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Abstract: Crowd counting plays an important role in the surveillance of the safety of the people, traffic, and
intelligent surveillance systems. However, the exact density estimations remain hard to achieve in highly
congested scenes due to the tough occlusion, large-scale variance, and complicated background. Although
the recent deep-learning methods have high performance, several of them do not need computationally
efficient underlying backbone networks, and rather, they employ an external teacher-student distillation
architecture, which can limit their use in resource-constrained applications. To avoid this problem, we in-
troduce LSKD, a lightweight self-knowledge distillation network that is density map regression-specific.
Unlike other conventional teacher-dependent processes, LSKD can also independently carry out internal
multi-level feature alignment within a single small network that is not in need of an external teacher model.
The structure integrates a Feature Matching Block (FMB) and a Context Fusion (CoFuse) block to enhance
the hierarchical match of features and global awareness of context. The large experiments demonstrate that
LSKD obtain competitive performance using the number of parameters as 2.65 million and GFLOPs as 10.23.
Particularly, it has 63.17 MAE on ShanghaiTech Part A, 8.94 on ShanghaiTech Part B, 143.7 on UCF-QNREF,
and 223.88 on UCF-CC-50, which is a good ratio between the accuracy and the efficiency of the calculations.
Such results indicate that LSKD has an implementable and efficient solution to the real-time counting of
crowds at the edge devices.
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1. Introduction

In this study, we define lightweight model as an ar-
chitecture that is specified to operate under limited com-
putational budgets, typically containing fewer than 5 mil-
lion parameters, and require fewer than 15 GFLOPs. They
can normally be used on edge devices or other embedded,
low processing-capability platforms. In this sense, efficient
or low cost-of-computation models are networks capable
of competing in crowd-counting performance on a much
smaller parameter size and much smaller number of float-
ing-point operations than the traditional deep networks
modeling crowd-counting, which may have tens of mil-

lions of parameters, and have much higher computational
complexity.

Crowd counting is a key task in computer vision that
estimates the number of people in images or videos and
has serious applications in public safety surveillance, traf-
fic congestion, urban management, and even intelligent
transportation systems. Although there have been signifi-
cant breakthroughs in deep learning, precise crowd count-
ing has not been achieved in real-world conditions due to
intense occlusion, high perspective distortion, large-scale
variation, background clutter, and extremely uneven
crowd distributions [1]. The challenges are compounded
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in dense scenes, where heavy overlap among individuals
creates local visual ambiguity and unstable density esti-
mates, especially under real-time, resource-limited de-
ployment constraints [2].

These challenges are exacerbated in large gatherings
where people are packed together, and the line of sight is
poor. The two main paradigms of early crowd counting
practices were detection-based counting and regression-
based counting on handcrafted features. Detection-based
methods represent each individual using localized density
distributions and aggregate counts. Still, they often fail in
crowded scenes where severe occlusion and heavy overlap
make it difficult to distinguish instances [3]. The only way
to avoid this is by density map estimation, which does not
focus on localization but instead produces a density map,
resulting in poor inter-scene generalization [4]. This for-
mulation maintains space information and is more effi-
cient in highly congested spaces [5].

With the success of deep learning, density regression
based on CNNs has become the standard approach, as it
offers strong representation learning. The change in per-
spective and viewpoint is one of the challenges of crowd
scenes, as it alters scale. This is done using multi-scale ar-
chitectures, such as multi-column networks, which derive
features from receptive fields of different scales to learn
crowd patterns at various scales [6]. Along with fixed
multi-scale designs, there are dynamically weighted pre-
dictors based on local density, applied via adaptive rout-
ing and switching mechanisms to increase robustness in
non-uniform scenes [7]. The feature aggregation based on
context also improves density estimation by exploiting
context and multi-level semantic features to reduce confu-
sion between the crowd and background areas that resem-
ble the crowd. Hybrid detection-regression models com-
bine the abilities of detection in low-density regions and
density regression in high-density areas to better fulfill the
large intra-image density variations [8]. The developments
indicate that successful crowd counting requires excellent
multi-scale representations, along with appropriate rea-
soning in the context. The combination of these architec-
tural enhancements suggests that, to accurately count a
crowd, there must be a delicate balance between the rep-
resentation of multi-scale features and feature-context rea-
soning to handle extreme density variations.

