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DACNet: A Density-Adaptive Counting Network
for Real-World Crowd Analysis Without

Overhead
Jianping Yue , Bohuan Xue , Member, IEEE, Wenli Wu , Rui Fan , Senior Member, IEEE,

and Xiaoyu Tang , Member, IEEE

Abstract—In practical applications of crowd counting, the
density and scale of human heads often vary significantly
due to the influence of the camera’s perspective effect. Point-
based methods fail to consider crowd density variations
and face issues with inaccurate matching. Inspired by the
spatial perception function of the posterior parietal cortex
in the human brain, this article proposes a density-adaptive
counting network (DACNet), which assists object counting
through auxiliary points. First, we propose a lightweight
detail enhancement Mamba block (DEmamba Block), which
combines convolution and state space models (SSMs) to
enhance blurred details in densely crowded regions. Second,
we propose a plug-and-play adaptive channel focus mod-
ule (ACFM). ACFM introduces a channel weight selection
algorithm, leveraging the advantages of multiple weights.
Finally, we propose a density-adaptive auxiliary point guid-
ance (DA-APG) strategy in the detection head. DA-APG
generates positive and negative auxiliary points at varying
distances around the ground truth points based on crowd density as additional supervisory signals, addressing the issue
of crowd density variation. Moreover, this DA-APG strategy is only applied during training, and does not incur additional
computational cost. To facilitate research on crowd density variations in real-world scenarios, we introduce a specialized
dataset named VariDensity-CC. Experiments on nine datasets show that DACNet achieves the best overall balance
between accuracy and speed. Furthermore, DACNet has been deployed on edge computing devices for real-world
testing and demonstrates real-time performance. The code and dataset are available at: https://github.com/SCNU-
RISLAB/DACNet

Index Terms— Crowd counting, density-adaptive, edge computing, object counting, sensor applications.

I. INTRODUCTION

OBJECT counting, especially crowd counting, has numer-
ous real-world applications [1], [2], [3]. The primary
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objective of crowd counting is to estimate the number of
people in a given image [4], [5], [6], while a supplementary
task, known as crowd localization, facilitates subsequent crowd
behavior analysis in various scenarios. Currently, there are
three basic methods for crowd counting: detection-based meth-
ods [7], map-based methods [8], and point-based methods [7].
Among them, the point-based method directly predicts the
location and number of points. With its elegant end-to-end
process and excellent localization ability, it is well-suited
for real-world scenarios. Therefore, this article selects the
point-based model P2PNet [9] as the baseline model for
real-world application scenarios.

However, in real-world applications, variations in crowd
density and scale are almost inevitable due to factors such
as camera height and shooting angles. We observed that the
density variations in crowd images often lead to mismatches
between point proposals and ground truth points, limiting
the application of point-based methods in real-world scenar-
ios. Especially in high-density scenarios, due to the extreme
proximity between points, point proposals are highly likely
to match with incorrect ground truth points. As shown in
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Fig. 1. Challenges in real-world crowd counting applications. (a)
Perspective distortion in real scenes causes pronounced variations in
head scale across the image. (b) Large foreground heads can be difficult
to recognize, while densely packed background heads often suffer from
mismatches and blurred boundaries. (c) Numerous small-scale heads
are heavily occluded and low-resolution, making them difficult to localize
accurately.

Fig. 1(b), in small-scale regions, a single predicted point may
correspond to multiple ground truth points, further exacer-
bating the matching errors. In addition, point-based methods
often suffer from limited feature representations and complex
background interference, which further constrain counting
accuracy. This is especially evident in densely crowded
regions, where individual heads offer minimal distinguishable
features, as shown in Fig. 1(b). The majority of heads are
concentrated at small scales, as shown in Fig. 1(c). Therefore,
effectively handling small-scale heads is key to improving the
model’s accuracy. Despite these challenges, there has been
little systematic research addressing the limitations caused by
density and scale variations in point-based crowd counting.

Variations in crowd density and scale are almost inevitable
in real-world scenarios [10], which limits the practical applica-
tion of point-based methods. Existing solutions include intro-
ducing additional annotated points [11], bounding boxes [11],
or generating candidate regions based on scale variations [12].
While these methods have achieved some success, they often
incur additional computational overhead and are not always
compatible with point-based approaches [13]. Under such
conditions, leveraging auxiliary information for object count-
ing without increasing computational complexity becomes a
promising alternative.

In the human brain, object recognition relies not only on
prior representations but also on spatial relationships with
surrounding objects, which are processed by the posterior pari-
etal cortex. Inspired by this cognitive mechanism, we propose
density-adaptive counting network (DACNet) that addresses
the challenges posed by density variation by generating
auxiliary points to enhance point-based crowd counting per-
formance. First, we propose a lightweight detail enhancement
Mamba block (DEmamba Block), which combines convolu-
tion and state space models (SSMs) to enhance blurred details
in densely crowded regions. Second, we propose a plug-and-
play adaptive channel focus module (ACFM) to tackle crowd
density variations and background noise. Finally, to address
the issues of crowd density variation in real-world scenarios,
we propose a density-adaptive auxiliary point guidance (DA-
APG) strategy. The main contributions of this study can be
summarized as follows.

1) We propose an end-to-end real-time crowd counting
network along with a dataset, VariDensity-CC, specif-
ically designed for crowd density variations. Extensive
experiments are conducted on nine datasets. Notably,
we deployed the model on an edge computing device
and monitored campus pedestrian flow, which can be
applied in scenarios such as campus surveillance and
accident prevention.

2) We propose a lightweight DEmamba Block that com-
bines convolutional operations with an SSM to enhance
blurred details in densely crowded regions. By inte-
grating a small-kernel design with an enhanced Mamba
architecture, DEmamba enables efficient extraction of
fine-grained details in dense regions while maintaining
low computational complexity.

