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Abstract—Accurate crowd counting in real-world scenes re-
mains challenging due to severe occlusions, perspective distortion,
and large intra-scene density variation. Recent deep learning
based approaches typically address these challenges using patch-
level learning, where images are divided into fixed grids or
randomly cropped patches. These approaches then estimate the
count in each patch. However, such fixed partitioning strategies
often fail to align with the irregular spatial distribution of
crowds. This leads to heterogeneous density patterns within
patches where the models fail to produce the accurate count.
In this study, we propose a simple, yet effective Density-Guided
Adaptive Patch Learning framework for crowd counting. Instead
of relying on fixed-size patches, we first obtain a coarse density
estimation to capture the global density structure of a scene.
Based on this estimate, the image is dynamically partitioned into
density-homogeneous regions, where dense areas are represented
using smaller patches and sparse regions using larger patches.
Each adaptive patch is then processed independently for density
estimation, and the resulting predictions are fused to produce
the final crowd density map. The proposed framework is model-
agnostic and can be seamlessly integrated with existing crowd
counting networks without architectural modification. Extensive
experiments on benchmark datasets demonstrate that the pro-
posed adaptive partitioning consistently achieves lower Mean
Absolute Error (MAE) in counting accuracy and localization
compared to fixed patch-based baselines, particularly in scenes
with strong density variation.
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I. INTRODUCTION

In urban areas, large-scale gatherings such as political
demonstrations, religious gatherings, and concerts are more
prevalent [1]. During such events, security agencies should
ensure safety of the people and that the activities of crowd
are in control [2]. Automated crowd analysis systems involve
counting of people [3]. The goal of the counting system
is to determine the number of individuals in a scene and
identify their locations [4]. Predicting the correct number of
people in crowd can help avoid calamity and crowd disaster
beforehand [5].

Despite extensive advancement, computer vision still faces
the highly challenging problem of crowd counting [6]. This is
due to the reason that the crowd scenes are extremely dense
with people obstructing each other, and the point of view
and scale vary significantly [7]. In such circumstances, the
conventional surveillance and detection techniques cannot be
effective. This implies we must apply automated techniques
which estimate crowds directly from the image [8]. Recently,
deep convolutional neural networks have advanced signifi-
cantly by learning robust representations specific to specific

scenes within crowds [9], [10], [11].

A. Fixed Patch-Based Methods

Most of the existing density-based crowd-counting deep
learning methods employ patch-level learning strategies to
address scale changes and enhance localization [12], [13], [14].
The methods divide an input image into patches either through
fixed grids or random cropping. Then individual patches are
individually tackled to determine density. The patch-based
learning approach works well, provided the number of people
in a patch is roughly equal. In real life, crowds do not
necessarily behave in the same way [15]. Areas associated with
close proximity can be filled up, whereas spaces that are nearby
can remain vacant. Usually the patch boundaries are fixed
and cut across these regions, mixing up the density patterns
and rendering learned representations less valuable [16]. This
degradation is caused by heterogeneous densities in one patch.
This introduces regression ambiguity, in which the network is
required to predict a single density of the spatially inconsistent
distributions of crowds.

Recent works have tried to solve this problem by the use of
multi-column architecture [17], [18], [19] or expert selection
schemes to manage the scale variance. These techniques sta-
bilize the system when the view varies These methods divide
the input image into fixed spaces and then estimate the density
in each patch. Thus, the primary problem of patch boundaries
being unaligned with the underlying crowd structure remains.
This is particularly apparent in the case when the crowd density
varies significantly within the image.

A key concept in this study is that crowd density is
a natural method of discovering valuable patch boundaries.
Areas of similar density characteristics tend to possess equal
patterns and scale in their images [20]. Conversely, the density
differences are usually intense, implying that a change in
the structure of the scene has occurred. On the basis of this
observation, we suggest a density-guided strategy that alters
patch size as well as shape in accordance with the distribution
of the density of the crowd over space.

In this study, we discuss a crowd-counting framework
known as Density-Guided Adaptive Patch Partitioning. This
is done by first creating a rough density map to provide a
sense of the overall density structure of the scene. The image
is partitioned into adaptive patches approximately identical
in density according to this conjecture. In order to maintain
similar context smaller patches are used to depict areas that
have much detail and larger patches are used to depict areas
that have less detail. To estimate the density, the adaptive
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patches are treated individually and provided as input to
another convolutional neural network. The network estimates
the count in each patch and count from all the patches are
combined to produce the final crowd density map.

