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Saliency-aware Spatio-temporal Modeling for
Action Recognition on Unmanned Aerial Vehicles

Xiaoxiao Sheng , Zhiqiang Shen , and Gang Xiao

Abstract—Action recognition on unmanned aerial vehicles
(UAVs) must cope with complex backgrounds and focus on
small targets. Existing methods usually use additional detectors
to extract objects in each frame, and use the object sequence
within boxes as the network input. However, for training, they
rely on additional detection annotations, and for inference, the
multi-stage paradigm increases the burden of deployment on
UAV terminals. Therefore, we propose a saliency-aware spatio-
temporal network (SaStNet) for UAV-based action recognition in
an end-to-end manner. Specifically, the short-term and long-term
motion information are captured progressively. For short-term
modeling, a saliency-guided enhancement module is designed
to learn attention scores for weighting the original features
aggregated within neighboring frames. For long-term modeling,
informative regions are first adaptively concentrated using a
saliency-guided aggregation module. Then, a spatio-temporal
decoupling attention mechanism is designed to focus on spatially
salient regions and capture temporal relationships within all
frames. Integrating these modules into classical backbones
encourages the network to focus on moving targets, reducing
interference from background noises. Extensive experiments and
ablation studies are conducted on UAV-Human, Drone action,
and something-something datasets. Compared to state-of-the-art
methods, SaStNet achieves a 5.7% accuracy improvement on
the UAV-Human dataset using 8-frame inputs.

Link to graphical and video abstracts, and to code:
https://latamt.ieeer9.org/index.php/transactions/article/view/9102

Index Terms—Deep learning, action recognition, attention
mechanism, unmanned aerial vehicles.

I. INTRODUCTION

Unmanned aerial vehicles (UAVs) equipped with cameras
have demonstrated great potential in various tasks, lever-

aging the advantages of low-altitude flights. Recently, UAV-
based action recognition has been applied in security, res-
cue, agriculture, and traffic management to enhance decision-
making capabilities. Unlike fixed indoor cameras, varying
altitudes and perspectives of UAVs result in videos with
complex and dynamic backgrounds. Moreover, the objects
in UAV videos are small in proportion and may even be
imperceptible, as shown in Fig. 1.

The objective of action recognition is to classify the input
video into its respective action category, and it is essential
to model the appearance and motion information of the
entire video. The methods for universal action recognition
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Fig. 1. Compared to regular action recognition samples, the fore-
ground objects in UAV videos occupy a small proportion, and the
background is complex and dynamic. These are the challenges of
UAV action recognition.

usually apply dual-stream architectures and 3D convolutions.
The dual-stream networks [1]–[3] utilize inputs with different
frame rates to model appearance and motion information
respectively. 3D convolution networks [4]–[6] learn spatio-
temporal representations jointly using one backbone. Besides,
lightweight backbones [7]–[9] are designed to understand
videos in a cascading or spatio-temporal decoupling manner.
However, these typical methods often overlook the saliency of
moving objects in complex environments and are susceptible
to background noise, which are unignorable challenges for
action recognition on UAVs.

To alleviate this issue, additional trained detectors are
utilized to crop target objects in UAV videos. For example,
MITFAS [10] first detects the object box and uses mutual
information criterion to crop foreground sequences for ac-
tion recognition. Drone-HAT [11] designs a drone system to
detect, track, and classify the actions of object sequences
separated from complex backgrounds. In addition, saliency
detection is also introduced to action recognition to highlight
the foreground areas in each frame. For example, Assefa et
al. [12] proposed a pre-trained method to obtain salient
regions by background patching; then, the pre-trained model
is fine-tuned on action recognition. These methods enable
networks effectively focus on the regions of interest, thereby
achieving higher accuracy. However, additional preprocessing
is required. Besides, Kong et al. [13] integrated the saliency
detection task into the recognition network, creating a multi-
task framework. By using saliency ground truth for supervi-
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Fig. 2. To mitigate the impact of complex backgrounds, existing methods usually introduce additional trained objects or saliency detectors
(a-c). This increases the cost of training or inference. Unlike these methods, we design a saliency-aware spatio-temporal modeling network
for action recognition, which is end-to-end and does not require additional annotations (d).

sion, useful foreground information can be highlighted, further
improving action recognition during training. However, addi-
tional annotations is required. Therefore, we design a saliency-
aware paradigm to adaptively improve spatio-temporal model-
ing with end-to-end training. In Fig. 2, the differences between
the paradigms for UAV action recognition are shown.