3) We propose a plug-and-play ACFM. The channel selec-
tion algorithm in ACFM can leverage the advantages of
different weights, filling the gap in integrating channel
weights with varying characteristics.

4) A DA-APG strategy is introduced in the detection
head. By generating positive and negative auxiliary
points at varying distances around the true target points
as additional supervisory signals, DA-APG solves the
long-standing problem of crowd density variation in
real-world application scenarios.

II. RELATED WORK

A. Crowd Counting Methodologies
In recent years, object counting methods have shifted

from traditional sensor-based approaches [14], [15] to deep
learning-based methods [16], [17], [18]. Traditional meth-
ods using Wi-Fi signals, radar [2], [14], [19], [20], [21],
[22], or visual image processing struggle in dense scenes.
As a result, crowd counting has increasingly turned to com-
puter vision (CV) [23]. In practical applications of crowd
counting, high accuracy and fast inference under limited
computational resources are considered equally important [24],
[25], [26]. Subsequent works reduce computation via knowl-
edge distillation, shallow CNNs, and lightweight architectural
refinements [24], [27]. In this work, we not only reduce
computational cost through the deliberate design of network
structures and convolutional modules, but also rethink the
fundamental methodological choices.

Recent crowd counting methods can be grouped into three
categories: CNN-based, transformer-based, and SSM-based
approaches (see Fig. 2). CNN architectures often adopt
dual-branch designs to enhance detail representation [28],
[29], [30], [31], while hybrid models combine CNNs with
transformers to improve feature interaction [32]. Although
small-kernel convolutions reduce computation and preserve
fine-grained head details, they weaken global modeling.
To address this, we propose the DEmamba block, which
couples CNNs with a Mamba-based backbone to retain global
context at low cost.

B. Complex Background
When the pixel values in the background have similar values

as that of the object, it can make learning hard. The primary
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Fig. 2. Representative combinations of CNN, transformers, and SSM
are illustrated. (a) Double CNN. (b) Double CNN (with residual). (c) CNN
and transformers. (d) CNN and Mamba (with residual) (ours).

approach has been to incorporate various attention mechanisms
to enhance the detection of key regions [33], [34], [35]. How-
ever, the attention-based methods mentioned above rely on
CNNs, which often depend on fixed-size convolutional kernels
to generate weights, making it challenging to balance local
and global features. To address this limitation, we propose
an adaptive algorithm that selects convolution kernel sizes
dynamically, and we integrate it into standard CNN-based
channel attention modules, forming the ACFM.

C. Variations in Scale and Density
Scale and density variations caused by perspective effects

remain key challenges in crowd counting. One of the
most classical solutions is multicolumn networks, such as
MCNN [36]. Other methods attempt to generate more accurate
density maps, such as setting Gaussian kernel sizes accord-
ing to altitude information [27] or adding additional point
annotations [37]. Some approaches rely on explicit geomet-
ric relationships, including inverse perspective mapping [12]
and leveraging contextual cues from neighboring heads [38].
Further studies explore the relationship between sparse and
dense scales to enhance scale awareness [39], while others
classify regions into different density levels and then count
them separately [40]. However, these approaches often suf-
fer from high computational cost and limited adaptability,
and they cannot be directly applied to point-based methods.
In contrast, DACNet introduces a density-adaptive auxiliary
point mechanism during training, which enhances robustness
to density variations without relying on geometric information.
It is also plug-and-play, allowing easy integration with other
point-based methods without adding inference cost.

III. METHODS

A. Overall Network Design
The architecture of the proposed model is illustrated in

Fig. 3, and consists of four parts: the backbone, the neck,
the denoising module, and the detection head. To effectively

capture fine-grained features in densely populated regions,
a lightweight detail-enhancement Mamba (DEmamba) mod-
ule, is designed and integrated with standard convolutional
layers to extract features from the original image. In the neck,
a simplified version of the path aggregation feature pyramid
network (PA-FPN) is employed, with emphasis placed on pre-
serving the lower level, more detailed feature maps. Two of the
low-level feature maps are further processed by the ACFM to
suppress noise caused by variations in crowd density. Finally,
the multiscale feature map obtained by concatenating the two
refined feature maps is forwarded to the detection head, which
not only generates the final predicted point coordinates Ppredict,
but also the coordinates of positive auxiliary points Apos
and negative auxiliary points Aneg. The predicted points and
auxiliary points are matched to the ground truth points, and the
losses for the point-based method are calculated as Lpoint, with
the auxiliary point losses given as Lpos

APG and Lneg
APG. During

the auxiliary point generation process, DA-APG dynamically
adjusts the generation range of auxiliary points based on
the density around the target point, reducing mismatches and
capturing more long-range spatial information. This improves
the model’s performance in real-world scenarios with density
variations.

B. Detail Enhancement Mamba Block
To efficiently extract fine-grained features in crowd images

while reducing computational overhead, a common approach
is to use small convolutional kernels. However, such ker-
nels often struggle to capture global contextual information.
In contrast, Mamba, an extension of the SSM, excels at global
information modeling within a single layer but lacks the ability
to effectively capture local detail. To address these com-
plementary limitations, we propose the DEmamba module,
which integrates both Mamba and convolutional mechanisms
to achieve robust global context modeling alongside efficient
local feature extraction. Specifically, as shown in Fig. 4,
DEmamba comprises two branches: the lightweight counting
Mamba (LCMamba) branch and the detail-enhancing convo-
lution (DEC) branch.