Experiments on standard benchmark datasets indicate that
the adaptive partitioning strategy suggested is always more
accurate during counting and localization tasks than the fixed
patch-based approaches, particularly in challenging scenes
with uneven distributions of crowds.

This work offers the following contributions:

e In this work, we identify the challenges associated
with fixed patch-based counting models.

e We address the issues associated with the patch-
based method by proposing an adaptive patch counting
strategy that utilizes the coarse density information to
adjust the size of the patch.

e We perform experiments on a challenging variety
of public datasets. From the experiment results, we
demonstrate the effectiveness of the proposed method.

II. RELATED WORK

The computer vision community has put a lot of effort
in the study of crowd counting, starting with detection-based
methods of counting, to regression-based [21], and deep
learning-based counting methods [7]. This section will review
the most appropriate works and place our approach in the
existing literature.

The initial crowd counting methods used individual pedes-
trians and detected them or tracked them with hand-coded
features. Head or body-detection-based methods used Haar
wavelets, HOG features, and part-based models to locate
faces in images or videos. Tracking-based approaches tried to
estimate the number of pedestrians by aggregating trajectories
of motion that are extracted using video images [22], [23],
[24]. Although these methods are effective in low-density
crowds, they have serious performance problems in dense
crowds where there is occlusion and clutter.

In order to address the drawbacks of detection and tracking
based algorithms, regression-based models were suggested
to directly estimate the number of crowds using global or
local image features. Initial models used a linear and kernel
regression model based on feature of texture, edges, and
interest points [25], [26]. A study by Idris et al. [27] was able
to use a mixture of handcrafted features, such as HOG-based
head detectors and Fourier analysis, to deal with very dense
crowds. Despite the strength of these techniques, handcrafted
details usually had limited representational power to process
complex crowd scenes.

A. Density Map Refinement

Density map estimation also proposed a pixel-based for-
mulation of counting people, which allows to estimate the
counts and to localize them spatially at the same time [28].
Later literature continued the concept of random forests and
structured regression to enhance efficiency and strength to a
better level. The capability to deal with occlusion and the
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ability to give fine-grained information about the distribution
of crowds has made density-based approaches a prevailing
paradigm.

Conventional neural networks (CNNs) have become com-
monly used in counting crowds with the effectiveness of deep
learning. Zhang et al. [29] presented a CNN-based cross-
scene crowd counting framework based on density and count
targets and data-driven fine-tuning. Boominathan et al. [30]
presented CrowdNet that is a combination of deep and shallow
fully convolutional networks to extract semantic and low-level
features across large scale differences.

B. Multi-Scale Approaches

Multi-column CNNs were subsequently developed to ex-
plicitly deal with scale variations with multiple branches
that have varying receptive fields [18]. Switch-CNN [31]
also expanded the concept by dynamically forwarding image
patches to image-specific regressors depending on crowd den-
sity. Although these methods are highly effective in enhancing
performance they are usually based on grid partitioning or a
fixed patch size which does not always match the irregular
structure of the density of real-world crowds.

Cross-scene crowd counting helps resolve the problem
of extrapolating models to unknown settings. A data-driven
approach to adaptation suggested by Zhang et al. [29] in-
volves retrieving similar training samples to be fine-tuned to
the specific scene. Perspective-aware techniques make use of
camera geometry to normalize scale changes, commonly with
manually developed perspective maps [32], [29]. Nevertheless,
getting the correct perspective information is not always pos-
sible and is often a labor-intensive job.

In spite of this breakthrough, the majority of patch-based
crowd counting methods use a fixed spatial partitioning ap-
proach. These methods combine non-uniform density patches
within a patch restricting their utility in images where the
density varies strongly across the image. Conversely, our work
is about the density structure adaptation of patch boundaries,
which is a straightforward and supplementary enhancement of
current crowd counting systems.

III. PROPOSED METHOD

An overview of the proposed framework is illustrated in
Fig. 1. The framework consists of three main modules: 1)
coarse density estimation, 2) adaptive patch partitioning based
on density homogeneity, and 3) patch-level density refinement
and fusion.

A. Coarse Density Estimation

This module estimates the coarse density within each cell.
This information is later on used by the other modules to
generate adaptive patches and produce refine density map.

Given an input image I € RYXWx3 obtain a coarse

density map D. € RT*W ysing a lightweight convolutional
neural network which is trained using standard density regres-
sion loss function and formulated, as in Eq. (1):

D = fe(I) ey
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Fig. 1. Overall pipeline of the proposed crowd counting framework.

