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Abstract— We propose a novel approach for aerial video
action recognition. Our method is designed for videos captured
using UAVs and can run on edge or mobile devices. We
present a learning-based approach that uses customized auto
zoom to automatically identify the human target and scale it
appropriately. This makes it easier to extract the key features
and reduces the computational overhead. We also present an
efficient temporal reasoning algorithm to capture the action
information along the spatial and temporal domains within
a controllable computational cost. Our approach has been
implemented and evaluated both on the desktop with high-end
GPUs and on the low power Robotics RB5 Platform for robots
and drones. In practice, we achieve 6.1-7.4% improvement
over SOTA in Top-1 accuracy on the RoCoG-v2 dataset, 8.3-
10.4% improvement on the UAV-Human dataset and 3.2%
improvement on the Drone Action dataset.

I. INTRODUCTION

There is considerable interest in capturing aerial videos of
humans using drones and UAVs (unmanned aerial vehicles).
This gives rise to challenging problems related to detection,
tracking, recognition, person re-detection and action recog-
nition on aerial data [1]. In this paper, we mainly deal with
the problem of aerial video recognition and develop solutions
that can also work well on low-power or edge hardware.

Recently, many deep learning methods have been proposed
for video action recognition. Despite the great success of
those methods on ground camera videos, a large drop in
accuracy is observed when directly applying them to videos
captured using UAV cameras. This is due to the domain shift
caused by different viewing angles and camera characteris-
tics. Some of the challenges arise due to:

Small resolution: The target human actors appear signif-
icantly smaller in aerial data due to high camera altitude.
A wider area of the background is covered from the air,
occupying most of the pixels in the video frame, and a small
fraction of pixels correspond to a human action.

Multi-scale: Depending on the flying altitude of the UAYV,
the human actor may appear dramatically different in terms
of size and scale. Such discrepancy makes it hard to extract
features for model training, decreasing the overall accuracy.
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Moving camera: The location of the human actor in the
video may continuously change due to the movement of
the UAV. The motion of the UAV causes more background
changes than human behavior variations. This makes the
model infer more from the background than the human actor,
especially in high-resolution videos.

Furthermore, generic action recognition methods are
mostly designed for desktop or cloud GPUs, which have high
memory or power requirements. They can not be deployed on
mobile or edge devices or UAV platforms with reduced mem-
ory and a lack of support for complex arithmetic operations.
Current recognition methods for mobile platforms [2][3][4]
are designed for ground camera videos and cannot achieve
great performance on aerial data. Therefore, we need better
techniques for aerial video action recognition.

A. Main Contributions

We present a novel deep learning method for video action
recognition. This includes a new auto zoom algorithm that
efficiently identifies the target and scales the target region
to a size that fits in the memory of a given device or pro-
cessor. Our auto zoom algorithm uses an efficient technique
for small resolution, multiple scales and moving cameras.
Additionally, from the long-range space-time relation aspect,
we introduce a temporal reasoning algorithm to capture
the action information. The novel components of our work
include:

1) We design an auto zoom algorithm for aerial video
action recognition models. It can efficiently apply
autofocus, cropping and scaling strategy to obtain the
key action information from the human actor. The
focused view changes every frame according to the
position of the human actor, which compromises the
UAV’s motion so that the human actor always appears
in the center of the video. This brings less background
noise and extracts more useful features for the human
behavior analysis, making the model more robust.