The DEC branch adopts a cascaded 1 × 1 convolutional
structure to enhance local details while significantly reducing
parameters. The first convolution performs feature projec-
tion and dimensionality adjustment, while the second further
refines local interactions and feature combinations. Given an
input feature map with dimensions H × W × C , the output
feature map is formulated as Fo = Conv1×1(Conv1×1(Fi )),
where Fi is the input feature map and Fo is the output after
two successive 1 × 1 convolutional layers.

The LCmamba branch leverages an improved Mamba archi-
tecture to capture global, long-range dependencies. Inspired
by the work of Wang et al. [41], LCmamba is specifically
adapted to address the limited feature richness commonly
encountered in crowd counting tasks. Specifically, LCmamba
incorporates additional residual connections to facilitate the
reuse of shallow features such as edges and textures,
which are frequently observed in crowd images. Furthermore,
smaller 1 × 1 convolutional kernels are employed to extract
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Fig. 3. DACNet can be roughly divided into four parts: the backbone composed of DEmamba, the PA-FPN (DE-PAFPN) composed of DEmamba,
the denoising attention module composed of ACFM, and the prediction branch with DA-APG. The loss computation and auxiliary point generation
are indicated with dashed lines, signifying that they are only involved during the training phase.

Fig. 4. Architecture of DEmamba. DEmamba combines two comple-
mentary components: Mamba and CNN. By incorporating a small-kernel
design and an enhanced Mamba structure, DEmamba achieves efficient
detail feature extraction while significantly reducing computational over-
head.

finer-grained features, enhancing local detail representation
while maintaining computational efficiency.

The input feature map Fi is first processed by layer
normalization to ensure each channel has zero mean and
unit variance, accelerating the training process. The nor-
malized features are then passed through a fully connected
layer followed by a 1 × 1 convolution to obtain an
intermediate representation F1. Global information is cap-
tured via the SS2D expansion operation, where we define
F2 = SS2D(Conv1×1(Linear(LayerNorm(Fi )))). Simultane-
ously, the normalized input is transformed again through a
linear layer to obtain F3 = Linear(LayerNorm(Fi )). The final
output feature map is then computed as Fout = F2 × F3 + Fi ,
using a residual connection that fuses the enhanced and
original features. This structure effectively integrates global
context and residual learning, enhancing the model’s ability
to detect small objects.

DEmamba also demonstrates advantages in terms of com-
putational efficiency [42]. Given an input feature map
F ∈ RC×H×W and an output channel size of C ′, the
computational complexity of the DEC branch (two 1 × 1 con-
volutional layers) can be expressed as FLOPsDEC =

2 × C ′
× C × W × H . The total computational complexity

of the DEmamba is the sum of the computational complexities
of the DEC and LCmamba, and LCmamba has a relatively

Fig. 5. Architecture of ACFM. The architecture is capable of selecting
the advantages of different weights to balance local and global features,
improving crowd density perception and reducing background noise
interference.

low computational cost. By incorporating residual connections
and lightweight convolutional kernels, the DEmamba module
significantly improves computational performance when pro-
cessing crowd images, while also enhancing the accuracy of
small object detection. These characteristics make it particu-
larly well-suited for image analysis tasks in densely populated
scenes.

C. Adaptive Channel Focus Module
The size of the convolution kernel affects the receptive

field. Larger convolution kernels capture a wider range of
features, making them better suited for extracting global
features and handling larger scale objects. In contrast, smaller
kernels are more effective at capturing local and detailed
features, such as edges and textures [43]. To adapt to targets
of varying scales, we proposed a channel selection structure,
integrating it into different channel attention weights to form
the ACFM. This multibranch structure fully leverages the
advantages of different characteristic weights, producing unex-
pected results. We will discuss this in detail in Section IV-C.
Specifically, we achieve adaptive channel focus by generating
attention across multiple branches and balancing their weights.
As shown in Fig. 5, only two branches are illustrated in this
example, but the method can be easily extended to handle
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Fig. 6. Comparison between ACFM and other classical attention
mechanisms. ACFM effectively leverages the advantage of multibranch
weighting, while maintaining a computational complexity comparable to
that of CBAM. (a) SE. (b) CBAM. (c) ACFM (ours).

multiple branches. In fact, based on the selection algorithm,
it is also possible to fuse completely different channel atten-
tion mechanisms, combining the advantages of attention with
varying characteristics.

1) Multibranch Attention Generation: Given a feature map
F ∈ RC×H×W , to efficiently compute channel attention,
we reduce the spatial dimensions of the input feature map.
For spatial information aggregation, we adopt the method from
CBAM [44], where both average pooling and max pooling are
used to capture spatial information, resulting in two different
feature maps denoted as Mavg and Mmax, corresponding to
average-pooled and max-pooled features, respectively. These
feature maps are then fed into two parallel multilayer percep-
trons (MLPs) with different scales. The difference between
the two MLPs lies in the varying spatial information they
aggregate. The process of generating channel weights is as
follows:

Wc,i = σ (δ (coni (Avgpool (F)) + coni (Maxpool (F)))) .

Among them, Wc,i is the channel attention weight output by
the i th MLPs, where Wc,i ∈ RC×1. In this article, the sizes of
the convolution kernels for the MLPs are 1 × 1 and 3 × 3,
respectively.

2) Attention Selection: After obtaining the two branch
weights, it is necessary to select the appropriate weights..
Wc,1 and Wc,2 are concatenated in the channel dimension,
followed by the application of soft attention across channels
to adaptively select information from different scales. The con-
catenated weights are split along the channel dimension using
the chunk operation, forming two reweighted channel attention
weights W ′

c,1 and W ′

c,2. Specifically, the selection in the chan-
nel direction follows the work of Li et al. [45], and is achieved
through the softmax function as a′

c = (eac/(eac + ebc )) and
b′

c = (ebc/(eac + ebc )). Among them, ac and bc (where
c = 1, 2, . . . , C) represent the weights Wc,1 and Wc,2 on
the cth channel, respectively. Similarly, a′

c and b′
c represent

the weights W ′

c,1 and W ′

c,2 on the cth channel, respectively.
Clearly, a′

c + b′
c = 1. Next, the selected attention weights

W ′

c,1 and W ′

c,2 are multiplied element-wise with the input
features F , forming two weighted features F̂ and F̃ . The two
reweighted features are then summed element-wise to obtain

the final feature F ′. The algorithmic process for multibranch
selection is depicted in the Supplementary Material.

