness of each component separately as well
as their synergistic performance when integrated together.

C. Comparison of the state-of-the-art methods on:

1) UAV-Human dataset: We conducted experiments to
evaluate the effectiveness of our SPDAGG-TransNet model
on the UAV-Human skeleton database and compared its
performance with other existing models, as outlined in Table
II. The results indicate that our Temporal-spatial SPDAGG
network demonstrates superior efficiency across several key
metrics compared to alternative networks. Notably, this
network showcases remarkable proficiency in feature ex-
traction, effectively capturing both first-order and second-
order information. Additionally, its Gauss aggregation layers
exhibit efficiency in spatial and temporal data aggregation.
When considering UAV-human action recognition, these
combined strengths render our Temporal-spatial SPDAGG
neural network a highly effective choice in comparison to
other models. The convolution component of the Temporal-
spatial SPDAGG neural network is well-suited for handling
noisy and distorted data to its intrinsic ability to model
essential patterns and reduces random variations. Meanwhile,
the transformer layers are leveraged for their capacity to
manage variations in perspective and occlusions by capturing
long-range dependencies and maintaining global contextual
information across frames. While the transformer model
alone did not surpass the state-of-the-art method, integrating
it with the SPDAGG network led to an improvement in
accuracy. Consequently, the combined model emerges as a
superior neural network solution, yielding enhanced perfor-
mance in terms of accuracy.
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Method Accuracy(%)
DGNNJ16] 29.9
ST-GCN[23] 30.25
2S-AGCN[17] 34.84
HARD-Net[7] 36.97
Shift-GCN[4] 37.98
Dream-Net [22] 46.28

Transformer [20] 42.1
SPDAGG (ours) 51.24
SPDAGG-TransNet(ours) 54,41
TABLE 11
PERFORMANCE COMPARISON WITH THE STATE-OF-THE-ART METHODS
ON UAV-HUMAN DATASET

2) UAV-Gesture dataset: The performance of our model
on the UAV-Human skeleton database, compared to alter-
native models, is detailed in Table III. Our Temporal-spatial
SPDAGG neural network demonstrates superior effectiveness
across critical parameters. Notably, it excels in feature ex-
traction by capturing both first-order and second-order infor-
mation adeptly. Additionally, its Gauss aggregation layers
proficiently handle spatial and temporal data aggregation.
These combined strengths establish our Temporal-spatial
SPDAGG neural network as a highly efficient choice for
UAV-Gesture action recognition. Adding a transformer above
leads to an enhanced performance. In addition, the results
revealed that none of both Transfomer and SPDAGG network
provides the best performance on this dataset. This motivates
the need for their combination, resulting in our proposed
SPDAGG-TransNet.

Method Accuracy(%)
P-GNN[11] 91.9
PSD (Fitting, alignment)[19] 92.44
Transformer [20] 81.87
SPDAGG (ours) 91.24
SPDAGG-TransNet(ours) 93,41

TABLE III
PERFORMANCE COMPARISON WITH THE STATE-OF-THE-ART METHODS
ON UAV-GESTURE DATASET

V. CONCLUSION

In summary, our research endeavors in the field of UAV-
human action recognition have yielded significant advance-
ments and valuable insights. Understanding human behavior
from the perspective of unmanned aerial vehicles (UAVs)
poses a compelling challenge due to the dynamic and
multifaceted nature of real-world scenarios. Through the
development and application of our innovative SPDAGG-
TransNet network, we have demonstrated effective strategies
to address these challenges.

Our study underscores the critical role of skeletal-based
representations in enhancing the robustness of UAV-human
action recognition systems. By delving into the spatial and
temporal dimensions of human actions, we have leveraged
SPD matrices to establish a robust foundation for accu-
rate and efficient action classification. The results from
our evaluations, particularly on the UAV-Human and UAV-
Gesture datasets, unequivocally establish the state-of-the-art

performance of our method, highlighting its potential for
practical applications in real-world settings.

As we continue to push the boundaries of UAV-based
human behavior analysis, we intend to expand our research
into enhancing the performance of tracking joints and 3D
human body reconstruction from RGB sequences captured
with the help of UAV, promising exciting prospects for future
advancements in the field.
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