In this paper, we propose a Saliency-aware Spatio-temporal
Network, termed SaStNet. Saliency-guided modules are de-
veloped to enhance short-term modeling and facilitate long-
term spatio-temporal attention. Specifically, uniform sampling
is first applied to the video, and the neighboring frames around
each sampled frame form a segment. Then, short-term motion
information is extracted by analyzing temporal differences
within each segment. The saliency-guided enhancement mod-
ule is designed to activate informative motions and capture
prominent appearance features of the sampled center frames.
Next, long-term spatio-temporal information is extracted from
all sampled frames. An adaptive aggregation module is de-
signed to condense key information from multi-level feature
maps. Decoupled spatial and temporal attention mechanisms
are then applied to the condensed features to focus on salient
motion areas and model global temporal relationships. By em-
bedding these modules into classical backbones, comprehen-
sive spatio-temporal representations can be effectively learned
for action recognition. Extensive experiments and ablation
studies are conducted on UAV-Human [6] and Drone action
[2] dataset for UAV action recognition. In addition, we also
utilize universal action recognition benchmarks to demonstrate
the effectiveness of our SaStNet. The main contributions of
this paper are as follows:

• We propose a saliency-aware spatio-temporal modeling
network for UAV action recognition. Our designed mod-
ules can seamlessly integrate with classic backbones in a
plug-and-play manner.

• A saliency-guided short-term module is proposed to
activate key motion information and capture prominent
appearance features.

• A long-term module is developed to learn global infor-
mation through spatio-temporal decoupled attention with
adaptively aggregated multi-level feature maps.

• Our method achieves state-of-the-art results compared
to other advanced works on UAV and universal action
recognition datasets. We also perform ablation studies to
show the effectiveness of the proposed method.

The rest of this paper is organized as follows. Section II
introduces the framework of our proposed method. In Section
III, we present the performance comparison, ablation studies,
and visualizations. Finally, Section IV concludes the paper.

II. METHOD

A. Overview

This section provides an overview of our proposed SaStNet,
and its framework is shown in Fig. 3. First, uniform sampling
is utilized to obtain a video with T frames. Using these
sampled frames as centers, their neighboring frames are ex-
tracted to form T short segments. Within each segment, short-
term modeling with saliency-guided enhancement modules
is conducted on appearance and motion features to improve
the spatio-temporal representation. For long-term modeling, a
saliency-guided aggregation module is designed to adaptively
aggregate key information from the feature maps. The spatial
feature is further enhanced by applying attention mechanisms
between the condensed keys and the original feature queries.
Then, temporal attention is used to learn long-term relation-
ships within the entire video.

Our designed modules can seamlessly integrate with exist-
ing networks. In this paper, we adopt the classic ResNet [14] as
the backbone to universally evaluate our method. The Conv1
and Stage 2 of ResNet are used for short-term modeling, and
the Stages 3-5 are utilized for long-term modeling.

B. Saliency-guided Short-term Enhancement Module

To capture short-term motion information, existing meth-
ods usually utilize inputs or low-level features for elaborate
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Fig. 3. The framework of SaStNet. Uniform sampling is first used to obtain multiple frames, and their neighboring frames are extracted
to form short segments. The saliency-guided short-term enhancement module (SSEM) is designed to learn the spatio-temporal information
within the segment. Then, the saliency-guided long-term enhancement module (SLEM) is proposed to learn global information across all
sampled frames. Finally, the learned comprehensive representations are utilized for classification. The SSEM is used for Conv1 and Stage
2, and the SLEM is inserted into Stages 3-5 of the backbone.

modular design. Although these methods achieve good perfor-
mance, they do not fully leverage learnable saliency guidance.
Besides, while existing works use temporal differences to
capture motion information, they also introduce dynamic back-
ground interference caused by flying UAVs. To alleviate this,
we design a saliency-guided short-term enhancement module
(SSEM) to focus on salient foreground regions and motions.
The network of our SSEM is shown in Fig. 4.

