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Abstract

We present a new algorithm for the selection of informa-
tive frames in video action recognition. Our approach is
designed for aerial videos captured using a moving camera
where human actors occupy a small spatial resolution of
video frames. Our algorithm utilizes the motion bias within
aerial videos, which enables the selection of motion-salient
frames. We introduce the concept of patch mutual infor-
mation (PMI) score to quantify the motion bias between
adjacent frames, by measuring the similarity of patches. We
use this score to assess the amount of discriminative motion
information contained in one frame relative to another. We
present an adaptive frame selection strategy using shifted
leaky ReLu and cumulative distribution function, which en-
sures that the sampled frames comprehensively cover all
the essential segments with high motion salience. Our ap-
proach can be integrated with any action recognition model
to enhance its accuracy. In practice, our method achieves
a relative improvement of 2.2 - 13.8% in top-1 accuracy on
UAV-Human, 6.8% on NEC Drone, and 9.0% on Diving48
datasets. The code is available at https://github.com/Ricky-
Xian/PMI-Sampler.

1. Introduction

The applications of unmanned aerial vehicles (UAVs)
have been expanding rapidly into search and rescue, agricul-
ture, security, surveillance, etc. This is giving rise to many
challenging problems including detection, re-identification,
tracking, and recognition. Among these tasks, aerial video
action recognition is regarded as one of the most diffi-
cult problems. Despite the success of deep learning-based
methods in video action recognition on ground camera
footage [10,20,30], current methods do not result in high
accuracy on aerial videos.

Aerial video data are often captured by a camera mounted
on a moving UAV in oblique or overhead angles. The result-
ing footage features human actors that appear significantly

smaller (typically less than 10% pixels), due to the high
camera altitude, with a large portion of the video frame
dominated by the background information. The size and
scale of the human actor may vary considerably, owing to
changes in flying altitude during video data collection. Fur-
thermore, the continuous movement of the UAV can cause
the camera viewing angle shifting, resulting in motion blur
and occlusion. These factors collectively make the develop-
ment of accurate algorithms for aerial action recognition a
challenging task.

The decrease in performance of generic video recogni-
tion models on aerial data can be reduced through the use
of motion-guided frame sampling during training [23, 46].
However, current deep learning-based action recognition
methods mostly use fixed hand-crafted sampling techniques
for video analysis [38,41,43]. Typically, frames are ran-
domly sampled in a uniform manner or successively with a
fixed stride from the original video. This fixed sampling strat-
egy can be sub-optimal for several reasons. First, the motion
duration varies for different videos and actions, and fixed
sampling may not capture the entire motion duration, po-
tentially overlooking some useful information. Second, the
sampling approach should prioritize discriminative frames
over redundant or uninformative background frames, as not
all frames are equally useful in terms of recognition.

Recently, some techniques [ 13, 15,21,26,45] have been
proposed for frame selection by modeling it as a decision
making task. Typically, these methods employ a learning-
based module to sequentially select more informative frames
or to conditionally exit early. While these methods have
shown promising results, their performance heavily relies
on the training data and may not easily transfer to unseen
domains. Unfortunately, the scarcity of labeled aerial videos,
coupled with the challenges of collection and annotation,
makes the task of training such modules more difficult. It
turns out that the number and size of UAV video datasets is
far fewer and smaller than those available for ground video
datasets. For instance, the Kinetics dataset contains 650k
videos, while the UAV-Human dataset has only 20k videos.
Additionally, these learning-based methods are primarily de-
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Figure 1. Sample eight frames from typical videos in Diving48 and UAV-Human. Compared with the state-of-the-art, MG Sampler [48],
our approach can better represent the motion distribution and provides an easier way to distinguish motion salient frames in videos. PMI
Sampler is more robust to noises and outliers and can better handle the background changes caused by the moving camera.

signed for untrimmed videos, and adapting them to trimmed
videos poses additional challenges. Another alternative [49]
is to use a statistical model to represent the motion bias be-
tween frames, and devise an adaptive sampling strategy for
frame selection based on motion information distribution
along the temporal domain. However, this formulation fails
to account for the distinct features of aerial video data, such
as small resolution, multi-scale, and moving camera.