We compare the architecture of ACFM with other rep-
resentative channel attention mechanisms, such as SE [46]
and CBAM [44]. Fig. 6 presents simplified schematics of
each mechanism for a clearer structural comparison. In this
comparison, only the channel attention part of the CBAM
module is selected. For the channel attention part of CBAM,
the main computational cost comes from the MLP branch,
which contains two convolutional kernels of size 3 × 3. Given
an input feature map with spatial dimensions H × W and
channel dimension C , the FLOPs for this architecture are
computed as FLOPsCBAM_CA = 36 × H × W × C2. In con-
trast, for ACFM, the main computational cost is increased
by one additional MLP branch compared to CBAM’s channel
attention part, with the MLP branch containing two 1 × 1 con-
volutional kernels. For a 1 × 1 convolutional layer, the FLOPs
can be formulated as H × W × C2. Since ACFM intro-
duces two additional parallel 1 × 1 convolutional branches,
the total extra computational overhead is FLOPsExtra =

2 × H × W × C2. Therefore, the total computational cost
of ACFM is the sum of the computational cost of CBAM’s
channel attention and the additional overhead

FLOPsACFM = FLOPsExtra + FLOPsCBAM_CA

= 38 × H × W × C2.

It can be observed that the computational cost of ACFM is
nearly the same as that of the channel attention part in CBAM,
yet it performs significantly better in crowd images. We will
further discuss this in detail in Section IV-C.

D. Density-Adaptive Auxiliary Point Guidance
Currently, the supervision process in traditional point-based

methods [9] can be roughly summarized into the following
three steps.

1) Generate Point Proposals: The model generates offset
values and confidence scores, from which M point
proposals (including the location of each point p̂i and the
corresponding confidence ĉi ) are obtained after transfor-
mation.

2) Matching Between Ground Truth Points and Point Pro-
posals: The ground truth points are matched one-to-one
with the generated point proposals using the Hungarian
algorithm. The correctly matched point proposals are
represented as P̂pos = {p̂ξ(i) | i ∈ {1, . . . , N }}, and the
unmatched point proposals are represented as P̂neg =

{p̂ξ(i) | i ∈ {N + 1, . . . , M}}. Here, the predicted
points that are closer to the ground truth and have
higher confidence are more likely to be matched with
the ground truth points.

3) Compute Loss: The final loss is obtained by calculating
the classification loss Lcls and the localization loss L loc

Lcls = −
1
M

 N∑
i=1

log ĉξ(i) + λ1

M∑
i=N+1

log
(

1 − ĉξ(i)

)
(1)
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Fig. 7. DA-APG consists of three steps. In the process of (2) auxiliary
point generation, DA-APG can adjust the auxiliary radius based on
density variation.

Fig. 8. Process of KD-Tree calculating the k -nearest neighbors.

L loc =
1
N

N∑
i=1

∥pl − p̂ξ(i)∥
2
2 (2)

Lpoint = L loc + λ2Lcls. (3)

Inspired by the human brain, we hypothesize that gen-
erating additional points at varying distances around
predicted locations can similarly enhance model per-
formance. Building upon the work of Chen et al. [47],
we propose the DA-APG method, which generates pos-
itive and negative auxiliary points at density-dependent
distances to assist model training. These auxiliary points
help guide the model to achieve accurate matching under
varying density conditions. The operation of DA-APG is
illustrated in Fig. 7 and consists of three main processes:
auxiliary radius calculation, auxiliary point generation,
and loss computation.

1) Auxiliary Radius Calculation: To adaptively adjust the
auxiliary radius, we first estimate the local density ρ around
each ground truth point, upon which the auxiliary radius is
subsequently determined.

a) Local density estimation: Given a set of ground truth
points P = {pl = (xl , yl)}

N
l=1, where N is the total number of

points, we calculate the local density ρl around each point by
considering the k nearest neighbors. Specifically, we used a
relatively resource-efficient method, KD-Tree (K-Dimensional
Tree), to calculate the k-nearest neighbors. KD-Tree achieves
nearest neighbor search through binary search, where the par-
titioning strategy alternates between each feature dimension.
Fig. 8(a) shows the original distribution of head coordinates,

where A is the query node and B is the root node. First, the
x-axis position of node A is compared with node B, and it
is partitioned into the right subtree. Next, the y-axis value of
node A is compared with B’s right child for further partition-
ing. This process is repeated recursively until the nearest node
is found. After locating the nearest node, the local density ρl
can be calculated as ρl = (1/k)

∑k
i=1(1/(dist(pl , pi ) + ϵ)),

where dist(pl , pi ) denotes the Euclidean distance between the
point pl and its i th nearest neighbor pi , and ϵ is a small
constant added to avoid division by zero.

b) Calculation of auxiliary radius: Based on the estimated
local density ρl , we dynamically adjust the positive and
negative auxiliary radii r l

pos and r l
neg for each real target point

pl , where r l
pos = (Rpos/(1+αρl)) and r l

neg = (Rneg/(1+βρl)).
Here, r l

pos and r l
neg denote the positive and negative auxiliary

radius, respectively; Rpos and Rneg are the corresponding
baseline radii; and α and β are the adjustment coefficients
for positive and negative auxiliary points, which control the
influence of density variations.