2) We present a temporal reasoning algorithm, which uses
a combination of convolution and attention mechanism
to achieve better accuracy. We perform 3D convolu-
tions on high-end desktop GPUs and (2D+1) convo-
lutions on low-power edge devices or UAV platforms
to balance between accuracy and inference speed. The
attention algorithm is composed of cross-attention and
self-attention that provides both spatial and temporal
representations, which has linear computational com-
plexity. Overall, our formulation can acquire long-
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Fig. 1: Our learning pipeline consists of the auto zoom learning algorithm and the temporal reasoning algorithm. For auto zoom learning,
we offer different bounding box(bbox) and feature operations. Refer to Section III for details. For the temporal reasoning algorithm,
we perform (2D+1) conv on edge devices, 3D conv on desktop GPUs, and self-attention (Atten) mechanism on both edge devices and
desktop GPUs. Attention layers on desktop GPUs are deeper and wider.

range spatial-temporal relationships, obtains better un-

derstandings of the actions across the video.
Our learning method can be adapted to high-end GPUs as
well as low-power edge devices. We implement and evaluate
our approach on the edge device Qualcomm Robotics RB5
Platform (Kryo 585 CPU and Adreno 650 GPU) and desktop
GPUs (Nvidia RTX A5000 GPUs). We have evaluated the
results and observe 6.1-7.4% improvement over SOTA in
Top-1 accuracy on the RoCoG-v2 dataset, 8.3-10.4% im-
provement on the UAV-Human dataset, 3.2% improvement
on the Drone Action dataset. Our method can achieve 40.2%
accuracy with an inference time of 56.5 ms on the RB5 CPU,
which outperforms the SOTA MoViNets in terms of accuracy
and speed.

II. RELATED WORKS
A. Learning-based Methods for Aerial Video Recognition

The recent developments in deep learning methods have
resulted in improved performance of action recognition on
ground-camera video datasets[5], [6], [7], [8], [9], [10], [11].
However, their accuracy is not good for aerial videos[1].
[12], [13], [14], [15] use ResNet and InceptionNet to per-
form single-frame classification and fuse all the outputs for
recognition. [16], [17], [18] exploit two-stream CNNs to
utilize attributes from appearance and motion. 3D CNNs
are also widely used for aerial action recognition. [19], [4],
[20], [15], [21] adopt I3D[22] to extract spatial-temporal
features for more accurate recognition. [23] improves the
Inception-ResNet model with 3D convolutions to make the
model more suitable for aerial video processing. Other
techniques use transformer-based solutions. [24] combines
Fourier transform with an attention mechanism for better
feature extraction. Our method can be used as an complement
to those methods, increasing the overall accuracy on aerial
action recognition.

B. UAV and Drone Datasets

In order to stimulate further research, many UAV and
drone datasets have been captured using affordable off-the-

shelf drones. These include many public UAV datasets for
most drone-based tasks like human detection, object tracking,
human re-identification, and action recognition [20], [25],
[26], [27], [17], [19], [28]. Drone Action[17] is an outdoor
drone video dataset providing 240 HD video clips recorded
from low altitudes and at low speeds across 13 dynamic
human actions. UAV-Human[20] is a large benchmark for
human behavior or action understanding with UAVs, which
contains 67,248 multi-modal video sequences and 119 sub-
jects for action recognition, 22,476 frames for pose esti-
mation, 41,290 frames and 1,144 identities for person re-
identification, and 22,263 frames for attribute recognition.

C. Activity Recognition on Edge Architectures

Most deep learning methods use large and deep archi-
tectures to achieve higher accuracy, but this significantly
increases the computational cost. As a result, these methods
are used on desktop or cloud GPUs and are not practical for
edge or low-power mobile devices. Improving the efficiency
of video models with lightweight methods has gained in-
creased attention [29], [30], [31], [32], [33]. MobileNet[34]
and Yolo[35] are widely used networks for video model-
ing on edge devices. [36] proposes a lightweight action
recognition model on UAVs using MobileNet with a focal
loss and self-attention. [3] presents Mobile Video Networks
(MoViNets), a family of computational and memory-efficient
video networks that can operate on streaming video for
online inference. [37] proposes Tiny Video Networks, which
are automatically designed efficient video architectures. [38]
introduces the Temporal Shift Module(TSM), which shifts
the channels along the temporal dimension, supporting both
offline and online video recognition. Our auto zoom algo-
rithm can be combined with any of these methods to achieve
higher accuracy within limited resource requirement.

