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Abstract

Video Individual Counting (VIC) has received increasing
attention for its importance in intelligent video surveillance.
Existing works are limited in two aspects, i.e., dataset
and method. Previous datasets are captured with fixed or
rarely moving cameras with relatively sparse individuals,
restricting evaluation for a highly varying view and time in
crowded scenes. Existing methods rely on localization fol-
lowed by association or classification, which struggle under
dense and dynamic conditions due to inaccurate localiza-
tion of small targets. To address these issues, we introduce
the MovingDroneCrowd Dataset, featuring videos captured
by fast-moving drones in crowded scenes under diverse il-
luminations, shooting heights and angles. We further pro-
pose a Shared Density map-guided Network (SDNet) us-
ing a Depth-wise Cross-Frame Attention (DCFA) module
to directly estimate shared density maps between consecu-
tive frames, from which the inflow and outflow density maps
are derived by subtracting the shared density maps from the
global density maps. The inflow density maps across frames
are summed up to obtain the number of unique pedestrians
in a video. Experiments on our datasets and publicly avail-
able ones show the superiority of our method over the state
of the arts in highly dynamic and complex crowded scenes.
Our dataset and codes have been released publicly'.

1. Introduction

Crowd counting is a fundamental task in crowd analysis to
estimate the pedestrian density and quantity in images or
videos. This task plays an important role in safety mon-
itoring and early warning of stampedes to prevent crowd
disasters caused by abnormal congestion [44].

Previous works primarily focus on crowd counting in
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Figure 1. Comparison between our dataset/method and existing
ones. Dataset: Existing datasets are captured by fixed or hardly
moving cameras with sparse targets, while our data is collected
from high-speed moving drones in crowded scenes. Method: Ex-
isting methods first localize pedestrians and then perform cross-
frame association or classification. They fail on challenging
datasets like ours due to the difficulty in accurately localizing
pedestrians under crowded and complex scenes. Instead, our
shared density map-guided method adopts a more learnable and
optimizable approach by first estimating shared density maps via
cross-frame attention and then inferring inflow and outflow density
maps, leading to better performance under challenging scenarios.

images from handheld cameras, smartphones, and fixed
surveillance cameras [9, 12, 17, 21, 23, 32, 45]. While
achieving remarkable progress, these methods are gradually
failing to meet the demands of complex and dynamic real-
world scenarios. On the one hand, these images are often
captured at low heights and cover only limited regions. As
a result, the perspective effect causes heads in regions that
are far away from the cameras occlude each other, leading
to inaccuracies in counting. On the other hand, counting in
images provides only the number of pedestrians in a specific
location at a given moment. It fails to meet the real-world
needs for estimating the number and density of pedestrians
over large areas and periods of time, such as in pedestrian
streets or crowded squares.

To address the issues caused by ground-based cameras,
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existing works [2, 26, 30, 40, 48] collect a series of drone-
based datasets. Nevertheless, most of them are image-level
or captured from a fixed drone viewpoint, restricting the
monitoring of crowdedness within a limited view and time.
Although a drone video dataset is introduced in [25], it in-
cludes both vehicles and pedestrians, resulting in a rela-
tively low pedestrian density. Moreover, since their videos
were collected by drones in suburbs with uniform shooting
heights, angles, and lighting, they may not be able to repre-
sent complex and crowded real-world scenes.

Besides dataset limitations, accurately counting pedestri-
ans with different identities in a video (a.k.a. video individ-
ual counting [14]) remains challenging. The most straight-
forward idea is to apply multi-object tracking (MOT) tech-
niques [3, 29, 33, 38, 46] and count the tracklets. Since
MOT-based methods are typically designed for sparse
scenes with large targets, they fail in crowded scenes with
low-resolution targets. Recently, several methods [14, 20,
25] have been proposed specifically for this task, which lo-
calize persons in each frame and then associate or classify
them between two consecutive frames to infer inflow count.
Despite these efforts, all methods heavily depend on ac-
curate pedestrian localization, which is unreliable in dense
crowds. Poor localization leads to degraded association or
classification, resulting in significant counting deviations
across videos. Hence, the localization-then-association or
localization-then-classification paradigm is fragile in com-
plex environments with dense crowds, particularly when
captured by a fast-moving drone. The most related method
to ours is [35], which directly predicts inflow and outflow
masks and then multiplies them with global density maps to
obtain inflow and outflow density maps. However, we ar-
gue that directly predicting frame-specific pedestrians from
two frames is more difficult. In contrast, our method first
estimates the shared density maps between frames and then
infers the inflow and outflow density maps.