Our strategy ensures that in high-density regions, the posi-
tive auxiliary radius is smaller, while in low-density regions,
the radius increases. In dense regions, the negative auxil-
iary radius increases, allowing negative auxiliary points to
be generated further from the target point, thereby reducing
interference with nearby positive points.

2) Auxiliary Point Generation: After calculating the auxiliary
radius, auxiliary points are generated based on the varying
radius. In dense areas, a smaller radius is used, while in sparse
areas, a larger radius is applied to adapt to the changes caused
by density variations. Both positive and negative auxiliary
points are generated around each ground truth point pl , with
their generation adapting to local crowd density. In high-
density areas, the generation radius is smaller to reflect the
close proximity of individuals, while in low-density areas,
the radius is larger to account for the sparser distribution.
Specifically, for each ground truth point pl , kpos positive
auxiliary points Ai

l,pos and kneg negative auxiliary points A j
l,neg

are generated based on the auxiliary radius. The points are
generated as follows:

Ai
l,pos =

(
xl + Ri,x

l,pos, yl + Ri,y
l,pos

)
, i = 1, 2, . . . , kpos

A j
l,neg =

(
xl + R j,x

l,neg, yl + R j,y
l,neg

)
, j = 1, 2, . . . , kneg

where Ri,x
l,pos and Ri,y

l,pos are random values uniformly dis-

tributed within [−r l
pos, r l

pos], and R j,x
l,neg and R j,y

l,neg are
uniformly distributed within [−r l

neg, −r l
pos] ∪ [r l

pos, r l
neg]. The

radius r l
pos and r l

neg are adaptively determined based on the
local crowd density, providing accurate supervision signals for
both dense and sparse scenarios.

3) Loss Function Calculation: Auxiliary points provide
additional supervision signals to address density variations,
contributing to both positive and negative auxiliary point loss.
The positive auxiliary point loss Lpos

APG ensures predicted points
are close to true target points with high confidence, while the
negative auxiliary point loss Lneg

APG encourages low confidence
scores for points that are not true targets. The respective loss
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TABLE I
DATASET STATISTICS

functions are

Lpos
APG =

1
N

1
kpos

N∑
l=1

kpos∑
i=1

(
− log ĉpos (l, i)

+ λ3∥pl − p̂pos (l, i) ∥
2
2

)
Lneg

APG =
1
N

1
kneg

N∑
l=1

kneg∑
j=1

(
log

(
1 − ĉneg (l, j)

)
+ λ4∥1

l, j
neg∥

2
2

)
.

In Lpos
APG, the classification term log ĉpos(l, i) ensures high

confidence for positive points, and the regression term ∥pl −

p̂pos(l, i)∥2 penalizes deviations from true target points. For
Lneg

APG, log(1 − ĉneg(l, j)) ensures low confidence for negative
points, while ∥1

l, j
neg∥

2
2 reduces the offset of negative points.

The total loss for DA-APG combines these auxiliary losses
with the standard classification loss Lcls and localization loss
L loc from point-based methods

L total = Lcls + λ2L loc + λ5Lpos
APG + λ6Lneg

APG.

The DA-APG mechanism introduces an adaptive approach to
generating auxiliary points based on the local density of target
points, dynamically adjusting the auxiliary radius to improve
the accuracy of point-based counting models. By incorporating
both positive and negative auxiliary points into the training
process, the model can better predict target locations and
reduce false positives without increasing computational load,
making it particularly effective in real-world scenarios.

IV. EXPERIMENT

A. Preparation of Experiment
1) Datasets: We collected a dataset specifically designed

to capture variations in crowd density, called VariDensity-CC.
The images were sourced from both our own on-site photog-
raphy and publicly available footage. The annotation process
was carried out independently by two professional annotators,
followed by cross-validation and consistency checks to ensure
high-quality and reliable labeling. we conduct extensive exper-
iments, including six crowd datasets [36], [48], [49], [50],
as well as the vehicle flow dataset TRANCOS [51] and the
soybean dataset [52]. The description of the dataset is shown
in Table I and the Supplementary Material.

2) Experimental Parameter: During the training process,
each input image of irregular size was randomly cropped into
four patches, each with a size of 128 × 128. In addition,
each image was subjected to random horizontal flipping with

TABLE II
COMPARISON OF DIFFERENT METHODS. THE BEST METHOD IS
HIGHLIGHTED IN RED, WHILE THE SECOND-BEST METHOD IS

HIGHLIGHTED IN BLUE

a probability of 0.5 to enhance the data. The Adam opti-
mizer was employed to optimize the model, with the batch
size set to 4. A learning rate of 1 × 10−5 was established
for convenient fine-tuning. Validation was performed on the
validation set after every five training epochs. The weight
parameters were defined as follows: λ1 = 0.5, λ2 = 2 × 10−4,
λ3 = 1.5 × 10−4, λ4 = 2 × 10−4, λ5 = 0.3, and λ6 = 0.2.
The baseline auxiliary radius (Rpos and Rneg) vary depending
on the dataset. For most datasets, Rpos is set to 3, and Rneg
is set to 10. For the traffic dataset TRANCOS, Rpos is set
to 5, and Rneg is set to 12. The number of nearest neighbors
k used for density estimation is set to 1, and the adjustment
coefficients for the positive and negative auxiliary points, α

and β, are set to 1 × 102. The number of positive and negative
auxiliary points, Kpos and Kneg, is set to 2.

3) Evaluation Criteria: In the field of crowd counting, the
performance of models is primarily reflected in two aspects:
counting accuracy and localization accuracy. Specifically,
we use MAE and mse to evaluate the counting performance of
the model, and density normalized average precision (nAP) to
evaluate its segmentation performance. The detailed definitions
of these metrics are provided in the Supplementary Material.