III. OUR APPROACH: AZTR

We propose a general aerial video action recognition
learning method, that can automatically identify the human
target, scale it appropriately, and analyze the action by
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(a) Auto Zoom with Crops or Features
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Fig. 2: We designed two different auto zoom methods with crops or features, for high-end desktop and mobile or edge devices respectively.
(a) For auto zoom with crops, we use a detector to get the target bounding box and crop it from the original frame, then scale the crop
size. For the auto zoom with features, we use the features to generate the bounding boxes and classification. (b) We use the detector to
generate bboxes on key frames to reduce the computational cost. We predict the bbox at the next key frame, and compare the location of
predicted bbox and generated bbox to avoid incorrect detection results. Finally, we apply linear interpolation to generate the bbox between

key frames. Details are shown in Section III.

reasoning the input frames in the temporal dimension. To
achieve those functions, we introduce 2 components: auto
zoom algorithm and temporal reasoning algorithm that can
be used by any video models to efficiently extract spatial and
temporal features.

A. Overall Learning Method

As show in Fig 1, the input of our method are sampled
video frames. Those frames will first use the auto zoom
algorithm to get the key spatial information before using
the temporal reasoning algorithm to get the action temporal
information. For the auto zoom component, we use a target
locator to obtain the sparse bounding box (bbox) or corre-
sponding features. We can reduce the detection frequency
by using bbox/feature shifting for sparse bboxes to save
computational cost. Moreover, we use those bboxes to align
the targets in the original video or those feature sequences
for reasoning. For the temporal reasoning module, we use
different methods for edge devices (with low memory and
power requirements) and desktop GPUs. 2D+1 convolution
and attention mechanism can be used in the temporal reason-
ing module on edge devices. Attention mechanism and 3D
convolution are used to obtain high performance on desktop
GPUs.

B. Auto Zoom

We introduce an auto zoom algorithm for aerial video
action recognition models. As shown in Fig.2, our auto
zoom algorithm first identifies and localizes the target, then
crops the target region and scales it to the input size of the
model, making it easier to extract the key features and fit
the hardware resources. As target objects appear significantly
smaller in aerial data due to high altitude, our auto zoom
can automatically apply a zoom-in strategy, obtaining more
action information from the target object. For example, a
human actor in the UAV-Human dataset[20] occupies 2%
to 5% pixels of the frame. With our auto zoom algorithm,
the pixels become about 16% to 22% of each frame. This

provides more local details, making the model mainly focus
on the actions rather than the background. Moreover, our
auto zoom can reduce the noise and outliers caused by
the movement of a UAV. The zoom-in view changes every
frame according to the position of the target object, which
compromises the UAV’s motion, so that the target object
always appear in the center of the video. This extracts more
useful features and makes the model more robust.

Current SOTA detectors use wide and deep network
structures to obtain high performance, which require large
computational resources while inferencing. To improve the
efficiency while obtaining the same accuracy, our auto zoom
algorithm goes through three steps:

(1) The size of the cropping region changes in a dynamic
manner. The height and width of the cropping region is
chosen dynamically from [480, 640, 720, 960]. It depends not
only on the raw video resolution, but also the size of the
bboxes. We first calculate how many pixels belong to the
bbox of the human actor, and then choose the size such
that the human actor occupies 15% to 20% of the region.
From our experiments, we find such a ratio is appropriate
since it shows more details about the human actor as well
as the surroundings. This ensures the model has enough
information to deduce the relation between the human actor
and the surroundings. Finally, we scale the target region to
model input size for training.

(2) We only use the detector for inferencing on key frames.
Since most videos in UAV datasets are captured at high frame
rates, only an extremely small portion of pixels’ values will
change in adjacent frames. It is unnecessary to obtain bboxes
for each frame, as the results may only differ by a few pixels.
Therefore, we only generate bboxes for 10% or 20% of the
frames. Those frames are key frames and will be used as
anchors for the bbox shifting in step 3. This can significantly
reduce the computational cost and leave more resources for
recognition.