The primary objective of this module is to accurately
estimate the number of people in the image. This module is
used to capture the spatial distribution of pedestrians in the
scene.

B. Density-Guided Adaptive Patch Partitioning

After obtaining the coarse density map, D., , we parti-
tion the image into a sequence of adaptive patches, P =
{P1,Ps,...,Pn}, where P, and P; are the neighboring
patches and have approximately the same density levels. Algo-
rithm 1 presents the density-guided adaptive patch partitioning.

For obtaining the sequence of adjacent patches, We first
divide the coarse density map D, into non-overlapping base
cells of size s x s. For each cell C;, we compute the the average
density value, as in Eq. (2):

> D )

|O | zeC;y

Based on the average density value, d;, each cell is assigned
one of K the density levels using predefined thresholds. In this
work, we use four density levels: low, medium, high and very

high; therefore, we fix the value of K to 4 levels, as provided
in Eq. (3):

1u d’L < T,

2, 71 <d; <,
L=< 3

K, dl > TK—1-

After assigning a density level to each cell, we then
combine the adjacent cells that share the same density levels
into a single large cell. In this way, dense regions produce
small patches, while sparse regions will produce large patches.
This strategy helps us to keep the contextual information intact,
which is very crucial for precise crowd counting.

C. Patch-Level Density Refinement

After obtaining the adaptive patches, we then resize the size
of patch to a fixed size and provided as input to the density
estimtion network.

Let adaptive patch P; € P is process through a density
estimation network f,.(-), as formulated in Eq. (4):
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Algorithm 1 Density-Guided Adaptive Patch Partitioning

Input: Input image
Output: Final density map Dy, total count C'
Compute coarse density map D, = f.(I)
Divide D, into base cells {C;} of size s x s
foreach cell C; do
Compute average density d; Assign density level /; based
on thresholds {7x}

Merge adjacent cells with identical I; to form adaptive patches
P
foreach adaptive patch P; € P do
Resize P; to fixed input size Predict refined density map
Dj = f+(F;)
Project all D; back to original image coordinates
Fuse patch density maps to obtain Dy
Compute total count C' =) Dy(x)
return D¢, C

D; = f(Pj), 4)

where, D; denotes the refined density map for patch P;.

We can use any Crowd density estimator f,(-), however,
we trained the network using the standard Lo loss between
predicted and ground-truth density maps, as formulated in

Eq. (5):

N
1
Edensity: NZHDij]GTHS o)

j=1

D. Density Fusion and Crowd Count Estimation

After computing the crowd density in each patch, we then
compute the final density map Dy by projecting each refined
patch density map D; back to its original spatial location by
using Eq. (6):

N
Dy(x) =) Iz € P))- Dj(x), (6)

j=1

where, I(-) is an indicator function.

We then compute the final density by aggregating all crowd
counts from all patches, as provided in Eq. (7):

C=> D) (7)

IV. EXPERIMENTS

To evaluate the performance of proposed framework, we
use three publicly available dataset, namely ShanghaiTech,
UCF_CC_50, and WorldExpo’10. These datasets are widely
used to evaluate the performance of crowd counting methods.
We provide the details of each dataset as follows:
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A. Datasets

1) ShanghaiTech dataset: ShanghaiTech dataset is a pop-
ular dataset used for evaluating crowd counting and density
estimation methods. This dataset is first collected by Zhang et
al. [18]. The dataset includes diverse real-world scenes of high
crowd densities. The dataset is categorized into two parts, Part
A and Part B depending on the complexity of the scenes.

ShanghaiTech Part A contains 482 images that are collected
from diverse scenes. These images are captured from different
perspectives and with different spatial resolutions. The images
also contain scenes with different counts of people, ranging
from 33 to 3,139 people per image, with the average count
of people in an image 501.4. Part A has 241,677 annotations,
which is enough to test models under extreme conditions, such
as occlusion, scale changes, and perspective distortions.

ShanghaiTech Part B, on the other hand, consists of 716
images that were taken on the streets of Shanghai, and all
the images have same resolution of 768 x 1024 pixels. This
part of the dataset comparatively contains low-density crowded
scenes, where the count of people per image ranges from 9 to
578 people with an average of 123.6 people. Part B contains
88,488 annotations. This dataset is more suitable for assessing
the performance of the models in realistic applications in
surveillance-like tasks.