Other than in architecture, the stability and reliability
of the density estimations are largely reliant on the super-
vision design and optimization targets. The overlap of
crowds and confusion in annotations may make pure
pixel-wise regression less consistent, due to background
congestion. The idea of composition loss was proposed to
jointly promote correct counting, high-density estimation,
and localization enhancement, thereby providing more in-
formation about the supervision signals [9]. Bayesian loss
model annotation uncertainty, and the model is more ro-
bust with noisy point supervision [10]. The distribution-

matching strategies are associated with the predicted and
target distributions, resulting in improved density map
quality and better training in a highly congested environ-
ment [11]. These results indicate that the combination of
the backbone design with good performance in crowd
counting, as well as goals that consist of the spatial and
statistical characteristics of density maps, yields good re-
sults. Nevertheless, some of these acquired supervision
methods are often associated with complex constructions
and are difficult to incorporate into lightweight crowd ar-
rangement models directly.

Although newer ones are said to be very precise,
many of these are either heavy backbones or complex
modules that increase computational and memory costs,
thereby reducing their usability in real-time applications
on edge devices [12]. This sparks the introduction of light
systems that do not shortchange on efficiency. MobileNet,
ShuffleNetV2, and GhostNet are among the best back-
bones that reduce FLOPs and parameters by leveraging
depth-wise separable convolution, implementation-aware
design, and cheap feature generation [13]. However,
counting crowds with the simple application of compact
networks remains non-trivial due to the need for strong
multi-level feature fusion and workable semantic context-
functionalities, which cannot be sustained in lightweight
frameworks under the harsh computational constraints
[14].

Among the trending methods for improving the ca-
pacity of small models is knowledge distillation (KD), in
which knowledge acquired by a large-capacity model is
shared with a smaller-capacity student model [15]. The de-
cision to direct the intermediate representations is also
demonstrated through feature-level distillation and atten-
tion transfer, which are particularly determined by spa-
tially structured tasks [16]. However, KD is computation-
ally expensive and tends to introduce teacher heterogene-
ity or density-map artifacts, which can be especially detri-
mental in dense regression problems where error is expo-
nential across the predicted density distribution [17]. This
paper is a mere adaptation of the self-knowledge distilla-
tion to the density map regression; in contrast to the other
existing self-distillation algorithms, which are geared to-
wards self-presenting classification or recognition, in the
present case, it is essential to preserve the spatial layout of
the dense crowd scenes by the consistency of hierarchical
feature presentations.

Under these restrictions, teacher-free means of
knowledge transfer that retain the advantages of distilla-
tion while not relying on a decent teacher are inspired. In
particular, this type of internal knowledge transfer is ap-
propriate for density-based crowd counting, as cross-fea-
ture-hierarchy consistency can be applied to foster spatial
consistency and improve count stability, without increas-
ing inference cost. Self-distillation is an informative regu-
larizer that can convey credible information across layers
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of training or across training phases, but is not grounded
in an autonomous network of teachers [18]. Deep Mutual
Learning, Born-Again Neural Networks, and the mean
teacher demonstrate that self-guided, consistent learning
can enhance generalization and stability without an exter-
nal teacher [19]. Specifically, they appeal to the lightweight
crowd-counting technique, in which accuracy, robustness,
and efficiency must be balanced [20].