Specifically, the uniformly sampled frames are regarded
as appearance branch inputs and denoted as X ∈
RN×T×3×H×W , where N is the batchsize, T is the number
of frames, H is height, and W is the width of each frame.
In addition, the inputs of the motion branch are short seg-
ments, denoted as S ∈ RN×5T×3×H×W , where each segment
contains 5 frames surrounding the sampled frame. Temporal
differences within each segment are calculated to capture
short-term motions of adjacent frames as follows:

∆Ti = STi+1 − STi , Ti = 0, 1, . . . , 4, (1)

where ∆Ti ∈ RN×3×H×W is the temporal difference between
Ti+1-th and Ti-th frames. Then, the temporal differences are
stacked and processed by a motion branch as follows:

∆T avg = Conv1(Avgpool(Concat([∆T0, . . . ,∆T4]))),
(2)

where the average pooling is performed to filter the back-
ground noise. Following ResNet [14], the Conv1 contains the
Convolution, BatchNorm, and ReLu. Meanwhile, the spatial
appearance features of each sampled center frame are extracted
as follows:

F = Conv1(X). (3)

As the appearance and motion branch focus on different
information, the saliency scores are respectively extracted for
F and ∆T avg as follows:

F̂ = Mapping(F ), (4)

∆T̂ avg = Mapping(∆T avg), (5)

where the Mapping is a lightweight multilayer perceptron
(MLP) followed by a Sigmoid function to obtain the saliency
scores, and its framework is shown in Fig. 4.

The comprehensive spatio-temporal representation F̃ ∈
RN×T×C×H×W is obtained through saliency weighted fusion
between F̂ and ∆T̂ avg as follows:

F̃ = F̂ × F +∆T̂ avg ×∆T avg. (6)

The same enhancement is conducted in Stage 2. The motion
branch is merged into the spatial appearance branch during
short-term modeling.

C. Saliency-guided Long-term Enhancement Module

The saliency-guided aggregation module first extracts key
tokens from spatio-temporal feature maps. Then, decoupled
spatial and temporal attention mechanisms are employed to
emphasize salient features and capture temporal relationships.
The network of SLEM is illustrated in Fig. 5.

1) Saliency-guided Aggregation: Besides focusing on
salient foreground objects during the short-term stage, it is
also crucial to attend to informative features during long-
term stages. To achieve this with acceptable computational
complexity, the saliency-guided aggregation module is used
to extract sparse primary tokens. First, the sine and cosine
positional encoding [15] is added to the feature map F̃ to
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Fig. 4. The network of Saliency-guided Short-term Enhancement
Module (SSEM). The mapping network is used to obtain saliency
score maps. The learned appearance and motion saliency are applied
to the original spatial features and the temporal differences, respec-
tively.

provide positional cues. Then, the Mapping module is applied
to F̃ to obtain saliency weights W ∈ RN×T×G×H×W , where
G is the number of aggregated tokens. Next, these weights are
operated on spatio-temporal feature maps as follows:

F s = F̃ r ×W , (7)

where F̃ r ∈ RN×T×1×H×W×C is the reshaped map, F s ∈
RN×T×G×C is the tokens aggregated after summation along
H and W dimensions, and G is much smaller than H ×W .

2) Spatio-temporal Decoupling Attention: The decoupled
spatio-temporal attention mechanism is implemented to ef-
fectively focus on significant spatial regions at the feature
level and model long-term temporal information across entire
videos. For the spatial attention, the pooled feature maps are
used as queries, while the aggregated tokens F s serve as keys
and values. This not only concentrates on salient features but
also reduces computational complexity due to our saliency-
guided aggregation module.

Specifically, three linear layers are employed to generate the
query, key, and value for multi-head attention [15]. Then, the
attention scores computed from the query and key are used to
weight the value, calculated as follows:

Q=Linear(F̃ ), K=Linear(F s), V =Linear(F s), (8)
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Fig. 5. The network of Saliency-guided Long-term Enhancement
Module (SLEM). The saliency scores learned from the mapping
network is used to aggregate prominent spatio-temporal tokens. Then,
spatial attention is employed to focus on these informative features,
and temporal attention is used to model global temporal evolution.
For simplicity, we omit the Norm and Residual operation in attention
mechanism.

O = Softmax(
QTK√

d
)V , (9)

F̃
′
= FFN(O), (10)

where F̃
′

is the updated feature map, d is the feature dimen-
sion of one head, and FFN is the feed forward network [15].
For simplicity, we omit the Norm and Residual operation.