Main Contribution: We present a novel frame selection
scheme for aerial action recognition. Our approach is general
and is designed to address some of the challenges in aerial
data. We utilize the similarity between patches to assess the
amount of discriminative motion information contained in
the aerial videos, and ensure that more informative frames
can be selected for video representation. Our method can be
combined with any recognition model to obtain improved
accuracy in terms of aerial action recognition. The novel
components of our work includes:

1. We introduce patch mutual information (PMI) score to
leverage the motion bias in the aerial videos. PMI score

quantifies how much discriminative motion information
is contained in one frame given another by measuring
the similarity of frame patches via mutual information
calculation.

2. We propose an adaptive frame selection strategy based
on shifted Leaky ReLu and cumulative distribution
function. Our formulation enhances the motion bias be-
tween adjacent frames, making it easier to distinguish
the motion-salient frames in videos. Furthermore, our
method is designed in a direct plug-in manner to avoid
complex training.

We evaluate the effectiveness of our method in three aerial
datasets and experimental results show that our approach con-
sistently outperforms current state-of-the-art by large mar-
gins in terms of top-1 accuracy. Practically, we demonstrate
a relative improvement of 2.2 - 13.8% on UAV-Human [24],
6.8% on NEC Drone [4], and 9.0% on Diving48 datasets
[25].
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Figure 2. Patch Mutual Information formulation: Given a pair of adjacent frames Iz and I in size H x W x C, we first divide them
into patches with size r x r x C and map each patch to a d-dimensional vector, where d = r?C'. We concatenate the two d-dimensional
vectors representing the corresponding patches from two frames, the resulted vector is in 2d space. We perform the same operations for each

HW

patches and further concatenate these 2d vectors to get the multivariate distribution of size 2d x =~ for this image pair. Then, we calculate
the covariance matrix of the multivariate distribution, compute the approximated entropies using Eq 5 and eventually get the patch mutual

information following the Eq 3

2. Related Work
2.1. Action Recognition for Aerial Videos

The accuracy of action recognition on ground-camera
video datasets has increased due to recent advancements
in deep learning techniques. However, the current method
cannot demonstrate a similar level of accuracy on videos
captured using UAV cameras [32]. For aerial videos, [14],
[29], [28], [311, [1], [12], [31] utilize 2D convolutional neu-
ral networks (such as ResNet and MobileNet) as the foun-
dational models for single-frame classification, and subse-
quently merge the outcomes of all video frames. Other
methods [2], [34], [35] utilize two-stream convolutional neu-
ral networks (CNNs) to leverage both human motion and
appearance attributes for improved action recognition. [4],
[6], [24], [31], [39] employ the I3D network [3] to capture
the spatial-temporal features of both human agents and their
surroundings. [44] proposes a framework leveraging CNNs
and attention mechanisms for aerial action recognition on
both edge devices and decent GPUs. [22] introduced an atten-
tion mechanism based on the Fourier transform to emphasize
motion salience. Our proposed PMI Sampler is complimen-
tary and could incorporate with aforementioned method to
improve the overall recognition accuracy.

2.2. Frame Sampling

For some deep learning-based methods [3, 9, 40], the
frame sequence used for training is obtained by randomly
picking a fixed number of consecutive frames in the video.
Other methods [10, 43] use a uniform sampling strategy,
where frames are evenly sampled along the video’s tempo-

ral domain. These two sampling techniques are commonly
used for action recognition models. However, they do not
exploit the motion bias between frames and do not consider
the video characteristics corresponding to different human
actions. There are also some learning-based frame selection
methods [8, 13,21,45,47]. FastForward [8] employs rein-
forcement learning for planning frame skipping and early
stop decisions. Adaframe [45] utilizes a policy gradient-
trained LSTM, enhanced with a global memory for frame
selection. SCSampler [21] and Listen to Look [13] utilize
audio as an additional modality to exploit the natural se-
mantic correlation between audios and frames. However,
those methods mainly focus on untrimmed videos. They re-
quire large amounts of training samples and involve complex
training procedures.