Even though a lot of work has been done in terms of
crowd counting, the trade-off between accuracy and com-
putation efficiency has not been addressed. Models that
perform well are typically based on deep backbones,
multi-scale sophisticated modules, or external teacher-stu-
dent distillation structures that make them more complex
to train and expensive to deploy. On the other hand, light-
weight models minimize parameters and FLOPs and can
occasionally fail to retain multi-level feature persistence
and resilient global contextual decision-making in dense
and crowded scenes. Additionally, the current knowledge
distillation algorithms used in crowd counting largely rely
on the presence of external teacher networks that bring
about extra computational cost and bias that may occur
due to the teachers.

Although both lightweight architectures and distilla-
tion-based learning have been shown to be effective on
their own, little has been done to combine them into one,
unified and teacher-free system designed specifically to
run density map regression. Specifically, the existing
methods of self-knowledge distillation seldom aim to
maintain (spatial) coherence and structural consistency,
which are essential to dense crowd estimation. To fill this
gap, our paper introduces LSKD, a simple self-knowledge
distillation model, which allows internal feature align-
ment and global contextual consistency even in a single
network, which is not based on an external teacher. The
aim is to work towards an even-handed solution that guar-
antees accuracy of counting, structural resilience, and
computational efficiency to be deployed in resource-con-
strained environments.

Building on the above observations, the paper pro-
poses a lightweight architecture for crowd counting, de-
signed for real time deployment and enhanced feature
learning via knowledge transfer. The significant contribu-
tions in this work are the following:

e We develop a light architecture to count crowds
with the assistance of density map regression,
which fits within conditions of severe computa-
tional limits.

e We present a self-knowledge distillation mecha-
nism that, in the absence of an external teacher
model, allows aligning internal features without
the assistance of a teacher.

e We suggest a Feature Matching Block (FMB) and
a Context Fusion (CoFuse) module to increase the

multi-level feature consistency and global contex-
tual understanding.
The rest of the paper is structured as follows. Section
2 reviews related work on crowd counting, lightweight ar-
chitectures, and knowledge distillation and self-
knowledge distillation. Section 3 presents the proposed
lightweight self-knowledge distillation framework in de-
tail. Experimental settings and quantitative results are re-
ported in Section 4, followed by ablation studies in Section
5. Finally, Section 6 concludes the paper and discusses po-
tential future directions.

2. Background and Related Work
2.1. Crowd Counting

Counting people in an image or video, typically to de-
termine their spatial distribution, is called crowd count-
ing. This application is used in other areas, such as public
safety, traffic control, and event management. This is be-
cause manual counting methods have been extensively re-
searched, as large or dense scenes cannot be counted man-
ually. Its initial strategies were based on manual elements
and hints of hybridity. Idrees et al. used low-confidence
head detection, frequency analysis, and texture statistics in
a multi-source, multi-scale system, which is also prone to
occlusion and clutter, yet still managed to show that it can
partially handle a very crowded scene [2]. Topkaya et al.
applied a person detector and a Dirichlet Process Mixture
Model to cluster noisy outputs and estimate the number of
people without prior knowledge of the number of targets,
even though the detector's output was heavily affected by
its implementation and handcrafted representations [21].
The development of deep learning spurred research on
CNN-based density map regression.