2) UCF_CC_50 dataset: The UCF_CC_50 is a conven-
tional standard that is widely employed to test crowd counting
and density estimation models. The data is first curated by
Idrees et al. [27] The data set consists of diverse images
of various scenes and resolutions. The number of individuals
varies significantly in the images with an average number of
people per image is 1,279.5 with a range of between 94 and
4,543 individuals. There are 63,974 annotations in the dataset.
Since the dataset is complex in nature, this dataset is usually
employed to test the effectiveness of the models in different
challenging scenes.

3) WorldExpo’10 dataset: WorldExpo’10 is a large dataset
for crowd counting employed to test the crowd counting and
density estimation methods in various real-world scenarios,
with a relatively huge volume of data. The dataset consists
of 3,980 images with a constant resolution of 576 x 720.
The range of the crowd counts is between 1 individual frame
and 253 per image, with a mean of 50.2 people per frame.
The dataset provides 199,923 annotated individuals. Due to
the large number of samples with moderate crowd density
and diversity, WorldExpo.10 tends to be used to test the
generalization capability and reliability of a model across
different scenes.

To evaluate the performance of proposed framework, we
use Mean Absolute Error (MAE) and Mean Squared Error
(MSE) as evaluation metrics formulated in Eq. (8) and Eq. (9).
These metrics are widely used to quantify the performance of
the models.

N
1 GT
MAE = =% |Ci = CFT), ®)

i=1
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N
MSE = Z (C; — CCT)2 9)

where, C; and C’iG T denote the estimated and ground-truth
counts, respectively.

B. Implementation Details

We implemented the framework in Python with the Py-
Torch library. We trained the coarse density estimation network
independently using standard density maps. These density
maps are generated by first projecting the point annotations
onto the zero-valued image. The size of zero-valued image is
same as the size of the original image. We then employ a 2D
Gaussian kernel to generate a density map. We utilize these
density map to train the coarse density estimation network
using Lo loss.

Adaptive patch partitioning thresholds are set according to
levels of density of crowds by following the convention in [33].
Particularly, four levels of density are taken into account. These
levels include very low, low, medium, and high. The areas
(cells) with a count of less than 8 persons is classified as very
low, areas with 9 to 16 persons are classified as low, medium-
density areas have 17 to 21 persons, and high-density areas
have more than 21 persons. After classifying each cell into
density levels, we then merged the neighboring cells that have
the same density level to form adaptive patches. Due to this
strategy, dense regions, which are inherently compact regions,
will produce small patches, while very low and low-density
regions, which are generally smooth and uniform, are merged
into larger patches.

We trained all the models using stochastic gradient descent
with a learning rate of 10~% and momentum of 0.9.

C. Results on ShanghaiTech

We report the performance comparison of the proposed
method and other baseline methods in Table I on the Shang-
haiTech dataset. We reported the results on both parts of the
dataset in terms of MAE and MSE.

TABLE I. PERFORMANCE COMPARISON ON THE SHANGHAITECH

DATASET.
Part A Part B
Method MAE MSE MAE MSE
MCNN 110.2 173.2 26.4 41.3
Switch-CNN 90.4 135.0 21.6 334
CrowdNet 88.6 138.7 20.1 31.8
Proposed 86.3 131.9 19.2 29.6

From the table, it is obvious that proposed framework beats
all other reference methods by achieving low MAE and MSE
values. Further analysis revealed that models perform well on
Part B than Part A. This implies that the models perform well
on low-density areas, which also supports our motivation that
fixed grid partitioning does not work well in scenes where
the crowd distribution is not uniform. On the other hand, the
proposed adaptive partitioning strategy better captures the local
density structure, which leads to improved performance.
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D. Results on UCF_CC_50

A comparative analysis of various methods on the challeng-
ing UCF_CC_50 dataset is provided in Table II. In general,
the findings in Table II indicate that the proposed method has
achieved good performance compared to all other approaches,
producing the smallest values of MAE and MSE.

TABLE II. PERFORMANCE COMPARISON ON THE UCF_CC_50 DATASET

Method MAE MSE
Idrees et al. 419.5 487.1
MCNN 377.6  509.1
Switch-CNN  318.1 439.2
CrowdNet 452.5 -

Proposed 3057 4214

This implies that the proposed framework does not only
enhance counting accuracy but also generates more predictive
stability with high accuracy. Other previous approaches like
Idrees et al. and MCNN are more error-prone, indicating
the challenge of dealing with large-scale density changes in
highly crowded scenes. Switch-CNN demonstrates a signifi-
cant improvement because of the density-sensitive switching
mechanisms; nevertheless, the proposed method remains in
the lead. CrowdNet also reports a relatively high MAE and
fails to give a comprehensive evaluation of its strength. The
improved performance of the proposed method underscores
its better ability to learn complex distributions of crowds in
densely populated and sparsely populated regions that is of
great concern in UCF_CC_50 where there is a lack of sufficient
training samples, as well as a large number of crowds.