(3) For initialization, we uniformly distribute the key frames,
giving a fixed stride. However, since the pretrained detector
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Fig. 3: We use different combinations on desktop GPUs and edge devices between 2D+1 convolution, 3D convolution, and efficient
transformer for temporal reasoning. The efficient transformer based algorithm has two components, the cross attention is used to map the
input sequences to a new sequence with a specific size according the computational cost requirement. The self attention is the normal

component from transformers.

(e.g., Mobilenet, Cascade Mask RCNN) may not perform
very well on the initial key frames, incorrect bboxes may be
generated. To avoid this situation, we only take the bboxes
which scores greater than 0.8 to filter out those with low
possibility containing a human actor. Then we use Eq(1) to
predict the location of the bbox in the key frame ¢ based on
the bboxes generated from previous 3 key frame.

<$t+1) _ (met (D¢ +dp,) - cos (0i—1 + 59))
Yt+1 ye+ (D +6p,) -sin(6y—1 + dg) )’

0p, = Dy — Dy_1, D, = distance ((mt_1> , <xt>) ,
) Yt—1 Yt

— arctan(m),ée =0;_1 — 0;_s.
Tt — Tp—1

(1)

x; and y; are the coordinates of the bbox at key frame t.
Dy, 0, represent the shifting distance and angle between key
frames ¢ — 1 and ¢, respectively. dp, and Otpetq stand for
deviations of the shfiting distance and angle at frame t.

Next, we calculate the Euclidean distance between the
positions of the predicted bbox and the bbox generated by
the detector. If the distance is within the threshold we set,
then we consider it the right detection result. If the distance
is larger than the threshold or there is no detection result,
we will assign the predicted bbox to the current key frame.
For normal frames between key frames, we apply linear
interpolation to get the bboxes.

C. Temporal Reasoning

We present the temporal reasoning algorithm to infer
the action by analyzing the time sequence information.
The temporal reasoning algorithm has three different kinds
of implementation manner using 2D+1 convolution (conv),
3D conv and attention mechanism. The 2D+1 conv and
attention mechanism can be used for the efficient model
on edge devices. 3D conv and attention mechanism can
be used for high performance model on decent GPUs. For
2D+1 conv temporal reasoning algorithm, we first utilize the

2D conv to generate features from the spatial information
for each frame, and then perform 1D convolution to fuse
all the spatial features so that the model can learn from
the temporal information. As for 3D conv based temporal
reasoning algorithm, 3D conv is used to handle spatial
and temporal information simultaneously. Next, we present
more details about the attention-based temporal reasoning
algorithm, which includes cross-attention and self-attention.

Attention-based temporal reasoning algorithm consists of
QKV(queries, keys and values) attention layers. The QKV
attention mechanism encodes each input as a function of
all the other inputs [39], [40]. The output of attention
function is computed as a weighted sum of the values,
where the weight assigned to each value is computed by
a compatibility function of the query with the corresponding
key[39]. As shown in Fig. 3, attention-based temporal rea-
soning algorithm has two components, cross attention and
self attention. The cross attention is used to map the input
sequences to new sequence with a specific size according
the computational cost requirement. The self attention is
the standard component of transformers[39]. The difference
of cross attention and self attention is cross attention has
two inputs Xg € RV*M and Xp € RT*D) and self
attention has one input Xoxy € RN*M T, D, N, M donate
input video frames, each frame’s embedding dimension,
query sequence number, each query sequence’s dimension,
respectively. For cross attention, X is the query input and
Xgkv is the key and value input. For self attention, query,
key and value share the same input Xy . The input will
though their projection function p(-) first,