The dataset and method limitations in existing works are
illustrated in Fig 1. To overcome these limitations, we col-
lect a MovingDroneCrowd Dataset and propose a shared
density map-guided method for video individual counting.
Unlike existing datasets, our dataset specifically focuses on
crowded scenes captured by moving drones under diverse
and complex conditions, including pedestrian streets, tourist
attractions, and squares. It features complex camera motion
patterns and a wider variety of light conditions, shooting
angles, and shooting heights, making the task of video in-
dividual counting highly challenging and existing methods
less effective. For methodology, the proposed method is
inspired by the observation in image-level crowd counting
that density map-based methods yield lower counting errors
than localization-based ones in crowded scenes, and by the
intuition that identifying shared objects between two sets is
easier and more learnable than detecting set-specific ones.

Specifically, we design a Depth-wise Cross-Frame At-
tention (DCFA) module to learn the respective shared den-
sity maps for two adjacent frames, where each shared den-
sity map includes the density of pedestrians that appear
in both the current and the adjacent frame. The pro-
posed DCFA takes multi-scale features from two consec-
utive frames as input and computes cross-frame attention
across features with different scales. The features of each
frame output by the DCFA module are decoded by the
shared density map decoder to obtain their respective shared
density maps. Finally, outflow and inflow density maps are
estimated by subtracting the shared density maps from the
global density maps. During testing, unique pedestrians in a
video clip are counted by summing the inflow density maps
across frames. Our method is weakly supervised, which
requires only inflow and outflow labels indicating whether
pedestrians enter or exit the view. The contributions of this
paper are summarized as follows:

e We collect a video-level individual counting dataset cap-
tured by fast-moving drones in various crowded scenes.
Compared to prior datasets, our one is with higher crowd
density, more complex camera motions, and greater vari-
ations in lighting, shooting angles and heights.

e We propose a shared density map-guided VIC method
that bypasses the challenging localization step and instead
adopts a more learnable manner by first learning shared
pedestrian density maps between consecutive frames.

o We design a Depth-wise Cross-Frame Attention (DCFA)
module to extract shared density maps, which are then
subtracted from the global density maps to obtain accu-
rate inflow density maps.

e Experiments on our dataset and publicly available ones
show that the proposed method outperforms the state of
the arts in highly dynamic, dense, and complex scenes.

2. Related Works

2.1. Image-level crowd counting

In early works of crowd counting [5, 16, 27], handcrafted
features were utilized to regress the number of persons in
images. Spatial information is leveraged to improve perfor-
mance in [18] by learning a mapping between image fea-
tures and density maps. Nowadays, CNNs or Transform-
ers are used to map the image features to density maps.
These works tackle challenges such as perspective effects
[31, 42, 43], domain differences [7, 11, 13, 24, 37, 41],
or scale variations [8, 15, 36]. Though density map-based
methods can provide more accurate counts, they cannot de-
termine the exact coordinates of individuals, especially in
regions far away from the camera. To this end, crowd lo-
calization is proposed to directly regress the coordinates of
each person using neural networks [22, 32]. [6, 10, 19]
leverage adjacent frames to enhance counting and local-
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ization performance in the target frame. They still count
the same person multiple times across different frames, so
they are still categorized as image-level crowd counting.
Traditional image-level methods can only perform count-
ing within a fixed region at a single time point, whereas our
method enables counting over dynamically changing views.