Zhang et al. introduced MCNN, a multi-column CNN
with varying receptive fields to address large head-scale
variation, and geometry-adaptive Gaussian kernels to pro-
duce density maps, which represent a major step towards
replacing handcrafted features with end-to-end deep
models [6]. The latter development focused on more effec-
tive fusion backbones and multi-scale fusion. The CSRNet
substitutes the multi-column architecture with a single
VGG-16 front-end and a dilated convolutional back-end,
achieving high accuracy in crowded scenes at the expense
of a comparatively heavy network [22]. Chen et al. stream-
lined this concept in SPN by using a single deep backbone
and a Scale Pyramid Module built on parallel dilated con-
volutions, which are more effective at capturing multi-
scale context and more accurate at counting [23]. To fur-
ther improve the quality of density maps, Jiang et al. pro-
posed TEDnet, a trellis encoder-decoder with trellis-en-
coder-decoding paths and dense skip connections; they
train the network on a combinatorial loss that enforces
both local coherence and spatial correlation, resulting in
even better-quality density maps and more visually realis-
tic results [24].
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SFANet provides attention to this line of work via an
attention map path and a density map path over a VGG16
backbone, jointly optimized by attention and density
losses, which ensure the network focuses on the head re-
gions and prevents background clutter [25]. In more recent
work, several studies have focused on computational effi-
ciency and deployment. Shi et al. proposed a small real-
time CNN with an architecture based on a simple multi-
scale front layer, followed by a single-branch density esti-
mator, achieving an adequate trade-off between accuracy
and speed for real-time tasks [26]. In the aerial platform
case, Chen et al. proposed Flounder-Net, which employed
interleaved group convolutions and aggressive spatial
down-sampling to operate on high-resolution drone im-
agery on embedded hardware, achieving accuracy compa-
rable to that of heavier fully convolutional networks with
many fewer parameters and significantly faster inference
[27]. In addition to human crowds, PSGCNet introduces a
pyramidal scale module and a global context module,
along with an enhanced Bayesian counting loss for dense
object counting on complex remote-sensing images. The
proposed model also projects crowd images with perfect
accuracy [28].

Generally, advances in crowd counting technologies
have been trending towards handcrafted pipelines, detec-
tion pipelines, and deep-density-regression pipelines with
multi-scale and attention mechanisms. In recent times,
several studies have focused on the trade-off between ac-
curacy and computational efficiency to enable real-time
deployment. The past models that had good performance
were more likely to have a deep backbone and numerous
complex multi-scale modules; however, the recently de-
veloped lightweight models demonstrate that it is possible
to achieve the required performance on models with sig-
nificantly reduced parameters and FLOPs. Nevertheless,
high multi-level feature consistency and contextual rea-
soning are hard to maintain in small designs, particularly
in highly dense and highly cluttered scenes. Therefore, it
is very encouraging to explore more deployment-friendly
models that would not affect the efficiency and structural
stability.

2.2. Light Weight Networks

Lightweight crowd-counting designs are challenging
due to the high demand for fine-grained spatial infor-
mation, high-scale modeling, and rich semantic context, all
of which are typically compromised when model capacity
and computational budget are severely constrained. A
lightweight crowd-counting study aims to minimize
model size without compromising the quality of the multi-
scale representation. Guo et al. introduced GAPNet, which
combines a GhostNet backbone, a zero-parameter channel
attention mechanism, and a compact pyramid fusion mod-
ule to address scale variation at low computational cost

[29]. Li et al. proposed a lightweight, dense estimation net-
work comprising an L-weight module with pointwise,
depthwise, and stacked convolutions, along with pyramid
aggregation and channel-attention fusion to improve
multi-scale feature representation while keeping the net-
work small [30]. Zhu et al. proposed LSANet, a real-time
model with hybrid dilated convolutions to extract multi-
scales and an efficient attention-based fusion to achieve
higher MloU and better distinction between foreground
and crowd regions [31]. Jiang et al. introduced
LigMSANet, which builds upon a customized backbone of
MobileNetV2 and a multi-scale adaptive module that dy-
namically changes receptive fields to adapt to crowd size
at low parameter counts [32]. Wang et al. developed a
lightweight MobileNetV2 + dilated convolution network
for edge nodes, achieving faster inference at a very low ac-
curacy cost through density estimation on real-time IoT
devices [33].

Chaudhuri et al. introduced the resource-efficient
ASFNet, which is based on MobileNet or MobileViT back-
bones and adjacent feature fusion to combine multi-scale
context with significantly lower FLOPs and parameters
[34]. The lightweight designs can be broadly grouped into
GhostNet-based schemes that leverage cheap feature gen-
eration, MobileNet-based schemes that use depthwise sep-
arable convolutions, or dynamic/curriculum-based
schemes that are less adaptive but much smaller. The more
recent lightweight crowd-counting models aim to improve
efficiency through greater compactness and better feature
extraction. Chen et al. introduced a lightweight hybrid
model that uses GhostNet to generate local features and a
Swin-Transformer with a modified global context to per-
form count prediction with less supervision and computa-
tional cost [35].