MGSampler [49] leverages the temporal variations and
use RGB difference between two adjacent frames to esti-
mate the motion salience for each frame. However, such an
approach may not be robust. Considering the challenges of
aerial data (e.g. small resolution for human actors), their
formulation may not be accurate due to the large number
of outliers and noises belonging to the background informa-
tion. In order to address these issues, we present a motion
information representation technique using patch mutual in-
formation between frames and introduce a new sampling
strategy based on the PMI score and shifted leaky ReLu.

2.3. Similarity Measure between Images

Numerous similarity metrics have been suggested for
image analysis, with Euclidean distance being a com-
mon choice [48]. Nevertheless, for UAV videos, Eu-
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Figure 3. PMI Sampler: Given a sequence of video frames, we compute the patch mutual information score for each pair of adjacent frames.
‘We further remap the PMI scores using shifted Leaky ReLu to enhance the motion distribution. Finally, we accumulated the PMI scores
using cumulative distribution function and segment the video into N parts where NN is the number of samplings required for training. We
randomly select one frame from each segments, constitute them into a sequence and feed them to the recognition backbones for action

classification.

clidean distance struggles due to pronounced background
noise and frame instability. Cosine similarity is used for
high-dimensional data but overlooks pixel value magni-
tude [16]. Mutual information is a well-adopted similarity
measure [27,42], especially in medical registration [19,36].
It boasts resistance to outliers, yielding smooth cost func-
tions for optimization [5]. However, it lacks geometry con-
sideration, solely focusing on pixel values, and neglecting
spatial pixel relationships. NMI, which is a variation of Mu-
tual Information, overlooks the spatial correlation between
pixels and incurs higher computational costs. PSNR, de-
rived from Mean Square Error (MSE), primarily focuses on
pixel-level comparisons, is sensitive to dominant background
changes encountered in aerial videos. Similarly, SSIM, a
widely employed similarity measure, assesses the luminance,
contrast, and structure of images but proves to be highly
sensitive to structural variations such as rotations and shifts,
which are frequently observed in aerial videos. Russakoff et
al. [37] propose RMI, integrating spatial data with mutual
information, but it’s computationally expensive. Inspired by
these, we introduce patch mutual information, an RMI exten-
sion, simpler to implement yet provides enhanced accuracy.

3. Our Approach: PMI Sampler

In this section, we present the details of our proposed
patch similarity guided frame selection strategy. Specifi-
cally, we first introduce the concept of mutual information
in Section 3.1. Next, we present the key component of our
approach, including patch mutual information (PMI) score
in Section 3.2. Finally, we present the overall pipeline of
our proposed PMI Sampler based on shifted leaky ReLu and
cumulative distribution function in Section 3.3.

3.1. Mutual Information

Mutual information (MI) is a concept in information the-
ory that essentially measures the amount of information
given by one variable when observing another variable. Mu-
tual information is highly correlated with entropy and joint
entropy. The entropy is a measure of the uncertainty of a
random variable and the joint entropy examines the overall
complexity of all possible outcomes given both random vari-
ables. Specifically, given two discrete random variables X
and Y with alphabet X and ). Their probability mass func-
tions (PMFs) are denoted as px (x) and py (y), the entropy
of X,H(X), and the joint entropy of X and Y, H(X,Y),
can be calculated as:

H(X)=-> px(z)logpx(z). (1)
TeEX
H(X)Y)=— Z pxv(z,y)logpxy (z,y). (2)
reX,yey

The mutual information between X and Y is defined as:

If we plug Eq | and Eq 2 into Eq 3, we can get the calculation
of mutual information as follows:

I(X;y)y= >

reX ,yey

xy (,9)

p
1 . 4
pxy (2,y)log px(2)py (y) @

The equation 4 further suggests that mutual information es-
sentially measures the distance between the real joint distri-
bution pxy (z,y) and the distribution under the assumption
of complete independence of px (z)py (y), which makes it
a very nature measure of dependence [18].
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Mutual information can be used to measure the similarity
between images [27,42]. The probability distributions (in
Eq 4) associated with images are normally approximated
using respective marginal and joint histograms. One set of
pixel co-occurrence in the joint distribution is represented
by one entry in a two-dimensional joint histogram.