After applying spatial attention, temporal attention is then
employed to model long-term dynamics. To emphasize im-
portant features while avoiding less informative ones, we
use the aggregated F s instead of the original feature maps.
Specifically, F s are pooled to obtain the representation of each
frame, denoted as F t ∈ RN×T×C . The temporal attention is
calculated as follows:

Qt=Linear(F t), Kt=Linear(F t), V t=Linear(F t),
(11)

Ot = Softmax(
QT

t Kt√
d

)V t, (12)

F ′
t = FFN(Ot), (13)
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TABLE I
ACTION RECOGNITION ACCURACY (%) ON UAV-HUMAN

DATASET USING 8 FRAMES

Methods Backbone Frames Inputs Accuracy (%)
I3D [18] ResNet101 8 540×960 21.1
FNet [19] I3D 8 540×960 24.3
FAR [20] I3D 8 540×960 29.2
FAR [20] X3D-M 8 620×620 39.1
DiffFAR [21] X3D-M 8 540×540 41.9
MITFAS [10] X3D-M 8 620×620 46.6
SaStNet (Ours) ResNet50 8 224×224 52.3

where F ′
t represents the features learned from temporal atten-

tions. Finally, the decoupled spatio-temporal attention features
are added and aligned with the original maps F̃ using a
lightweight MLP as follows:

F̃ o = Upsample(MLP (F̃
′
+ F ′

t)) + F̃ , (14)

where F̃ o is the comprehensive spatio-temporal representa-
tions, and MLP is consisted of Convolution, BatchNorm, and
ReLu. By integrating the SLEM into the backbone, our model
can adaptively attend to regions of interest across the video.

The cross-entropy loss Lce is used to optimize the classifi-
cation of actions as follows:

Lce(p̂, p) = −
M∑
i=1

pi log p̂i, (15)

where p is the ground truth, p̂ is the prediction for a video,
and M is the total number of classes.

III. EXPERIMENT

A. Datasets

UAV-Human [6] is currently the largest benchmark dataset
for UAV action recognition. It includes 67,428 videos per-
formed by 119 subjects and covers various urban and rural
scenes. There are 155 categories in the UAV-Human dataset,
which includes daily and interaction activities, such as walking
together closely. We use the same training and test splits as
specified in [6].

The Drone Action dataset [2] is collected using low-altitude
flight UAVs and includes 13 categories, such as walking,
jogging, and running. It contains 240 videos and 66,919
frames. The challenges of this dataset stem from fine-grained
actions and dynamic background. The same training and test
splits are used as specified in [2].

Something-Something [16] is a large-scale action recog-
nition dataset comprising 174 fine-grained classes, such as
opening something or closing something. Following [17], our
method is trained on 86K videos and evaluated on 11K videos.

B. Training Details

All experiments are conducted on 8 NVIDIA 2080Ti GPUs.
The Pytorch and Python versions are 1.7.1 and 3.8.5, respec-
tively. Following the previous works [17], [28], [29], the pre-
trained ResNet50 [14] on ImageNet is used for initialization,
and the same data augmentation strategies are utilized. We
train the model using a batch size of 64 and the optimizer of

TABLE II
ACTION RECOGNITION ACCURACY (%) ON UAV-HUMAN

DATASET USING 16 FRAMES

Methods Backbone Frames Inputs Accuracy (%)
X3D-M [22] - 16 224×224 30.6
MViT [23] - 16 224×224 24.3
FAR [20] X3D-M 16 224×224 31.9
AZTR [24] X3D-M 16 224×224 47.4
MITFAS [10] X3D-M 16 224×224 50.8
MG Sampler [25] - 16 224×224 53.8
PMI Sampler [26] - 16 224×224 55.0
SaStNet (Ours) ResNet50 16 224×224 57.1

TABLE III
ACTION RECOGNITION ACCURACY (%) ON DRONE

ACTION DATASET USING 16 FRAMES

Methods Frames Inputs Accuracy (%)
X3D-M [22] 16 224×224 83.4
FAR [20] 16 224×224 92.7
AP-TransNet [27] 32 224×224 97.2
SaStNet (Ours) 16 224×224 97.5

SGD. The initial learning rate is 0.01. The model is trained
for 60 epochs, with the learning rate decreasing at epochs 30,
45, and 55. The resolution of the videos is 224×224 pixels.
The number of sampled frames is 8 or 16. Following [30], the
number of aggregated key tokens G is set to 8. The Drone
Action dataset needs about 1 hour for training. The training
time for the UAV-Human dataset and Something-Something
dataset are about 0.5 days and 2 days, respectively.

C. Evaluation Metrics

We use accuracy as the evaluation metric for action recogni-
tion. Accuracy measures the proportion of correct predictions
out of all predictions and is calculated as follows:

Accuracy =
TP + TN

TP + FP + TN + FN
, (16)

where TP is the number of correctly identified positive sam-
ples, TN represents the number of correctly identified negative
samples, FP indicates the number of negative samples incor-
rectly classified as positives, and FN is the number of positive
samples incorrectly classified as negatives.