Fo, Fx, Fv = p(XqQ),p(Xkv), p(Xkv), 2

where Fp € RT>*M Fy € RT*S Fyy, € RVN*S for cross
attention and Fg € RNXM pr e RN*S Fy, € RVXS for
self attention, where Fy,F'x and Fy, stand for the projected
feature for the query, key and value. The projection function
will map the key and value’s dimension to .S. Then we can
adjust S according to the information requirement and the
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Platforms C3D MP3D AP3D DC3D

TL (CPU)[41] v x x x
TL + NNAPI (CPU/GPU/DSP)[41] x x x x
Tensorflow + MNN (CPU/GPU)[41][42] v v v x
TL + MNN[41][42] x x x x

TABLE I: 3D operators are not well supported on most edge devices
or processors, as highlighted here. Therefore, we use 2D+1 conv
and an efficient attention mechanism on the RB5 platform. TL:
Tensorflow Lite, C3D: Conv3D, MP3D: MaxPooling 3D, AP3D:
AveragePooling 3D, DC3D: Depthwidth Conv3D

computation limitation. Next, we calculate the attention,

FoFi” 3
Vs )’
Then we apply to the value,

Attention (Xg, Xxv) = Attention(Q, K, V)
= XokV.

Xqk = Attention(Q, K') = softmax (

4)

The input of the temporal reasoning algorithm comes from
the auto zoom, and each sequence represent a frame’s key
information. Compared with CNN reasoning method, the
attention based method can access the whole target infor-
mation in the first layer of the model, which will offer more
information in the whole process. And for the computational
complexity, the dominated computation lies in the matrix
multiply. For cross attention, we do multiply for matrix in
shape of T'x M, N xT and T x S, N x S, so the complexity
can be expressed as O(TMNS). And for self attention,
the complexity is O(MNS). If we have L self-attention
layer, the total complexity is O((T + L)M N S). Therefore,
temporal reasoning algorithm has a linear complexity in
terms of input temporal dimension 7" and the model depth
L. Besides, we also can control the computational cost by
control the projection dimension S for key and value.

IV. EXPERIMENTS

In this section, we evaluate our algorithms and compare
the performance with other state-of-the-art video action
recognition methods on 3 UAV datasets. We evaluate the
performance on edge devices as well as desktop GPUs.
Edge devices: We use a robotic platform (Qualcomm
Robotics RBS) with Qualcomm Kryo 585 CPU and Qual-
comm Adreno 650. The efficient models are trained using
TensorFlow and deployed using Robot Operating System 2
(ROS2) Galactic.

Desktop GPUs: We use a high-end desktop with Intel Xeon
W-2288 CPU and 8x Nvidia RTX A5000 GPUs. We train
and test the high performance models using PyTorch.

A. Datasets

RoCoG-v2 [43], [28]: We use 99 long raw videos with 17
action categories. We trim the original videos into 5,828 1-
5 seconds videos clips, with one action category per clip.
We also obtained 70,124 frames with bounding boxes in
a semi-automatic manner. We first use a human detector
(Cascaded Mask RCNN) to compute the coarse bounding
box, followed by human manual check. We also fine-tune

Method Input Size  Inference Time per frame
MoViNet A0 [3] 172 x 172 33.2 ms
MoViNet A2 [3] 224 x 224 106.4 ms
MoViNet A3 [3] 256 x 256 124.0 ms

AZTR (Ours) 172 x 172 56.5 ms

TABLE II: Inference Time on RB5 CPU. Our method takes 56.5
ms to inference one frame (on average) which is 2 times faster than
MoViNet A3 on the RBS5, and also results in improvement on top-1
accuracy, see Table III.