2.2. Video-level crowd counting

Counting pedestrians with different identities over a period
of time is more meaningful. We classify this task as video-
level crowd counting, and in work [14], it is also defined
as Video Individual Counting. Intuitively, MOT techniques
[1, 34, 46] offer a potential solution. However, these meth-
ods struggle in highly crowded scenes with several occlu-
sions and are ineffective in handling rapid camera move-
ments. Han ef al. [14] decomposes this task as a pedes-
trian association problem between two consecutive frames.
Liu et al. [25] further proposed a weakly-supervised group-
level matching method. [20] regress the coordinates of per-
son and then classify them into shared, inflow, and outflow
person. However, these methods require localizing individ-
uals in each frame, followed by association or classifica-
tion, where localization errors can severely affect accuracy.
Wan et al. [35] proposed a density map-based method that
predicts inflow and outflow masks and then multiplies the
masks with global density maps to obtain inflow and out-
flow density maps, but this process is difficult to learn and
optimize. In contrast, our method formulates this task in a
more learnable manner by first estimating the shared density
maps and then inferring inflow and outflow density maps.

2.3. Drone-based crowd counting datasets

Currently, datasets for crowd counting from a drone per-
spective remain relatively scarce. Bahmanyar et al.[2]
collected an aerial crowd dataset using DSLR cameras
mounted on a helicopter. The datasets proposed in [26, 30]
are formed in RGB and thermal pairs captured by drones.
However, these datasets are all image-level, meaning they
only allow counting the number of persons at a specific mo-
ment within a fixed view. The multi-object tracking dataset
[48] for drone perspectives contains video clips with dense
crowds. However, during annotation, these crowded regions
were entirely ignored. Luo et al. [39, 40] released a video-
level drone crowd dataset, but the video clips were captured
by hovering drones, with each clip covering only a fixed
field of view, similar to image-level datasets. The dataset
UAVVIC [25] collects video clips captured by drones in rel-
atively simple and uniform conditions. It includes not only
pedestrians but also a large number of vehicles, leading to a
lower pedestrian density. Compared to them, our dataset is
captured by fast-moving drones under more complex condi-
tions, including denser crowds, more challenging lighting,
and more diverse flying altitudes and camera angles.

Figure 2. Two example clips from our dataset. The head bound-
ing boxes and ID annotations are presented in each frame. The
diverse light conditions, shooting angles, heights and densely
packed pedestrians make it a highly challenging dataset. Only two
frames per clip are shown to save space and provide a clearer pre-
sentation. Zoom in to see more details.

3. MovingDroneCrowd Dataset

To promote practical crowd counting, we introduce Mov-
ingDroneCrowd — a video-level dataset specifically de-
signed for dense pedestrian scenes captured by moving
drones under complex conditions. Notably, our dataset pro-
vides precise bounding box and ID labels for each person
across frames, making it suitable for multiple pedestrian
tracking from drone perspective in complex scenarios. We
detail the dataset and compare it with existing ones below.

Data Processing and Scale: Due to strict regulations
on drone flights, we obtained raw drone videos from the
internet using keywords like “aerial”, “drone”, “pedestrian
flow”, and “pedestrian street”. The raw videos were first
segmented into clips covering entire locations. To reduce
redundancy, each clip was downsampled to 1fps, 3fps, or
6fps based on drone speed. Some drone videos have very
narrow shooting angles, making pedestrians farther from
the camera appear extremely blurry. To alleviate the diffi-
culty of annotation, these clips are cropped until the pedes-
trians within the shooting range can be identified by anno-
tators. Finally, 89 clips (4940 frames) with resolutions of
720p, 1080p, 2K, and 4K are obtained.