D. Results and Analysis

1) UAV-Human: In Table I, we compare our SaStNet with
other state-of-the-art methods using 8 frames as the input.
FNet [19] and FAR [20] employ 3D convolution-based back-
bones, and their performances are suboptimal. This may be
attributed to the difficulty in optimizing 3D networks during
training. Additionally, X3D-M [22] is a backbone optimized
through the architecture search of ResNet. MITFAS [10]
utilizes X3D-M as the backbone and achieves an accuracy of
46.6%. Our SaStNet uses the classic ResNet50 as the backbone
and obtains an accuracy of 52.3%, marking a 5.7% improve-
ment over MITFAS [10]. This demonstrates the effectiveness
of our saliency-guided spatio-temporal modeling network.

In Table II, the results of the UAV-Human dataset using
16 frames are presented. The recent method MITFAS [10]
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TABLE IV
ACTION RECOGNITION ACCURACY (%) ON

SOMETHING-SOMETHING DATASET USING 8 FRAMES

Methods Backbone Frames Inputs Accuracy (%)
TSM [29] ResNet50 8 224×224 45.6
TEINet [31] ResNet50 8 224×224 47.4
TEA [32] Res2Net50 8 224×224 48.9
SmallBig [33] ResNet50 8+16 224×224 50.4
CT-Net [34] ResNet50 8 224×224 50.1
MDAF [35] ResNet50 8 224×224 49.1
STBiM [36] ResNet50 8 224×224 50.4
SaStNet (Ours) ResNet50 8 224×224 52.4

TABLE V
ACTION RECOGNITION ACCURACY (%) ON

SOMETHING-SOMETHING DATASET USING 16 FRAMES

Methods Backbone Frames Inputs Accuracy (%)
TSM [29] ResNet50 16 224×224 47.2
TEINet [31] ResNet50 16 224×224 49.9
TEA [32] Res2Net50 16 224×224 51.9
CT-Net [34] ResNet50 16 224×224 52.5
SaStNet (Ours) ResNet50 16 224×224 53.5

initially employs a detector to locate foreground objects in
each frame and then utilizes the optimized backbone to pro-
cess the cropped sequence. In contrast, we propose multiple
saliency-guided feature enhancement modules for end-to-end
spatio-temporal modeling. Our SaStNet outperforms MITFAS
[10] by 6.3% in the recognition accuracy. The recent MG
Sampler [25] and PMI Sampler [26] achieve an accuracy of
53.8% and 55.0%, respectively. Our proposed SaStNet using
16 frames as inputs achieves an accuracy of 57.1%. Moreover,
these two methods utilize an additional large dataset for pre-
training [26], while our proposed SaStNet trains the model
from scratch. This demonstrates that our learnable saliency
modules effectively model the dynamics of foreground objects.

2) Drone Action: In Table III, we present the performance
comparison with other advanced methods on the Drone Ac-
tion dataset using 16 frames. The recent methods X3D-M
[22] and FAR [20] achieve accuracies of 83.4% and 92.7%,
respectively. With the same number of frames and input
resolution, our proposed SaStNet achieves an accuracy of
97.5% Additionally, AP-TransNet [27] employs 32 frames
as inputs, and our method also achieves competitive results.
These demonstrate the effectiveness of our saliency-guided
sptio-temporal modeling network.

3) Something-Something: Table IV compares the perfor-
mance of our SaStNet with other methods on Something-
Something dataset. The classic method TSM [29] introduces
temporal shift convolution within the blocks of later ResNet
stages, achieving an accuracy of 45.6%. TEA [31] and CT-Net
[34] design multiple pluggable modules for spatio-temporal
modeling, achieving an accuracy of 48.9% and 50.1%, respec-
tively. The MDAF [35] method captures effective information
with spatial, temporal, and channel attention, achieving an
accuracy of 49.1%. The STBiM [36] method proposes the
adaptive and bidirectional motion difference aggregation mod-
ule for local and global modeling, obtaining an accuracy of
50.4%. The accuracy of our proposed SaStNet is 52.4%, which

TABLE VI
STUDY ON THE SALIENCY ENHANCEMENT IN SSEM

Saliency Module Accuracy (%)
A0 Without saliency 50.7
A1 Spatial saliency 51.4
A2 Temporal saliency 51.1
A3 Spatial and temporal saliency 52.3

TABLE VII
STUDY ON THE ATTENTION MECHANISM IN SLEM

Attention Mechanism Accuracy (%)
B1 Spatial attention without aggregation 51.2
B2 Spatial attention with aggregation 51.7
B3 Temporal attention 51.6
B4 Spatial and temporal attention 52.3

integrates saliency-guided modules and effectively captures the
spatio-temporal evolution of objects.