B. Comparative Experiment
1) Counting Performance: We evaluated the performance

of DACNet against other state-of-the-art methods using five
popular crowd counting datasets [36], [48], [49], [50]. For
the other models, the experimental settings and parameters
provided by the official sources were adopted, and for mod-
els without publicly available code, results reported in their
respective papers were used. All results were rounded to
one decimal place, as shown in Table II. The experimental
results demonstrate that our model exhibits superior overall
performance. Specifically, on the benchmark SHHA dataset,
our DACNet improved the MAE by 10.1% and the mse
by 11.9% compared to the baseline model P2PNet. This
significant improvement is attributed to DACNet’s adaptability
to density, its utilization of detailed features, and the reduction
of noise, which will be further discussed in Section IV-D.

To evaluate the model’s ability to handle density vari-
ations and generalize, we further compared DACNet with
other point-based methods on the VariDensity-CC dataset, the
TRANCOS traffic dataset [51], and the soybean dataset [52].
The test results are shown in Table III, where DACNet demon-
strates a generally higher level of generalization. Thanks to
the density-adaptive strategy in DA-APG, DACNet shows a
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TABLE III
COMPARISON OF POINT-BASED METHODS ON VARIDENSITY-CC,

TRANCOS, SIA, AND SIB DATASETS

significant improvement on the high-density variation dataset,
VariDensity-CC. On the TRANCOS and soybean dataset, the
improvement of DACNet is relatively small. We hypothesize
that this is due to the smaller scale and density variations
in the dataset, which limits the potential benefits of the
density-adaptive strategy. Nevertheless, DACNet still achieves
the highest overall accuracy, which can be attributed to the
enhanced detail extraction capability of the hybrid small-kernel
structure in DEmamba and the multibranch advantages of
ACFM. In fact, insufficient fine-grained features and severe
background noise are common challenges in object counting
tasks, which further underscore the superior performance of
DACNet under such conditions.

2) Localization Performance: We compared our method with
other point-based approaches on the SHHA and UCF_CC_50
datasets. As shown in Fig. 9(b), DACNet, which employs the
density-adaptive method, achieved the highest counting and
localization performance on the SHHA dataset, with an nAP of
0.72, representing an approximately 12.5% improvement over
P2PNet. The yellow boxes on the right side of Fig. 9(a) further
illustrate DACNet’s ability to adapt to varying crowd densities,
showing notable improvements in performance for both exces-
sively large and extremely small targets. This improvement
generalizes well to other object counting tasks—such as traffic
flow and soybean counting. These density-adaptive strategies
of DA-APG play a crucial role, resulting in a significant
improvement in localization accuracy under varying densities.

On the other hand, we also observed discrepancies between
the model’s predictions and the ground truth annotations
due to human labeling errors. As shown in the green boxes
in Fig. 9(a), certain individuals on upper floors and distant
vehicles were omitted by annotators, yet DACNet successfully
detected them. We refer to such cases as “actually correct”
detections, where the model outperforms the incomplete anno-
tations. Moreover, in traffic flow counting scenarios, DACNet
demonstrated increased sensitivity to small, distant objects
that were also “actually correct.” We hypothesize that this
enhanced sensitivity is attributed to the superior density adap-
tation capability introduced by the DA-APG strategy.

3) Hardware Efficiency Evaluation: We compared the overall
performance of other point-based methods on edge devices.
Specifically, we evaluated various models in terms of the
number of parameters, floating-point operations (FLOPs),
power consumption, and memory usage. Power consumption
was measured to assess the energy efficiency of each model
on hardware, while memory usage was used to evaluate
the resource utilization of the edge device during inference.
During testing, an all-ones tensor with a size of (1, 3, 512,
512) was used as input, and the hardware’s power consumption

TABLE IV
PERFORMANCE OF DIFFERENT POINT-BASED MODELS ON EDGE

COMPUTING DEVICES

and memory usage were monitored using system-provided
diagnostic tools. All models were deployed on the Nvidia
Jetson AGX Orin edge computing platform, with inference
accelerated using TensorRT (FP16 precision).

The test results are presented in Table IV. Thanks to the use
of a simplified neck structure and the lightweight DEmamba
module with small convolutional kernels, DACNet achieves a
faster inference speed and is the only model with a frame rate
(FPS) exceeding 25. As analyzed in Section III-B, this advan-
tage is largely attributed to the backbone architecture: while
other point-based models typically adopt VGG-16 as their
backbone, the DEmamba-based backbone significantly reduces
computational complexity compared to VGG-16. Moreover,
because the DA-APG guiding strategy only incurs computa-
tional overhead during training and introduces no additional
burden during deployment, DACNet also leads in both power
efficiency and memory usage. In Section IV-E, we further
validated the practical value of DACNet by applying it to
real-world crowd counting tasks. The corresponding end-
to-end real-time detection results have been made available
through our GitHub repository.

C. Ablation Experiment
1) Effectiveness of DEmamba: To evaluate the effectiveness

of the proposed DEmamba structure, we conducted ablation
experiments with the ACFM module and the DA-APG strat-
egy removed. Specifically, we examined several architectural
configurations: a single CNN branch, a single Mamba branch,
varying convolution kernel sizes within the Mamba branch,
and the inclusion or exclusion of residual connections. The
backbone network produced four feature maps, which were
processed using a corresponding PAFPN structure at the neck.
The experimental results are presented in Table V. When
only a single Mamba or CNN branch was used, the network
structure was overly simplistic, lacking either global or local
feature representations, which resulted in decreased counting
accuracy. In contrast, introducing residual connections and
employing smaller convolution kernels led to significant per-
formance improvements. This can be attributed to the ability of
residual structures to retain fine-grained image details, while
smaller kernels effectively compensate for the Mamba branch’s
limitations in local feature extraction.