Regional mutual information [37] is an extension of mu-
tual information. The intuition of RMI is to embed the spatial
information of the images into mutual information calcula-
tions. Instead of standard pixel-wise mutual information,
RMI represents a pixel as a multi-dimensional vector that
consists of not only the pixel itself but also its neighboring
pixels. However, the way that representing pixels with their
neighborhood essentially makes extra focus on the local de-
tails. It may be beneficial for generic camera datasets, but
considering that most of the pixels belong to the background
in aerial data and the background details are redundant for
action recognition, RMI is not a good choice to measure the
motion information in aerial videos.

3.2. Patch Mutual Information (PMI) score

Inspired by regional mutual information (RMI), we pro-
pose patch mutual information (PMI). Instead of mapping
pixels into multi-dimensional space, we divide the image
into patches and map each patch into a multi-dimensional
points and then calculate the mutual information between
corresponding patches in adjacent frames. In this manner,
we can encode the spatial relationships of patches in the mu-
tual information calculation without giving too much focus
on the redundant background noises, which yields to better
motion information representation for aerial videos.
Entropy approximation We can exactly calculate the patch
mutual information in the traditional manner that mentioned
in Section 3.1, but now with d-dimensional histograms for
marginal probability distribution and 2d-dimensional his-
tograms for joint distribution. However, such operation
seems reasonable but is hard to implement in practice. In
fact, we can make the calculation easier by assuming that
the multivariate distribution of the image is normally dis-
tributed [37] and it is well supported by the m-dependence
variable concept proposed in [17].

For a normally distributed set of points P =
[plap% to 7pN]T’ pP1,p2, PN € Rd’ the entropy can
be calculated as:

H(P) = %log((Qﬂe)ddet(var(P))). (5)

where var(P) is the covariance matrix of P. Let E(P) be
the expected value of P, i.e, the mean of P, covariance
matrix of P is defined as:

var(P) = E[(P — E[P])(P - E[P))"], (6)

Patch mutual information formulation We here describe
the detailed procedures to get the multivariate distribution for

a pair of images and calculate the patch mutual information
between these two images.

As shown in Figure 2, given frame I;_; and I;, we divide
each frame into patches with square length r. For each patch
pair, we flatten the patches into vectors in d-dimensional
space where d = Cr? and concatenate them to a vector in
R??. For each pair of frames in R¥*W>C we will have
N = HT W patches (we simply ignore the pixels along the
edges as they will not have a significant effect on the final
entropy). Since each pair of patches has been mapped into a
2d vector, we then have a multivariate distribution of those N
points by further concatenating the 2d vectors into a 2d x N
matrix, P, = [p1,p2,- -, PN]-

We calculate the covariance matrix of P; by first center-
ing all the IV points to their means and then compute the
covariance of P, following Eq. 6. The covariance matrix of
P, is denoted as §2:

1 1 1 &
Q=5F- szi)(Pt -~ o) M

We estimate the entropy of these points H (P;) using Eq 5.
Since we concatenate the patches from two frames to form
P, € RN _H(P,) is essentially the approximation of the
joint entropy between frame I;_; and I;. However, we can
easily obtain the covariance matrices of each frame. Given
that P; is a combination of two d-dimensional vectors, the
computation of the covariance matrix of P; also results in the
covariance matrices of these 2 subsets of points. In practice,
the covariance of frame I;_1, denoted as (2;_1, corresponds
to the d x d matrix in the top left of Q2 and € is the d x d
matrix in the bottom right representing the covariance of
frame I,. Moreover, the marginal entropies, H(€;_1) and
H (£2:), can be computed using the same formulation in Eq 5.

Finally, we obtain the patch mutual information in a pair
of frames I;_; and I;, denoting as My, following the Eq 3:

M; = PMI(I,_y,1;) = H(Q4_1) + H(,) — H(Q). (8)

Patch mutual information score Note that, PMI holds the
properties of standard mutual information and is always
greater than or equal to 0. In case, the two frames are com-
plete independent from each other, then PM I = 0. How-
ever, since video contents are always consistent and have
some coherence between the frames, the two successive
frames are always correlated and dependent. Therefore, PMI
between adjacent frames will always be greater than zero,
M, >0fort €1,2 ---,T. For frame at time 0, we simply
define My = 0.