Li et al. proposed a dynamic convolutional network
(DCN) that uses MobilenetV2, in which dynamic kernels
and curriculum reinforcement learning enhance versatility
and training consistency, without increasing model size
[36]. The Lw-Count, an encoder-decoder model developed
by Liu et al., employs efficient, lightweight convolutional
modules and a scale regression module to minimize arti-
facts and achieve high accuracy at low computational
complexity [37]. In congested scenes, Liang et al. intro-
duced PDDNet, which uses GhostNet layers and depth-
wise dilated convolutions to extract multi-scale features
[38] efficiently. Khan et al. proposed LCDnet, a very small
CNN (0.05M parameters) with small, separable convolu-
tions and curriculum learning to count objects in real time
on a drone. Lee et al. proposed TinyCount, a Mo-
bileNetV2-based model with approximately 60K parame-
ters, SE blocks, and a scale-perception module, for fast and
accurate inference on edge devices [39].

These lightweight crowd-counting models suggest
that effective feature extraction, depth processing, a small
back-end, and attention/dynamic processing can greatly
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reduce computation with little regard for performance.
Such developments enable in-the-field, real-time mobile
operations, and architectures of a lightweight nature are
required for feasible, scalable crowd-monitoring systems.
However, the fact remains that, whatever lightweight
crowd-counting models are, they are heavily based on
simplifying architectural and attention processes, and peo-
ple do not emphasize internal knowledge transfer tactics
that can reduce low model capacity. This is why compact
architectures still struggle to be robust and spatially coher-
ent in very dense scenes.

2.3. Knowledge Distillation

One of the most commonly used model compression
methods is knowledge distillation (KD). It aims to enhance
the performance of deep neural networks by transferring
knowledge of a high-capacity teacher model to a small stu-
dent model [15]. KD can use small models to maintain se-
mantic expression and generalization at minimal compu-
tational cost via soft predictions and intermediate feature
supervision. KD is especially useful in the context of
crowd counting because of its high-density, regression-
based density map estimation, which requires maintain-
ing contextual awareness and spatial continuity. Early
KD-based crowd-counting solutions were based on struc-
tured feature transfer, such as Structured Knowledge
Transfer (SKT), which compresses intra- and inter-layer
relationship information into feature patterns to guide
lightweight networks toward useful spatial representa-
tions [17]. Nevertheless, traditional teacher-student distil-
lation systems are frequently affected by capacity and er-
ror-propagation problems, in which teacher-inaccurate
predictions negatively impact student learning [40].

To address these issues, review-based and task-spe-
cific distillation procedures were proposed to refine trans-
ferred knowledge and prevent detrimental supervision
during training [41]. Recent literature has suggested dual-
stage and weighted distillation models that combine
global, local, and feature-level directions, which are found
to be more robust and generalize to dense, highly popu-
lated crowds at the expense of computational speed [42],
[43]. Furthermore, KD can be extended to multimodal
problems in crowd counting, e.g., RGB-thermal and
drone-based tasks, where hierarchical, hybrid, and collab-
orative distillation can be employed to create lightweight
student models that achieve parameter and inference la-
tency reductions [44], [45]. Collectively, they are publica-
tions that solidify the idea of knowledge distillation as a
facilitating technique for achieving a precise and efficient
approach to crowd counting in real time and in resource-
constrained environments, and that introduce the novel
complexities and dependencies of external teacher-based
systems [46]. These teacher-student distillation models
have some overhead, are more effective, but are more sen-
sitive to extra teacher training and architecture-depend-

ent, and can introduce teacher-specific spatial bias or den-
sity-map artifacts, which are undesirable when learning
fine-grained density regression in crowded scenes.