In addition, we conducted ablation experiments on the
neck structure, with results summarized in Table VI. The
PAFPN architecture was adopted for the neck, and we varied
the number of input feature maps. High-level feature maps
contain more abstract and global information but tend to
suffer from reduced localization accuracy. When more feature
maps were input, the overall accuracy improved, primarily
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Fig. 9. Localization accuracy of DACNet. (a) Localization comparison with the baseline model, where the yellow boxes highlight DACNet’s
performance in both sparse and dense crowd scenarios. (b) Comparison of localization accuracy with other point-based methods.

TABLE V
EFFECTIVENESS OF DEMAMBA

TABLE VI
ABLATION STUDY ON THE NECK STRUCTURE

TABLE VII
TEST RESULTS OF VARIOUS FEATURE PYRAMID METHODS ON THE

SHHA DATASET

because high-level features provided a broader contextual
understanding. However, when both the input and output
included all four feature maps, the localization accuracy

decreased due to the positional ambiguity introduced by high-
level features. To balance semantic richness and localization
precision, we ultimately selected a configuration that inputs
four feature maps initially but outputs only the bottom two
layers. This design preserves the advantages of high-level
semantic information while minimizing the adverse effects of
spatial ambiguity on localization accuracy.

To assess the impact of different backbones on the model,
additional ablation experiments were performed with other
common backbones. The neck structure remained as PAFPN,
while only the backbone was changed, using four feature maps
from each backbone. The results are shown in Table VII.
ResNet-50, Swin-T, and Efficient VMamba represent typical
convolutional, cision transformer (ViT), and Mamba struc-
tures, respectively. MambaVision combines all three. Single
architectures inherently have limitations, while combining
multiple structures facilitates the flow of both global and local
information, resulting in higher accuracy. Although MambaV-
ision achieved similar accuracy to DEmanbe, it incorporated
additional ViT layers, increasing computational complexity.
Therefore, DEmanbe was ultimately selected as the backbone
network.

2) Effectiveness of ACFM: To validate the effectiveness of
the ACFM module proposed in this article, we conducted
experiments in other mainstream attention modules [44], [45],
[46], [64]. The counting and localization results are presented
in Table VIII. In addition, to verify the effectiveness of our
proposed idea of selecting attention for different character-
istics, we compared the performance of applying only the
first branch weight and the second branch weight of ACFM
separately. Surprisingly, this multibranch structure produced
unexpected results. When using only the first branch weights,
there was almost no improvement in accuracy. When using
only the second branch weights, accuracy improved by about
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TABLE VIII
TEST RESULTS OF ACFM AND OTHER ATTENTION MODULES ON THE

SHHA DATASET

Fig. 10. Role of ACFM in noise reduction: (a) original image, (b) without
attention, (c) CBAM, and (d) ACFM.

3%. However, when both branch weights were used together to
form ACFM, accuracy increased by nearly 8%. This is because
the first branch focuses only on local information, neglecting
global information, while the second branch does the opposite,
focusing solely on global information. ACFM, by using multi-
branch weights and the weight selection algorithm, balances
the perceived local and global information, leveraging the
advantages of different weights, thus significantly improving
accuracy.

To further validate the effectiveness of our proposed
approach in balancing attention across different branches,
we visualized the first-layer feature maps after the network’s
neck under three conditions: without an attention mechanism,
with CBAM, and with ACFM. As shown in Fig. 10, the
model’s focus points are scattered and disorganized in the
absence of an attention mechanism. After applying the CBAM
module, the model’s focus on the heads of the crowd improved,
but a significant amount of noise was also captured. This is due
to the fact that the CBAM module derives its weights solely
from local detail features. In contrast, ACFM balances the
attention weights between global and local features, effectively
addressing the issues of noise and density variation.

3) Effectiveness of DA-APG: We compare the baseline
method APG [47] with DA-APG and introduce both at the end
of the model. The experimental results are shown in Table IX.
Due to the use of the density-adaptive strategy, DA-APG
effectively addresses the issues caused by density variation,
reducing false positives in sparse scenarios and enhancing
the guiding capability of auxiliary points in dense scenarios.
Regarding the density adaptation of DA-APG, we will further
discuss its impact on the prediction results in the visualization
section of Section IV-D.

TABLE IX
COMPARISON OF APG AND DA-APG STRATEGIES ON SHHA DATASET

TABLE X
EFFECT OF BASELINE AUXILIARY RADIUS (Rpos , Rneg )

TABLE XI
EFFECT OF NEAREST NEIGHBORS k

TABLE XII
EFFECT OF ADJUSTMENT COEFFICIENTS α AND β

4) Hyperparameters of DA-APG: We investigated the impact
of different baseline auxiliary radius (Rpos and Rneg) and the
number of neighboring points (k) on the model performance.
Table X shows the effect of varying baseline auxiliary radius
on model accuracy. The accuracy obtained by scheme (3,
10) is the highest. In fact, a range for negative auxiliary
points that is too small may cause the model to be unable
to effectively differentiate nontarget areas distant from the
target point, mistakenly classifying some nontarget areas as
target points. On the other hand, an overly large range for
positive auxiliary points may cause the model to learn irrel-
evant features, particularly when the distance between target
points is small and areas overlap. This, in turn, reduces the
model’s ability to distinguish between closely spaced target
points.