When the two frames are more discriminative, the depen-
dence relationship weakens and PMI gets smaller, indicating
there is potentially more motion information contained in the
current frame. The scale and range of the PMI in different
videos also varies. To better analyze the motion information
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distribution, we inversely remap the PMI M, and normalize
it with the [; norm:

M; = max(M;) — My, ©)
N M]

M = =—- 10

ED VT o

Eventually, we obtain the PMI score M,. PMI score rep-
resents the discriminative motion information contained in
current frame given the previous frame. The higher PMI
score indicates there existing salient motion in current frame.

3.3. PMI Sampler: Frame Selection

We present a novel frame selection strategy based on
shifted leaky ReLu and cumulative distribution function
(CDF). The intuition behind our method is to sample a se-
quence of frames that contains as much discriminative mo-
tion information as possible. Similar to MG Sampler [48],
our method also utilize a temporal segmentation scheme and
adaptively selects frames according to the motion informa-
tion distribution over the entire video.

As shown in Figure 3, given a video contain 7" frames,
we calculate PMI between adjacent frames and generate a
set of PMI scores, S = {MO, Ml, e ,MT} with mean p.
For each element M, € [0,1],¢ € {0,1,--- ,T}, we map it
based on the following equation:

M
Mt*:{of t

Mt S/’%
_,ai (Mt _ 1) + 1

M, > p. (i

1

where « is a hyper parameter to control the smoothness. This
function is very much similar to Leaky ReLu, but with the
origin shifts to (u, o) and the function is constrained by
the origin and (1, 1). Therefore, we call it as shifted Leaky
ReLu. As shown in Figure 4, it polarizes the PMI scores and
makes the motion-salient frames more distinct. We further
examine the impact of « in Section 4.3.

Then, we normalize M| again using /; norm and accu-
mulate the the remapped PMI score to get the cumulative
motion distribution of the video:

Pr(t)=>_M;. (12)

i<t

The constructed cumulative distribution of motion informa-
tion is shown in Fig 3, where the X-axis represents the
frame index and Y -axis stands for the motion information
accumulation up to the current frame.

Finally, we divide the video frames into N parts with
interval 1/N on the Y-axis. The frames with index in the
corresponding interval on the X-axis will be clustered as
one segment. Considering that the X-axis value may not
be an integer, we choose the closest integer value instead.

(a) PMI score before or after mapping (b) Ct distribution of PMI score

— without mapping 1.0 — without mapping
0.06 alpha=0.1 alpha=0.1
— alpha=0.3 — alpha=0.3
— alpha=0.6 084 — alpha=0.6

PMI Score

Accumulated PMI Score

0 10 20 30 40 0 10 20 30 40
Frame index Frame index
Figure 4. The PMI score and cumulative distribution before or after
the shifted Leaky ReLu mapping under different value of a.. After
mapping, motion salient frames become more distinct.

Then, we will randomly select one frame from each segment
and constitute a frame sequence to represent the video for
the recognition. As shown in Fig 3 and Fig 1, our approach
can select more frames during periods with higher motion
salience and less frames in motion static segments, enabling
more discriminative motion information to be conveyed to
the recognition model.

4. Results

In this section, we present the experimental results of our
approach along with the state-of-the-art methods on three
aerial datasets: UAV-Human [24], NEC Drone [4] and Div-
ing48 [25]. We also conduct ablation studies on the effects of
patch mutual information, shifted leaky ReLu, and patch size.
Our approach can incorporate with any existing recognition
backbones, we use X3D [10] as our default recognition back-
bone model unless otherwise specified. The implementation
details are included in supplementary material.

4.1. Results on UAV-Human

UAV Human [24] is regarded as the largest and most
comprehensive dataset of UAV-based human behavior un-
derstanding data to date. The collection includes 22,476
high-definition videos captured in various indoor and out-
door settings, encompassing a broad range of lighting and
weather conditions. The videos showcase dynamic back-
grounds and feature diverse UAV motions and flying alti-
tudes, making this dataset highly challenging. A total of
155 unique actions have been annotated, with some being
difficult to differentiate, such as squeeze and yawn.