Anneotation: The annotation process was carried out by
10 well-trained annotators using the labeling tool DarkLa-
bel > and took a month to complete. Each annotator was
asked to label bounding boxes that tightly enclose pedestri-
ans’ heads and assign unique IDs to different individuals in
an entire video. Once the annotations were completed, the
clips were reassigned to different annotators for error check-
ing and revision. Finally, 325541 head bounding boxes and

Zhttps://github.com/darkpgmr/DarkLabel
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Dataset Perspective Moving MFR MPRMPPF  Light  Height Angle I
CroHD Surveillance X 0 0 0 day&night Fixed Fixed
VSCrowd Surveillance X 0 0 0 day&night Fixed Fixed
DroneCrowd Drone X 0 0 0 day&night Fixed  Fixed
UAVVIC Drone ¥ 51% 39% 32 day ~20m ~90°
MovingDroneCrowd  Drone V' 100%100% 66 day&night~ 3-20m~ 45-90° v

ERNENENIS

Table 1. Comparison of recent video datasets. MFR represents
the proportion of moving frames to all frames, MPR denots the
proportion of pedestrians in moving frames to the total number
of pedestrians, and MPPF is the average number of pedestrians
per frame in moving frames. Our dataset is captured in highly
dynamic and complex scenarios, making it the most challenging.

16153 tracklets were obtained. Fig. 2 displays two video
clips from our dataset, with head bounding boxes and ID
labels, illustrating their diverse lighting conditions, shoot-
ing angles, and heights, as well as higher crowd density.
These attributes make our dataset more challenging and dis-
tinguish it from previous datasets.

Dataset Partition: The dataset is split into training
(70%), testing (20%), and validation (10%) sets at the scene
level, ensuring no overlapping scenes. This setup places
higher demands on the algorithm’s generalization ability. In
addition, the data split process ensures that each set contains
diverse data.

Comparison: As shown in Table 1, we compare our
dataset against recent video datasets. Compared with the
previous drone dataset [25], ours specifically focuses on
dense pedestrians and has diverse light conditions, shooting
angles, and shooting heights, as well as more complex mo-
tion patterns. Fig. 3 shows the pedestrian count distribution
per frame of moving data between our dataset and UAVVIC.
Because UAVVIC’s test set is unavailable, we only include
the comparative results of the training set. Based on the
statistical results, most moving frames in UAVVIC contain
fewer than 50 pedestrians, whereas our dataset exhibits a
higher proportion of frames in the ranges of 50 — 99 and
100 — 149, which correspond to typical crowded scenar-
ios. Additionally, our training set has frames distributed in
the more crowded range of 250 — 349, and our test set in-
cludes some extremely crowded moving frames with pedes-
trian count in the range of 350 — 549, whereas UAVVIC
lacks. In summary, our dataset offers a more diverse and
challenging pedestrian count distribution.

4. Methodology

4.1. Problem Formulation

Formally, the training set V; = {Vi,Li}lN:tl consists of
N, video clips and annotations, where the i video V; =
{V;}7<, has n; frames, and L; = {P;, ID;}7, provides
the coordinates and identities of the person in each frame
of video V;. Notably, our method is weakly supervised and
does not require ID labels, making it applicable even when
only inflow I; and outflow labels O; that indicate pedestrian
entries and exits are provided.

Comparison of Person Count Distributions per Frame
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Figure 3. Comparison of pedestrian count distribution per frame
between our dataset and UAVVIC.

Proportion of Images

For consecutive frames V; and Vs (with a fixed inter-
val §), our method estimates the outflow density map D;’“t
for V; and inflow density map ]A);’j_ s for V5. The sum
of D¢“* gives the number of pedestrians in V; who exit the

view of Vs, while the sum of ]3;1 s represents the num-
ber of pedestrians entering the view of V; 5. Consequently,
the total number of unique pedestrians in video V; can be
computed as:
(ni/é)—1 o
M(Vi)~MW)+ > sumDil,.s), D)
k=1

where M (VQ represents the number of persons in the first

frame, and D", is the inflow density map of frame
Vi4kxs relative to frame Vi (x_1)xs-

4.2. Overall Framework

To achieve the goal mentioned above, i.e., estimating the
inflow density map for each frame, we first estimate the
shared density map, as illustrated in Fig. 4. Specifically,
given two consecutive frames V; and V5, we first extract
their multi-scale features F; and F; 5. Then, the extracted
multi-scale features pass through our proposed Depth-wise
Cross-Frame Attention module to obtain shared features F';
and 7 ; for each frame. The shared density map decoder

D, maps the shared features to shared density maps f)j and
D3, A
are fused and then mapped to global density maps D? and

s- Meanwhile, the multi-scale features of each frame

f)? 5 through the global density map decoder D,. Finally,
the differences between the global and shared density maps
are used to derive the outflow density map D;?“t for V; and

inflow density map D7 ; for V; ;5.