Method Frames  Input Size Init. Top-1
MoViNet A0 [3] 8 172 x 172 None 17.8
MoViNet A0 [3] 8 172 x 172 Kinectics  23.4
MoViNet A2 [3] 8 224 x 224 Kinectics ~ 28.1
MoViNet A3 [3] 8 256 x 256  Kinectics 29.0

AZTR (Ours) 8 172 x 172 Kinectics 29.5
MoViNet A0 [3] 20 172 x 172 None 27.5
MoViNet A0 [3] 20 172 x 172 Kinectics 32.8
MoViNet A2 [3] 20 224 x 224  Kinectics 34.1

AZTR (Ours) 20 172 x 172  Kinectics 40.2

TABLE III: Results on RoCoG-v2. We demonstrate that our ap-
proach can improve the top-1 accuracy by 6.1%-7.4%, outperforms
all SOTA methods that can be deployed on the RB5 platform.

our detection model on RoCoG-v2, which can narrow the
domain gap for the detection. Overall, we achieve 6.1-7.4%
accuracy improvement using our method on this dataset.
UAV Human [20]: It is one of the largest UAV-based human
behavior understanding dataset. It contains 15172 and 5556
videos for training and testing, respectively. All the videos
are collected in multiple urban and rural areas in both day
and night settings with extensive diversity (w.r.t subjects,
backgrounds, illuminations, etc.). Our method improves the
accuracy by 8.3-10.4% on the UAV-Human over SOTA.
Drone Action [17]: An outdoor drone video dataset captured
using a free-flying drone at low altitudes and low speeds.
It has 240 HD RGB videos across 13 human actions. Our
approach outperforms SOTA by 3.2%, reaches 95.9% Top-1
accuracy on the Drone Action.

B. Implementation Details and Training

Backbone network architectures: We benchmark our mod-
els by using Movinets[3] as the backbone for lightweight
model and using X3D-M [44] as the backbone for models
on desktop GPUs.

Localization: We applied Mobilenet v2[45] as the locator
for lightweight models, and use Cascaded Mask RCNN[46]
as the locator for models on desktop GPUs.

Training details: For models on edge devices or UAV plat-
forms, we set 0.00005 as the initial learning rate. For models
on high-end desktop GPUs, we use the same initialization
as in [24]. We set 0.1 as the initial learning rate for training
from scratch and 0.05 for initializing with Kinetics pretrained
weights. We use the Stochastic Gradient Descent (SGD)
optimizer with weight decay of 0.0005 and momentum of
0.9 and cosine/poly annealing for learning rate decay. All
our models were trained using NVIDIA GeForce 2080 Ti
GPUs and NVIDIA RTX A5000 GPUs.
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Fig. 4: Action recognition on RoCoG-v2 aerial video. More details
are given in the video.

C. Results on RoCoG-v2

We implement our methods on the RoCoG-v2 dataset in
a preinstalled Ubuntu Linux 18.04 using Robot Operating
System 2(ROS2) Galactics. We fine-tune a MobileNet v2[45]
using the annotated 70,124 frames extracted from raw video
data. The fine-tuned MobileNet v2[45] is operated as the core
detector in our auto zoom algorithm. We evaluate our method
with Mobile Video Networks(MoViNets)[3]. Specifically, we
test our method with MoViNet A0, A2 and A3 on RBS5.
MoViNet A0 is the smallest model in MoViNets and has
input size 172x172. A2 uses deeper network design with in-
put 224x224. A3 is the larger network, with input 256 x256.
Also, we choose the stream version of the MoViNets due to
lack of support for 3D conv on edge devices, as shown in
Table I. The 2D + 1D convolution and a stream buffer is used
to fuse the recognition results from previous frames, making
it capable of online inferencing. We deploy MoViNet A0,
A2, A3 and our method on the Qualcomm RBS5 platform. We
collect the onboard inference time on RB5 CPU. The result is
shown in Table II. Our method obtains better speed-accuracy
trade-off on mobile devices. As compared with MoViNet A3,
the average inference time for our method on RB5 CPU is
56.5 ms, which is 2X faster, and results in slight accuracy
improvement. We performed more experiments with different
frame sampling and model initialization to evaluate the
performance of our algorithm (see Table IIT). With the same
configuration, our method achieves 6.1-7.4% improvement
on the RoCoG-v2 dataset.