We evaluate the performance of our proposed PMI Sam-
pler on UAV-Human along with current state-of-the-art meth-
ods. The results are shown in Table 1. All the videos are
pre-processed with the same procedures in MITFAS [46],
and followed by data augmentation that consistent with
X3D [10]. Our method demonstrates a relative improvement
in top-1 accuracy over the current state-of-the-art methods
by 2.2 — 13.8%, with regards to different settings in number
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Frames . . Top-1 (%)

Method Number Input Size Init. Acc. 1
FAR [22] 8 540 x 540 None 28.8
MITFAS [46] 8 540 x 540 None 38.4
Ours 8 540 x 540 None 39.7
X3D-M [10] 8 540 x 540  Kinetics 36.6
FAR [22] 8 540 x 540  Kinetics 38.6
DiffFAR [23] 8 540 x 540  Kinetics 41.9
Ours 8 540 x 540  Kinetics 47.7
FAR [22] 8 620 x 620 Kinetics 39.1
MITFAS [46] 8 620 x 620 Kinetics 46.6
Ours 8 620 x 620 Kinetics 52.0
X3D-M [10] 16 224 x 224  Kinetics 30.6
FAR [22] 16 224 x 224  Kinetics 31.9
AZTR [44] 16 224 x 224  Kinetics 47.4
MITFAS [46] 16 224 x 224  Kinetics 50.8
MG Sampler [48] 16 224 x 224  Kinetics 53.8
Ours 16 224 x 224  Kinetics 55.0

Table 1. Results on UAV-Human. We demonstrate relative im-
provements in the top-1 accuracy by 2.2 — 13.8% over previous
state-of-the-art methods. Our method outperforms the state-of-the-
art methods under different settings, which further indicates the
benefits of our proposed PMI Sampler.

Divingd8  NEC Drone
Method Frames  Backbone Top-1(%)  Top-1(%)
Random [10] 16 X3D-M 71.1 52.0
Uniform [10] 16 X3D-M 73.5 55.4
MG Sampler [48] 16 X3D-M 74.6 58.5
K-centered [33] 16 ViT [7] 72.5 36.3
Ours 16 X3D-M 81.3 62.5

Table 2. Results on Diving48 and NEC-Drone. Our method
relatively improves the top-1 accuracy by 9.0% on Diving48, by
6.8% on NEC Drone.

of frames, input frame size, and model initialization.

4.2. Results on Diving48 and NEC-Drone

NEC Drone [4] is an indoor video dataset that features
5,250 videos depicting 16 distinct actions performed by 19
actors. The videos were captured using a UAV flying at
low altitude over a basketball court. In contrast to the UAV
Human dataset, the lighting conditions in NEC Drone are
more consistent; however, the dataset is plagued by noise
due to light reflections. Diving48 [25] is a comprehensive
video dataset that offers a fine-grained analysis of compet-
itive diving, free from any significant biases towards static
or short-term motion representations. It comprises approx-
imately 18,000 trimmed video clips, each depicting one of
48 unambiguous dive sequences. Although it is not a UAV-
captured dataset, the majority of the videos are captured by
cameras at high altitudes and oblique angles with dynamic
movement.

We compare our method with other state-of-the-art meth-
ods on Diving48 and NEC-Drone. The frames are extracted

UAV-Human subset
Top-1 Acc (%)

Time cost

Similarity measure N
¥ ! per frame (ms)

Euclidean Distance 56.4 1.7

Cosine Similarity 55.0 2.5

Mutual Information 58.4 10.6

Regional Mutual Information (RMI) 59.2 20.2
Normalized Mutual Information (NMI) 58.8 32.8
Peak Signal-to-Noise Ratio (PSNR) 57.0 37
Structural Similarity Index Measure (SSIM) 57.7 79.9
Patch Mutual Information 59.8 4.5

Table 3. Comparison between different similarity measures.
Our proposed Patch Mutual Information(PMI) outperforms other
measures on UAV-Human.