E. Results on WorldExpo’10

1) WorldExpo’10 dataset: Results on the WorldExpo’10
dataset are summarized in Table III. The proposed method
achieves the lowest average MAE across all five test scenes,
indicating improved cross-scene generalization. Unlike ap-
proaches that rely on scene-specific fine-tuning or perspective
maps, the proposed framework adapts patch sizes dynamically
based on density structure, without requiring additional anno-
tations. Notably, consistent improvements are observed across
scenes with varying crowd densities and camera viewpoints.
These results suggest that density-guided adaptive partitioning
effectively mitigates domain shifts between scenes by pre-
venting inappropriate aggregation of sparse and dense regions
within fixed patches.

FE. Ablation Studies

1) Effect of adaptive patch partitioning: To evaluate the
impact and importance of the adaptive patch partitioning
method and to compare it with fixed grid and random patch
strategies, we report the result in Table IV. From Table IV,
it is demonstrated that adaptive patch partitioning achieves
better performance compare to baseline strategies. This is
due to the reason that the adaptive patch partitioning strategy
adopts the density-guided method rather than fixed and random
patch sizes. Fixed grid partitioning places artificial boundaries
often cutting across dense areas whereas random cropping is
spatially inconsistent.
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TABLE III. MAE COMPARISON ON THE WORLDEXPO’ 10 DATASET

Method S1 S2 S3 S4 S5 Avg.
MCNN 34 20.6 12.9 13.0 8.1 11.6
Switch-CNN 42 149 142 187 43 11.2
Cross-Scene CNN 9.8 14.1 143 222 37 12.9
Proposed 31 137 11.8 119 4.0 8.9

TABLE IV. EFFECT OF ADAPTIVE PATCH PARTITIONING ON
SHANGHAITECH PART A.

Method Variant MAE
Fixed grid patches 90.8
Random patches 92.1

Adaptive partitioning (ours) 86.3

2) Effect of coarse density estimation: We also measure the
influence of different coarse density methods on the overall
performance in Table V. Table V evaluates the impact of
the quality of coarse density estimation on the performance
on UCF_CC_50 dataset. Uniform partitioning gives maximum
error which shows that neglecting density information gives
poor performance. The addition of a weak CNN to estimate
the coarse density can be used to achieve much lower MAE,
and it demonstrates that a simple density-aware model can be
successfully used to guide the partitioning process. A slight
improvement is made by replacing the weak CNN with a
heavier backbone. This implies that coarse density estimation
accuracy does not matter much at this point and a light and
efficient model will suffice with the adaptive partitioning.

3) Patch size sensitivity: The impact of different base cell
sizes s on performance over the ShanghaiTech Part A dataset
are reported in Table VI. As the results indicate, the moderate
cell size of 32 x 32 obtains the lowest MAE (86.3) which
performs better compared to the smaller (16 x 16, MAE =
87.5) and larger (64 x 64, MAE = 88.1) configurations. The
difference between performance with optimal settings and the
values of all tested cases is in a relatively small range of 1.8
MAE, which means that the variance is small in relation to
this parameter. Such small change indicates that the proposed
technique is not very sensitive and statistically stable to the
selection of the base cell size. The smaller cells can lead
to noisy partitions, and the bigger cells can limit adaptive
flexibility.

G. Discussion

From the above experiment results on three datasets, in-
cluding, ShanghaiTech, UCF_CC_50 and WorldExpo 10, it is
demonstrated that the proposed density-guided adaptive patch
partitioning scheme achieved consistent performance in all
these datasets. Although these datasets are diverse with varying
densities, the complexity of the scene, and resolution, the
proposed approach yields consistent and significant gains over
fixed patch-based ones.

In the ShanghaiTech dataset, the proposed approach ex-
hibits more gains on Part A than on Part B. In Part A,
crowd density varies significantly within individual images.
Fixed grid partitioning frequently divided the dense regions or
combined tthe areas with distinct density characteristics, which
degrades the performance. On the other hand, the proposed
method is more effective at preserving the local structure of
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TABLE V. EFFECT OF COARSE DENSITY ESTIMATION QUALITY ON
UCF_CC_50.