4.3. Depth-wise Cross-frame Attention

To learn the shared and global features, we first extract
multi-scale features. Given sampled consecutive frames V;
and Vj s, a shared-weight backbone network and a Feature
Pyramid Network extract multi-scale features F; and F; 5,
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Figure 4. The pipeline of our shared density map-guided VIC method. First, multi-scale features are extracted using a shared-weight CNN
and FPN. The DCFA module computes cross-frame attention across features at all scales to obtain the shared features, while global features
are obtained by fusing the multi-scale features. Then, a global decoder and a shared decoder generate global and shared density maps for
each frame. Finally, the inflow-outflow decoder processes the difference between global and shared density maps to produce the outflow
density map for the first frame and the inflow density map for the second frame. During testing, simply accumulating the sum of the inflow
density maps across all frames yields the total number of unique pedestrians in the entire video.

where F; = {Fz ;1. and Ny is the number of multi-scale
feature levels. The dimension of the i-th scale feature F; is
C x H/20HD) x W/20+1) Here, H and W are the height
and width of input image, respectively, and C' is the number
of feature channels.

With the extracted multi-scale features, our designed
Depth-wise Cross-Frame Attention (DCFA) module is used
to learn shared features for each frame. The details of our
DCFA are illustrated in Fig. 5. DCFA consists of N,, cross-
frame attention units, each containing V, cross-frame atten-
tion blocks. The number of units in DCFA corresponds to
the number of scale levels in the multi-scale features. When
computing the shared feature of frame Vj, the first cross-
frame attention unit directly takes F as input, while for i
unit (3 > 1), the 5™ scale feature F; of frame V/; is first fused
with the output F~" of the (i — 1)™ unit:

F; = Fusion(li‘jfl, F;)
The process of computing the output of the i
performed as follows:

= MSA(LN(F?)) + F,
i’ i’ i i’
F; =MCA(LN(F} ), F; ;) + Fj,

~ . S 1 1!

F! = MLP(LN(Fi")) + Fi",
where LN denotes layer normalization, MSA represents
multi-head self-attention layer, and MCA refers to multi-
head cross-attention layer. The computation of the MCA

layer in Eq. 3 indicates that the multi-scale features from
frames V; and V;; are set as the query and key, respec-

2)

unit is then

3)

tively. This process can be formulated as follows :
Qn=Fi'W2, Ky=F, WK V,=F_ WY,
QnK}
VD
Heady) + FY,

Heady, = Softmax( “4)

)V}u

= Concat(Heady, ...,

where W, WK and W)Y are learnable projection matrices.
Here, h represents the b dependent head, and the final out-
put is obtained by concatenating the outputs of all heads.

This process is repeated 1terat1vely until the final cross-
frame attention unit outputs F v, serving as the shared fea-
ture F5 of V. Similarly, swapping the roles of F; and F? e
ie. setting F | 5 as the query and F as the key and value,
yields the shared feature F?_ s for frame V; 5. The DCFA
module effectively integrates multi-scale features and cap-
tures rich cross-frame information, thereby learning fea-
tures that retain only shared pedestrian information between
the consecutive frames.