2.4. Self-Knowledge Distillation

Self-Knowledge Distillation (SKD) is a teacherless
learning model that enhances extrapolation by self-moni-
toring through self-predictions or internal representations.
Initial experiments demonstrated that stabilizing and re-
ducing overfitting caused by normalizing predictions by
class or by reusing the softened self-outputs can be
achieved without increasing the model's complexity [47],
[48]. Later on, SKD was generalized to feature-level refine-
ment, in which lower levels receive more and more seman-
tic information from higher levels, acquiring it through
learning more discriminative features [49], [50]. Alterna-
tive strategies for progressive target refinement were pro-
posed to prevent confirmation bias and ensure that the
model can update its self-generated supervision during
training [51]. and more recently, single-unified formula-
tions showed that SKD can be considered a special case of
classical knowledge distillation, achieving similarly good
performance improvements without requiring an external
teacher network [52].

All these studies make it clear that LSKD is an effec-
tive and scalable solution to enhancing lightweight mod-
els with limited training and deployment requirements.
Even though the majority of self-knowledge distillation
strategies were initially developed for classification or
recognition, their focus on internal consistency per layer
makes them especially well-suited to density-based crowd
counting, where the preservation of spatial coherence and
higher-level feature alignment are paramount. Unlike cur-
rent methods, this paper combines lightweight architec-
ture design with self-knowledge distillation, specifically
for density map regression. Unlike traditional teacher-stu-
dent distillation systems, the proposed approach enables
knowledge transfer between its internal nodes via a single,
small network thereby enhancing feature consistency and
stability without requiring additional inference steps. This
makes it a realistic and scalable solution for real-time
crowd counting on constrained-resource platforms.

3. Proposed Method
3.1. Overview of the Network

The proposed solution is a regression-based crowd
counting approach that produces a continuous density
map from the input image, and the resulting crowd count
is calculated by summing the density map values across
all pixels. The main goal of network design is to be as pre-
cise as possible while remaining lightweight and compu-
tationally efficient so that it can be used in a real-world im-
plementation. Similar to the large plan shown in Figure 1,
the input image is first processed by a light convolutional
backbone, which also provides representations at different
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Figure 1. Overall architecture of the proposed LSKD framework, showing the lightweight backbone, feature matching and context

fusion modules, and the final density map prediction.

scales. These multi-level features encode complementary
data: the earlier levels represent fine-scale spatial data
(edges and local textures), and the later layers encode
high-level semantic data and larger-scale patterns in the
context of crowded, highly cluttered scenes. The richest
feature representation is then fed into a regression head to
produce the final density map prediction, the model's pri-
mary outcome. To further strengthen the learning process
without increasing the network's inference-time complex-
ity, the network under analysis uses a self-knowledge dis-
tillation strategy during training. This model uses its own
more enriched representations as internal guidance cues
for intermediate stages, forcing shallower representations
to become more semantically informative without losing
their spatial sensitivity.

To achieve this internal distillation, intermediate fea-
tures are first passed through Feature Matching Blocks
(FMB), which align feature representations, and then su-
pervision is applied. Moreover, the framework proposes
the Context Fusion (CoFuse) block, a global context fusion
module that injects contextual details into intermediate
representations. This enhances the uniformity of middle
features and helps the network handle significant changes
in appearance, perspective distortion, and dense crowds.
In the general architecture, branches of intermediate su-
pervision tasks work with the primary regression path and
provide signals for multi-level learning, but do not lighten
the final inference path.

The guided training used by this training is based on
the composite goal that sums up the loss components as
expressed in the architecture: intermediate features-level
loss, the loss that is used in supervision of self-distillation,
a consistency loss, the loss that is used in supervision of

the relationships between the deep representations and
density prediction, and a direct loss, which is the loss that
is used in supervision of the final density map output.
These elements come together to create a robust end-to-
end architecture in which context modelling at the global
scale and feature correspondence stimulate internal
knowledge action, ultimately leading to improvements in
the quality of density estimates without the need for a
dense external teacher model.