In addition, the number of nearest neighbors k used for
density estimation has minimal impact on model perfor-
mance. As shown in Table XI, increasing k only slightly
improves accuracy, while the computational cost doubles.
Therefore, we selected k = 1 as the final parameter.
Furthermore, the influence of the adjustment coefficients
α and β is also minimal. In fact, the DA-APG strategy
is capable of adapting to variations in these parameters
during training. As shown in Table XII, different com-
binations of α and β result in comparable performance
outcomes.
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Fig. 11. Tests on typical images: (a) scale and density variations,
(b) limited head features, and (c) severe background noise.

Fig. 12. Ability of the baseline model and DACNet to handle scale and
density variation. (a) Baseline (P2PNet). (b) DACNet.

D. Visualization
Recall that the main motivation of this article is to address

the issues of scale and density variations in crowd counting in
real-world scenarios, as well as to mitigate the challenges of
limited head features and complex background noise. To visu-
ally demonstrate the effectiveness of the proposed DACNet
in these three aspects, we selected some typical images with
scale and density variations, limited head features, and severe
background noise to test the model, while also evaluating its
generalization ability. As shown in Fig. 11, DACNet is able
to effectively address the aforementioned issues. In addition,
we discussed the improvements of DA-APG compared to the
baseline model in addressing these three issues. We eval-
uate the relationships between scale and density variation,
head features, background noise, and prediction accuracy.
Experiments are conducted on the SHHA dataset, where the
absolute percentage error (APE) is employed to quantify the
prediction error for each image. APE reflects the percentage
error between the predicted and actual head counts, with lower
values indicating higher accuracy. The formula for APE is
expressed as: APE = |(y − ŷ)/y| × 100%, where y is the
actual count and ŷ is the predicted count.

1) Scale and Density Variation: Scale variation measures
the differences in head sizes within an image. Fig. 12 show
scatter plots of ground truth and predicted points for the two
models (with the red line representing the fitting line). Fig. 12
shows that while both models degrade with larger scale and
density variation, DACNet consistently maintains lower error
and predictions closer to the 1:1 line.

2) Limited Features of the Head: We quantify image detail
using canny edge detection: the ratio of detected edges to total
pixels (edge ratio) reflects overall feature richness. We then
define Average Head Features as Average Head Features =

(Edge Ratio/Number of Heads), which normalizes the edge

Fig. 13. Performance of the model under different head feature
values (for intuitive representation, the average head features metric in
the figure has been magnified by 103 times). (a) Baseline (P2PNet).
(b) DACNet.

Fig. 14. Performance of the model under different levels of background
noise. A higher head ratio indicates that the image contains more
useful information and less background noise. (a) Baseline (P2PNet).
(b) DACNet.

density per head. A higher value indicates richer per-head
texture.

Fig. 13 illustrates the relationship between APE and Aver-
age Head Features. Due to the limited number of images
in the (2, 3] and (3, 4] ranges, their reference value is not
significant. However, it can be observed that DACNet reduces
APE within the limited feature range of [0, 1], demonstrating
the effectiveness of DEmamba proposed in this article for
extracting detailed features.

3) Background Noise: We estimate background noise using
the head-to-image ratio, defined as the total estimated head
area divided by the image area. For each head, we use KDTree
to find the nearest neighbor distance, take half of it as the
head radius, compute the corresponding area, and sum over all
heads. A larger ratio implies more informative content (less
background), while a smaller ratio indicates higher background
noise.

As shown in Fig. 14, although DACNet’s overall average
APE reduction is not very significant, there is a relatively
notable decrease in the [0, 0.1] interval, where there are fewer
heads and higher noise levels. This demonstrates the feasibility
of using advanced features for noise reduction and highlights
the effectiveness of the ACFM attention mechanism.

E. Model Deployment and Application
To evaluate the practical effectiveness of DACNet in

real-world scenarios, we deployed the model on the edge
computing device Nvidia Jetson AGX Orin for testing.
As illustrated in Fig. 15, the system follows an end-to-end
detection pipeline for edge deployment. In real-world tests,
DACNet achieved a real-time processing speed of 26.9 FPS.
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Fig. 15. Model deployment and real-world application. In practical
scenarios, the camera height and viewing angle often cause substantial
variations in head density and scale. DACNet enables end-to-end, real-
time crowd detection and localization.

Fig. 16. Variation in crowd count along a specific section of the school
over the course of a day.

We monitored pedestrian traffic along a specific walkway on
campus from 8:00 A.M. to 6:00 P.M. This path connects
classroom buildings with dormitory areas. The crowd count
was measured in real time, and the average number of people
was recorded every five minutes. The resulting trend is shown
in Fig. 16.

V. CONCLUSION

In this article, we observe that in the practical application
of crowd counting, there is an inevitable variation in crowd
density due to the height and angle of the camera. How-
ever, existing end-to-endpoint-based methods fail to account
for the aforementioned issues, resulting in limited accuracy.
We propose DACNet, an end-to-end real-time crowd counting
network designed to tackle the challenges posed by density
variations in real-world scenarios. We propose a DA-APG
strategy that effectively addresses the mismatch caused by
density variation without adding extra computational overhead.
Moreover, to address the challenges of insufficient detail in
densely populated regions and background noise in real-world
applications, we introduce the lightweight DEmamba module

and the ACFM. DEmamba significantly reduces the complex-
ity of the backbone network, while the multibranch structure
of ACFM introduces minimal additional computational over-
head. To advance research in this field, we publicly provide
VariDensity-CC, a dedicated dataset specifically developed to
reflect crowd density variations in real-world scenarios. Exten-
sive experiments on nine datasets demonstrate that DACNet
achieves the highest overall performance in both localization
and counting, while maintaining real-time efficiency. DACNet
is the only point-based model that achieves more than 25 FPS
on edge devices. In future work, we plan to investigate the
integration of DACNet with additional sensing modalities,
including applications in smart city monitoring and security
systems.
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