D. Results on UAV Human

To illustrate the effectiveness of our proposed method, we
evaluate our algorithms on the largest UAV dataset UAV-
Human [20]. As shown in Table IV, we conduct experiments
on UAV-Human in terms of different backbone network
architectures, frame rates, input sizes, and weights initial-
ization. We use X3D-M as backbone with two different
initialization settings in our experiments, one is to train from
scratch and the other is to initial the weights with Kinetics
pretrained weights. Based on our results, we observe that
initializing with Kinetics pre-trained weights outperforms
training from scratch. Furthermore, compared with the SOTA
methods’ large input size, we achieved considerable improve-

Method Backbone Frames  Input Size Init. Top-1
X3D-S [44] - 16 224 x 224 None 21.5
X3D-M [44] - 16 224 x 224 None 27.0
X3D-L [44] - 16 224 x 224 None 27.6

FAR [24] X3D-M 16 224 x 224 None 27.6

FAR [24] X3D-M 8 540 x 540 None 28.8

AZTR (Ours) X3D-M 16 224 x 224 None 39.2
13D [22] ResNet-101 8 540 x 960  Kinetics  21.06
X3D-M [44] - 16 224 x 224 Kinetics  30.6
FNet [47] 13D 8 540 x 960  Kinetics ~ 24.39

FAR [24] 13D 8 540 x 960  Kinetics ~ 29.21

FAR [24] X3D-M 16 224 x 224  Kinetics  31.9

FAR [24] X3D-M 8 620 x 620  Kinetics ~ 39.1

AZTR (Ours) X3D-M 16 224 x 224  Kinetics 474

TABLE IV: Benchmarking UAV Human and comparisons with
prior arts. We compared with the state-of-the-art methods, which
demonstrates an improvement of 8.3% — 10.4 over SOTA methods.
Trained on high-end desktop GPUs.

Method Frames Input Size Init. Top-1
HLPF [48] All 1920 x 1080 None 64.36
PCNN [49] - 1920 x 1080 None 75.92
X3D-M [44] 16 224 x 224 Kinetics ~ 83.4
FAR [24] 16 224 x 224 Kinetics ~ 92.7

AZTR (Ours) 16 224 x 224 Kinetics ~ 95.9

TABLE V: Results on dataset: Drone Action. We demonstrate that
AZTR improves the state-of-the-art accuracy by 3.2%, reaching
95.9% on Drone Action. Trained on high-end desktop GPUs.

ment even with smaller input size( 224 x 224). For training
from scratch, our AZTR improves performance over the
baseline by 11.6% and over the state-of-the-art by 10.4%. For
initializing with Kinetics pretrained weights, AZTR improves
performance over the baseline by 16.8% and over the state-
of-the-art by 8.3%.

E. Results on Drone Action

We also evaluated our method on Drone Action [17]. As
shown in Table V, we demonstrate that AZTR outperforms
SOTA by 3.2% on Drone Action with 95.9% Top-1 accuracy,
which illustrate the stable performance and the convincing-
ness of our proposed AZTR.

V. CONCLUSION, LIMITATIONS AND FUTURE

We present a novel approach for video action recognition.
Our approach is designed for edge devices used in UAVs
(e.g., Qualcomm Robotics RB5) and desktop GPUs (Nvidia
RTX A5000 GPUs). We present auto zoom algorithm that
can automatically identify and scale the target. Additionally,
we introduce a temporal reasoning algorithm to capture the
action information. We observe improvements in accuracy on
different datasets. Our method has a few limitations. First,
the overall performance depends on the localization methods.
Second, we assume our input videos only has one scripted
human actor performing. We would also like to develop
methods that can perform action recognition in videos with
multiple human actors and can handling varying lighting and
weather conditions.
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