Table V shows the results on the Something-Something
dataset using 16 frames. Under the same setting, our pro-
posed SaStNet achieves competitive results. Compared to the
advanced methods TEA [31] and CT-Net [34], our SaStNet
achieves improvements in accuracy of 1.6% and 1%, respec-
tively. This demonstrates the effectiveness of the saliency-
guided mechanism in action recognition.

E. Ablation Studies

The ablation studies are conducted on the UAV-Human
dataset using 8 frames.

1) The saliency enhancement in SSEM: In short-term mod-
eling, the spatial and temporal saliency enhancement are
evaluated independently to demonstrate their effectiveness. As
shown in Table VI, without the saliency enhancement module,
the accuracy of action recognition is 50.7%. Introducing spa-
tial and temporal saliency increases performance by 0.7% and
0.4%, respectively. Combining all the saliency enhancement
modules results in the highest accuracy, emphasizing the im-
portance of capturing both appearance and motion information
in short-term modeling.

2) The attention mechanism in SLEM: In Table VII, the
effectiveness of decoupled spatio-temporal attention in long-
term modeling is evaluated. First, introducing the saliency-
guided aggregation improves the accuracy by 0.5% (B1→B2).
This indicates that the selection and aggregation of spatial
features help the model focus on significant foreground infor-
mation. Additionally, using temporal attention alone brings an
accuracy of 51.6%. Finally, experimental results demonstrate
that combining spatial and temporal attention achieves the
highest accuracy. This indicates the importance of exploring
spatial saliency information and modeling global temporal
relationships.

3) The effectiveness of SSEM and SLEM: In Table VIII,
we further study SSEM and SLEM on action recognition.
Following [29], C1 employs only 1D temporal convolution
in the backbone of ResNet50, achieving an accuracy of
46.4%. Introducing the SSEM increases recognition accuracy
by 5.1%. Combining SSEM and SLEM achieves the highest
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(a) Wave hands

(b) Neck-ache

(c) Run

Fig. 6. The visualization of class activation mappings for three examples of the UAV-Human dataset. Our method explicitly focuses on
foreground objects.

TABLE VIII
STUDY ON SSEM AND SLEM ON RESNET50 BACKBONE

SSEM SLEM GFLOPs Accuracy (%)
C1 × × 33 46.4
C2 ✓ × 34 51.5
C3 × ✓ 35 49.7
C4 ✓ ✓ 37 52.3

(a) Wave hands

(b) Run

Fig. 7. The visualization of learned spatial saliency in the SSEM. The
foreground objects in small proportion can be effectively captured.

accuracy with acceptable complexity. This indicates that short-
term modeling within segments and long-term modeling across
the entire video are both essential for action recognition.

F. Visualization
Fig. 6 illustrates the class activation mappings for uniformly

sampled 8 frames. The three examples are sourced from the
UAV-Human dataset, where foreground objects occupy a small
proportion in the complex backgrounds. The visualization
demonstrates our method effectively focuses on these fore-
ground targets.

Furthermore, in Fig. 7, we visualize the learned spatial
saliency in the short-term module. We can see that small
targets can be effectively captured in a learnable manner,
facilitating action recognition. This also demonstrates the
effectiveness of our proposed saliency-guided spatio-temporal
modeling network. Importantly, our method achieves this
without additional bounding box and saliency annotations,
effectively learning object representations within complex
backgrounds.

IV. CONCLUSIONS, LIMITATIONS AND FUTURE WORKS

In this paper, we propose a saliency-guided spatio-temporal
modeling network for UAV action recognition, termed SaSt-

Net. Multiple learnable saliency-guided modules are designed
to capture prominent information during short-term and long-
term modeling. These modules are seamlessly integrated with
classic backbones in a plug-and-play manner. With accept-
able computational cost, our method achieves performance
improvement on three benchmarks. Extensive ablation studies
demonstrate the effectiveness of our method.

Although we achieve state-of-the-art results on the UAV-
Human dataset, the accuracy is still limited due to numer-
ous challenges, such as occlusion, distortion, and viewpoint
variation. In the future, we will continue investigating these
issues and explore more efficient architectures for UAV action
recognition.
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