4.4. Inflow/Outflow Density Map Learning

To derive the inflow and outflow density maps, shared and
global density maps for frames V; and V;s are first de-
coded:

&)

where D, and D, denote global and shared density map de-
coders, respectively. They have identical architectures com-
prising of alternating convolutional layers and upsampling
operations to progressively restore the resolution to match

f)g = DQ(Fg)’

: D¢ = D,(F?),
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Figure 5. The details of our proposed DCFA module. It contains
N, cross-frame attention units, each comprising N}, cross-frame
blocks. The number of units matches the multi-scale feature levels.
For the ™ unit, cross-frame attention is computed using the fused
feature of the first frame’s feature at i scale and the output of the
(i — 1)™ unit as the query and the second frame’s feature at "
scale level as key and value. The final unit’s output is the shared
feature of the first frame. Swapping the roles of the two frames,
yields the shared feature of the second frame.

the input image size. Here, F]g- is the global feature of Vj,
obtained by directly fusing the multi-scale features in F.

The global density maps contain the densities of all
pedestrians in each frame, while the shared density maps
only include densities for pedestrians appearing in both
frames. Consequently, the outflow and inflow density maps
can be obtained from the difference between the global and
shared density maps:

D? = ,Dio(D? - Dj)a

7+ = Dio(Dj 5 = Djys),
where D;, is the inflow-outflow decoder that is composed
of convolutional layers. Obviously, the outflow density map
contains the density of pedestrians appearing only in frame
V;, while the inflow density map contains the density of
those appearing only in frame V;s. During testing, sum-
ming the inflow density maps of all frames yields the total
number of pedestrians in the video.

(6)

Our framework is trained with four MAE losses: global
Ly, shared L, outflow £, and inflow £;,, density map loss.
These losses are computed as follows:

1 1 2N
2 2 9% - Dill

2N
Ly = ﬁZHD? -D]||, Ls =

(7
ZHDQI 1= Dl ﬁm:NZHD‘" D3],

where N is the number of image pairs in the training batch.
D9, D%, D?, and D" are ground-truth global, shared, out-
flow, and inflow density maps, respectively. Note that the
ground-truth density maps can be generated using either
fully supervised labels (IDs) or weakly supervised labels
(inflow and outflow annotations).

5. Experiments

Due to space limitations, please refer to the supplementary
materials for more details on implementation details.

5.1. Datasets

Datasets UAVVIC and our MovingDroneCrowd are used
for evaluation. A detailed description and comparison of
these two datasets have been introduced above.

5.2. Evaluation Metrics

Similar to image-level crowd counting, MAE and RMSE
are used for evaluation, but they are computed at the video
level. Additionally, we also adopt the metric WRAE,
MIAE, and MOAE defined in [14]. WRAE (Weighted Rel-
ative Absolute Errors) accounts for the impact of frame
counts in different videos when computing relative errors.
MIAE and MIOE measure the prediction quality of inflow
and outflow, respectively. Please refer to [14] and its Sup-
plementary for details.

5.3. Comparison with State of the Arts

Comparison Methods: To demonstrate the superiority of
our method, we compare it against a diverse range of re-
lated works. In addition to algorithms specifically designed
for VIC, we also include other relevant approaches, such as
multiple object tracking and cross-line crowd counting.

Results on MovingDroneCrowd: Table 2 compares our
method with other approaches on our dataset Moving-
DroneCrowd. Our approach significantly outperforms oth-
ers, reducing MAE and RMSE by 37% and 47%, respec-
tively, compared to the latest approach CGNet. For a more
in-depth and detailed analysis, we divide the test scenes by
pedestrian density and evaluate MAE under different den-
sity levels. As pedestrian density increases, other methods
degrade sharply, while our method consistently maintains
reasonable performance. The MOT-based methods com-
pletely fail in high-density scenes due to their reliance on
individual detection and global identity association, which
becomes infeasible in our dataset, including complex scenes
with severe occlusion and rapid camera movements. VIC
methods alleviate some issues but still rely on localization
and cross-frame association, leading to unsatisfactory per-
formance in highly crowded scenes. Density-based method
FMDC [35] performs poorly despite avoiding localization
and association, as directly predicting inflow and outflow
masks is highly challenging. In contrast, our method first
infers the more learnable shared density maps, and then de-
rives the inflow and outflow maps, allowing it to achieve
satisfying results even in complex and crowded scenes.