Mapping function NEC Drone Diving48 Subset
Top-1 Acc (%)  Top-1 Acc (%)

without Mapping 59.3 58.8
Quadratic 60.3 63.4
Sigmoid 61.4 65.7
Softmax 58.4 53.9
Tanh 60.9 56.6
ReLu 60.5 60.6
Shifted Leaky ReLu 62.5 66.3

Table 4. Comparison between different mapping functions.
Shifted Leaky ReLu can better map the motion information distri-
bution and make it easier to distinguish frames containing more
motion information.

from raw videos and augmented as in X3D [10]. The base-
line methods are uniform and random samplings. As shown
in Table 2, on diving48, our method achieves 10.6 - 14.3%
relative improvement in top-1 accuracy over the baseline
methods and relative 9.0% over the SOTA. On NEC Drone,
PMI Sampler outperforms the baseline methods by 12.8 -
20.2% and improves by 6.8% over the SOTA, relatively.

4.3. Ablation Studies

We conduct ablation studies on the effectiveness of patch
mutual information and shifted leaky ReLu. We also explore
the impact of the hyper-parameter « in the shifted leaky
ReLu functions as well as the size of the patches. We gen-
erate subsets of UAV-Human and Diving48 by randomly
choosing 30% videos per class from the original datasets
and denote them as UAV-Human subset (~ 6k videos) and
Diving48 subset (~ 5.8k videos).

Effectiveness of patch mutual information: As mentioned
in Section 2.3, there are many other similarity measurements
like Euclidean distance, cosine similarity, . We conduct
experiments to test the results generated based on different
similarity measures. As shown in table 3, our proposed PMI
outperforms other similarity measures.

Effectiveness of shifted Leaky ReLu: After getting the
PMI score for the video, we remap it using shifted Leaky
ReLu. It polarizes the motion information distribution and
makes it easier to distinguish the motion-salient frames in
aerial videos, see Figure 4. However, there are many other
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Method Frames  Input Resolution 17iNing Time  Training Time  Divingds .~ Divingds

per Epoch (s) | per Video (ms) | Top-1(%) ' Top-5(%)

Random 16 224 x 224 196.6 13.1 711 94.8

Uniform 16 224 x 224 191.4 127 73.5 95.1

MG Sampler 16 224 x 224 287.4 19.2 74.6 95.0
PMI Sampler (Ours) 8 224 x 224 248.3 (-39.1) 16.5 (-2.7) 75.0 (40.4)  95.6 (+0.6)
PMI Sampler (Ours) 12 224 x 224 276.8 (-10.6) 18.4 (-0.8) 777 (43.0)  97.5 (+2.5)
PMI Sampler (Ours) 16 172x 172 294.8 (+7.4) 19.6 (+04) 790 (+4.4) 977 (+2.7)
PMI Sampler (Ours) 16 224 x 224 295.1 (+7.7) 19.6 (+0.4) 813 (+6.7)  97.7 (+2.7)

Table 5. Training efficiency. PMI Sampler achieves higher ac-
curacy with less spatial/temporal information, leading to better
speed-accuracy tradeoffs. We show results for fewer frames (8 and
12) and smaller input sizes (172x172).

a 0 0.1 02 03 04 05 06 07
Diving48 Top-1 (%) 60.6 654 647 663 662 654 656 654
subset Top-5(%) 92.6 928 944 949 946 933 945 946

UAV-Human Top-1(%)1 53.7 58.1 598 598 59.7 587 595 593
subset Top-5 (%) T 83.8 853 86.5 863 853 862 855 86.0

Top-1 (%) 1 54.1 579 580 582 60.7 612 625 617
Top-5(%)1 854 895 886 893 895 90.0 89.6 895

NEC-Drone

Table 6. Impact of the hyper-parameter . The dynamic cam-
era movement in UAV-Human and Diving48 videos necessitates
a lower a(~ 0.3) to differentiate real motion from background
noise. In contrast, NEC-Drone videos, captured by a hovering UAV,
require a higher a(~ 0.6) to preserve the motion info distribution.

mapping functions we can use, like sigmoid, softmax, tanh
functions. We conduct ablation experiments on different
mapping functions, and the results are shown in Table 4,
which demonstrate that shifted Leaky ReLu is the better
choice for aerial videos.