Coarse Density Source ~ MAE
Uniform partitioning 3314
Weak CNN (ours) 305.7
Heavy CNN backbone 304.9

TABLE VI. SENSITIVITY TO BASE CELL SIZE s ON SHANGHAITECH

PART A.
Base Cell Size s MAE
16 x 16 87.5
32 x 32 86.3
64 x 64 88.1

the crowd since it aligns patch boundaries with regions of ho-
mogeneity in density, which leads to better density estimates.
The proposed framework also achieve good performance on
Part B which contains varying sparse density scenarios. This
demonstrate that the proposed framework work well in both
high and sparse density crowded scenes.

On the ShanghaiTech dataset, which contains both highly
congested and relatively sparse scenes, the proposed method
shows stronger gains on Part A than on Part B. This behavior
aligns well with the design motivation of the framework. Part A
images exhibit significant intra-image density variation, where
fixed grid partitioning frequently fragments dense regions
or mixes heterogeneous density patterns. By aligning patch
boundaries with density-homogeneous regions, the proposed
approach better preserves local crowd structure, resulting
in improved density estimation. In contrast, Part B scenes
are more uniformly distributed, and while the performance
gains are smaller, the proposed method maintains competitive
accuracy without degradation, indicating good robustness in
simpler scenarios.

The UCF_CC_50 dataset is even more of a challenge
because of its restricted size and a large variety of crowd
numbers. The high performance on this dataset demonstrates
that the proposed adaptive partitioning achieves good perfor-
mance compared to the fixed and random patch techniques.
The capability to produce smaller patches in high-density areas
enables the refinement network to concentrate on fine-grained
crowd patterns which is essential in situations of extreme
density and extreme occlusion. The experiments on this dataset
indicates that adaptive partitioning is especially useful when
the training data is very sparse and has large density variations.

On the WorldExpo-10 dataset, which focuses on cross-
scene generalization, the proposed method has the lowest av-
erage error on all the test scenes. As compared to methods that
make use of scene-specific fine-tuning or perspective maps, the
suggested architecture dynamically adjusts patch sizes based
on density cues only. This allows managing domain shifts in
various camera angles and crowd configurations without any
extra annotations or scene-specific calibration. The trend of
steady enhancement in all the test scenes suggests that density-
guided partitioning offers a strong cross-scene crowd counting
mechanism.

The visualization of different stages of proposed framework
on different sample images is illustrated in Fig. 2.
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Fig. 2. Visualization of different stages of the proposed framework. The first two rows are the sample frames from the UCF_CC_50 dataset, while the last two
rows represent the sample image from the ShanghaiTech dataset. The first column represents the input sample frames. Second column represents the coarse
density. Third column represents the density level cells while the fourth and fifth column represent the adaptive patches and refined density map, respectively.

V. CONCLUSION

In this study, we presented a density-guided adaptive patch
partitioning framework for crowd counting. The proposed
approach addresses a key limitation of existing patch-based
methods, which rely on fixed spatial partitioning and often fail
to align with the irregular density distribution of real-world
crowds. By leveraging a coarse density estimation to guide
adaptive patch generation, the proposed framework produces
density-homogeneous regions that are better suited for patch-
level density refinement.

The proposed method is simple, lightweight, and model-
agnostic, and can be seamlessly integrated with existing crowd
counting networks without architectural modification or addi-
tional supervision. Extensive experiments on three widely used
benchmarks demonstrate consistent improvements over fixed

patch-based baselines, particularly in scenes with strong intra-
image density variation and complex crowd layouts.

Future work may explore extending the adaptive partition-
ing strategy to temporal crowd analysis in videos and integrat-
ing it with more advanced density estimation models while
preserving the simplicity and efficiency of the proposed frame-
work. Furthermore, we will explore to employ adaptive par-
titioning strategy to existing modular architectures. Also, the
density-guided adaptive partitioning principle can potentially
be used in other dense prediction and spatial analysis problems
besides counting crowds, and future studies can explore its
application to similar dense prediction and spatial analysis
problems like object localization, congestion detection, traffic
flow estimation, and count cells in biomedical images. Such
extensions may also establish the generalizability and extended
applicability of the concept of adaptive spatial decomposition
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in addition to maintaining efficiency and modularity, as seen
in the present study.
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