Results on UAVVIC: We also conduct comparative exper-
iments on the drone video dataset UAVVIC. Since its test
set has not been released, comparisons are performed on
the validation set. The results in Table 3 show that our
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MAE on four different density levels

Method Venue | ID | MAE| RMSE| WRAE| | MIAE| MIOE| o B o 53
ByteTrack[46] | ECCV’22 | X | 153.17 22762  63.82 | 1325 1122 | 8338 2400 32500 441.33
BoT-SORT[I] | arxiv'22 | v/ | 150.61 22346 6253 | 13.11 1122 | 8246 22.00 327.00  430.00
OC-SORT[4] | CVPR23 | X | 20356 276.84  87.75 | 1090  13.63 | 101.46 23200 40500  569.33
DiffMOT[28] | CVPR24 | v | 229.17  450.86 7127 | 23.01 2141 | 4585 29200 95200  761.67
DRNet[14] | CVPR22 | v | 8L14 12634 3336 | 564 509 | 2873 12988 217.13  246.69
CGNet[25] | CVPR24 | X | 66.06 11036  29.16 - - 2592 111.00  144.00  199.00
LOI[47] | ECCV'16 | v | 24177 33790 9963 | - - ] 11013 29446 46757 71933
FMDC[35] | WACV'24 | X | 12031 18357 4882 | 82I 640 | 61.66 7571 5492 411.09
41.00 5834  19.32 4121 102.88
Ours ‘ - ‘ X 1378% 1471% | 337% | >0 639 | 2370 I hi99 | 483%

Table 2. Performance comparison on the MovingDroneCrowd dataset. DO — D3 respectively denote four pedestrian density ranges: [0,
150), [150, 300), [300, 450), > 450. Bold indicates the best result, underline denotes the second-best, and red shows the improvement of
our method over the second-best. The performance advantage of our method becomes even more pronounced as crowd density increases.

Method Venue ‘ Overall ‘ Static ‘ Dynamic

| MAE] RMSE] WRAE| MIAE] MOAE| | MAE] RMSE| | MSE| RMSE]

ByteTrack[46] | ECCV’22 | 14.19  21.51  68.92 1.77 2.09 9.40 1021 | 1569 2398
OC-SORT[4] | CVPR'23 | 18.81 3542 7101 2.42 3.06 7.20 7.77 2244 4034
LOI[47] | ECCV’16 | 21.70 3821  99.00 - -] 11z 1159 | 2501 4329
CGNet[25] | CVPR24 | 2495 5257  83.82 - - | 680 822 | 3062  60.05
o 637 1101  46.01 L81 518 3.30 4.12 7.33 12.40

e 155% 1488% 1332% 0 =% | 1515% | 47% | 1533% 1483%

Table 3. Performance comparison on validation set of UAVVIC. The results shows that our method consistently achieves the best results
across overall, static, and dynamic scenes, demonstrating its effectiveness in both dynamic and sparse scenarios.

Ablation Setting |MAE| RMSE| WRAE| MIAE| MIOE|
vGG WOPE[ 4100 5834 1932 550 639

Backbone W/ PE | 66.64 102.66 37.73 780  9.37

vir WOPE[0856 14283 4850 784 807

W/PE | 51.76 6699 2490 921  8.10

Cross-Frame DCFA | 41.00 5834 1932 550 639
SCFA | 7042 90.13 4471 580 6.02

Inflow Learni Direct | 65.64 99.34 47.12 641 17.63
niowLeamngl  spNet | 41.00 5834 1932 550 639

Table 4. Ablation study for our method. “Direct” represents di-
rectly learning the inflow density map rather than first learning
shared density map.

method achieves the best overall performance, demonstrat-
ing that our method not only handles dense scenes effec-
tively but also performs well in sparse scenes. UAVVIC
contains both static and dynamic drone videos, so we con-
duct separate tests in both scenarios to ensure a more com-
prehensive analysis. As shown in Table 3, the performance
of other methods declines significantly in dynamic scenes
compared to their performance in static scenes, whereas
our method achieves consistently strong results in both set-
tings. This indicates that other methods struggle to handle
dynamic scenes with complex motion patterns, while our
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method performs effectively.