Impact of the hyper-parameter in shifted leaky ReLu:
We also conduct experiments to explore the impact of the
hyper-parameter « in the shifted leaky ReLu function. Re-
sults are shown in Table 6. When « is smaller, the distance
between small PMI scores and large PMI scores will be en-
larged, yielding to steeper cumulative motion information
distribution, see Figure 4. With « larger, such distance will
be reduced and the cumulative distribution will be smoother.
Impact of the patch size: We compare the results from PMI
scores that were generated using different sizes of patches.
As we mentioned in Section 3.2, the entropy approximation
is based on the assumption that the multivariate distribution
of the image is normally distributed, and it is well supported
by the m-dependence variable concept. Such approximation
is closer to the real entropy when the patch size is larger.
However, if the patch size is larger, the time for the calcula-
tion will be more expensive. As shown in Table 7, we find
out that when patch size is 7 x 7, we achieve the best trade-
off between accuracy and time cost. Therefore, we divide
the images into 7 x 7 patches for all the other experiments
in this paper unless further specified.

Training efficiency: The training time on the Diving48
dataset is presented in Table 5. Similar to the MG Sampler,
our approach computes the PMI in the pre-processing phase
to avoid redundant computations for the same set of frames
during training. PMI Sampler achieves improved accuracy
without significantly increasing the training time. Also, com-

Size of Patch (r x 7) UAV-Human Time cost
Top-1 Accuracy (%)  per frame (ms)
3x3 53.8 5.4
5X5H 54.6 6.8
77 55.0 9.2
11 x 11 52.3 17.9
21 x 21 51.9 67.8

Table 7. Impact of the patch size. A better tradeoff between
accuracy and time cost is achieved with patch size 7 x 7.

Dataset SthSthv2 UCF101 HMDB51
Top-1(%) Top-5(%) Top-1(%) Top-5(%) Top-1(%) Top-5(%)
Uniform 57.5 84.3 94.3 99.3 64.6 88.1
MG Sampler 59.2 85.2 94.6 99.2 64.9 87.9

Ours (Patch 7x7)  59.7 (+0.5) 852 (+0)  94.4(-0.2) 99.6 (+0.4) 64.5(-0.4) 87.2(-0.7)
Ours (Patch 3x3)  60.3 (+1.1) 858 (+0.6) 95.1 (+0.5) 99.5 (+0.3) 65.5(+0.6) 88.1 (+0.2)

Table 8. Results on SthSthV2, UCF101, HMDBS51. Given that the
majority of videos in these datasets feature fixed cameras capturing
close-range scenes with prominent human actors and minimal back-
ground changes, utilizing smaller patches (3x3) can effectively
capture finer details of the actions, leading to improved accuracy.

pared to MG Sampler, our proposed PMI Sampler achieves
better accuracy with less spatial or temporal information
(fewer frames and smaller input size).
Results on ground datasets: We evaluate our proposed
PMI Sampler on general ground camera datasets like Some-
thingSomething V2, UCF101 and HMDBS51. UCF101 and
HMDB51 both have 3 train-test splits, we report the average
results here with X3D as the backbone. As shown in Table 8,
PMI Sampler also outperforms the current state-of-the-art
on these datasets.

More ablation studies are shown in Appendix. B and C.
We also include a detailed analysis in Appendix. D and more
visualization results in Appendix. E.

5. Conclusion, Limitations and Future Work

In this paper, we present a novel frame selection method
for aerial video action recognition. We first introduce patch
mutual information (PMI) score to represent the motion
information between adjacent frames by measuring the simi-
larity of frame patches via mutual information calculation.
Then, we propose an adaptive frame selection strategy based
on shifted Leaky ReLu and cumulative distribution function,
which ensures that the sampled frames comprehensively
cover all the essential segments with high motion salience.
Our evaluations on multiple datasets illustrate the effective-
ness of our method. Even though we improved the SOTA
methods, the absolute accuracy on UAV-Human is not very
high, and we will further explore the backbone architecture
design to improve the accuracy.
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