5.4. Ablation Studies

Effect of Backbone: In our method, image features can be
extracted either by CNN or Transformer. Therefore, we first
investigate the impact of the backbone. As shown in the first
row of Table 4, using the VGG-16 backbone yields the best
performance. This suggests that CNN can provide richer
local details for pixel-level tasks such as counting.

Effect of Depth-wise Cross-Frame Attention: To invali-
date the effectiveness of our proposed DCFA module, we
directly use the global features F and F¥, ; to compute the
cross-frame attention, which we refer to as Shallow-wise
Cross-Frame Attention (SCFA). To ensure a fairer compar-
ison, we adjust the hyperparameters in SCFA to ensure its
number of parameters is equal to that of DCFA. The results
in Table 4 show that DCFA achieves superior performance,
as it effectively integrates multi-scale features while learn-
ing shared pedestrian information across adjacent frames.
Effect of Position Embedding in DCFA: The experimen-
tal results in Table 4 show that positional encoding has dis-
tinct effects when using different backbones. Specifically,
when using CNN as the backbone, incorporating positional
encoding in DCFA leads to a decrease in final performance.



GT global map Pre global map

t+6 |

GT shared map

Pre shared map GT in/out map Pre in/out map

Figure 6. The visualization results of our method on MovingDroneCrowd. It presents the results of two consecutive frames. In addition to
the global density map for each frame, the first frame includes its shared density map and outflow density map relative to the second frame,
while the second frame includes its shared density map and inflow density map relative to the first frame.

Frame t Frame t + &
- . - e R

Figure 7. The visualization of CGNet on MovingDroneCrowd.
There are numerous localization errors in dense scenes, and the
cross-frame association are almost entirely incorrect.

However, with a Transformer backbone, adding positional
encoding significantly enhances the counting performance.
This is because CNN inherently encodes positional infor-
mation, and adding extra positional encoding may disrupt
the semantic integrity of CNN features. In contrast, Trans-
former features rely on positional encoding to specify the
location of each pixel.

Effect of Learning Strategy: Our method first predicts
the shared density maps, from which the outflow and in-
flow maps are derived by subtraction from the global den-
sity map. To validate the effectiveness of this strategy, we
conduct an ablation study where the output of DCFA is
decoded and then directly supervised by the ground-truth
outflow and inflow density maps, i.e. learning them di-
rectly instead of first predicting the shared density map. As
shown in the seventh row of Table 4, directly learning the
inflow density map leads to a significant drop in final per-
formance. This suggests that learning shared information
between two frames is easier than learning the private in-
formation of each frame, further validating the rationality
behind our approach.

5.5. Qualitative Results

Fig. 6 illustrates the visual results of our method on exam-
ples of MovingDroneCrowd. The inflow and outflow den-
sity maps reflect pedestrian entries and exits within the field
of view. Although some erroneous responses exist, their
values are effectively suppressed. Fig. 7 presents the visual
results of CGNet on the same image pairs. Significant errors
are observed in both localization and association, with the
association being almost entirely incorrect. This suggests
that previous localization and association-based methods
struggle to handle dynamic and dense scenes effectively.

6. Conclusion

This paper explores a flexible approach to counting unique
individuals over a large area in a period of time, specifically
in videos captured by moving drones. Due to the lack of rel-
evant datasets and effective algorithms, we introduce Mov-
ingDroneCrowd, a challenging video-level dataset captured
by moving drones in crowded scenes with diverse lighting,
altitudes, angles, and complex motion patterns. These fac-
tors make previous methods ineffective. Therefore, we pro-
pose a shared density map-guided algorithm for video indi-
vidual counting that first estimates the shared density maps.
Then, inflow and outflow density maps are obtained from
the differences between global and shared density maps.
Experiments on both our and previous benchmarks demon-
strate that our method effectively handles high-density and
dynamic scenes while also achieving excellent results in
static and sparse scenarios.
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