3.2. Feature Matching Block (FMB)

Figure 1 represents the FMB which is a light adapter
that adapts the intermediate backbone capability to the at-
tribute of deep projector used in the mechanism of self-
knowledge distillation. Intermediate and deep features
cannot be directly matched since they have different chan-
nel dimensions and are sensitive to different semantic lev-
els and this can compromise distillation signal. FMB takes
this care by projecting all the intermediate feature maps
using two 1x 1 convolutions and a ReLU in between. The
first 1 X 1 convolution converts the intermediate feature
to the same channel as the deep feature, the second 1 X 1
convolution brings non-linearity, and the last 1 X 1convo-
lution converts the transformed feature to create the
aligned feature on which supervision is used. Mathemati-
cally the aligned feature of an intermediate feature H; is
found as:

A, = Conv,, (ReLU(Conlel(Hl-))) (1)

and the constraint of the distillation is provided by the
minimization of the difference between the deep projector
feature H; and the aligned feature ;.
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Figure 2. CoFuse block generates a spatial attention mask to pool a channel-wise global context descriptor, refines it through a light-
weight transform, and fuses it back into the feature map by residual addition.

3.3. Context Fusion Block (CoFuse)

As shown in Figure 2, CoFuse is a lightweight global-
context module that enhances an intermediate feature map
by injecting scene-level context at every spatial map loca-
tion. This may be especially handy when the count of a
dense crowd is needed, and the local convolutional evi-
dence is often unclear due to high occlusion and large di-
mension variance. CoFuse takes an input feature map, X €
REXCXHXWand outputs a feature map Y € REXH*W which
are of the same size, where B is the batch size, C is the num-
ber of channels and H X W is the spatial resolution.
CoFuse first computes a spatial score map whichisa 1 x 1
convolution thus giving a single score at each spatial posi-
tion:

S = Convy,y(X), S € RBXIxXHXW ()

The score map S is then flattened with the spatial di-
mensions to length HW and SoftMax is then done at each
of the HW  positions to give an attention mask M €
REXIXHW)  where each element is the weighted signifi-
cance of a spatial position:

exp(57,1,)

)
HW
i exp(5).0)

Where S/ is the flattened form of S and p is an index
that corresponds to a different location in space after the
flattening has taken place.

Simultaneously, the input feature map X is flattened
to X' € REXCX(HW) CoFuse uses the attention mask to com-
pute a small global context vector g € RE*¢*1 that is the
weighted average of the spatial positions (equivalent to
the matrix multiplication operation in the diagram):

My, =

g= XIMT’ g € RBXCX]l (4)

In this case X'is the flattened input feature map and
MT € REX(HW)X1 jg the attention mask transpose. The con-
text value generated in each channel of this operation sum-
marizes the whole feature map based on the learned spa-
tial attention.

The transformed context unit then refines the context
vector as shown in the figure, which is a lightweight bot-
tleneck made up of 1 X 1 convolution, Layer Normaliza-
tion, ReLU, and a second 1 X 1 convolution:

T = Conv{} (ReLU (LN (Conviy (m))), T € REXC (5)

The two 1x1 convolution layers are referred to as the
Convglx)1 and Convgzx)1 and these two layers are used to
transform the context vector. LN (*) represents the Layer
normalization and ReLU(-) is the activation function. T is
the transformed context vector which gives one refined
context value in each channel.

Lastly, the residual map is reconstructed to the origi-
nal feature map by a fusion of the transformed context. As
there is only one value per channel, the context value in
that channel is channel-wise repeated across all spatial lo-
cations in the channel:

Yoenw = Xpcnw + Toc (6)

In this case T}, . is added to the feature map on a chan-
nel-by-channel basis. All spatial locations (h,w) in the
channel have the same value of context that will be added
to the channel. This creates the output feature map Y
which is the same size as X but with residual fusion of con-
textual information across the entire picture.

In conclusion, CoFuse learns a spatial attention mask
to find an informative location, aggregates global context,
downsizes it with a simple nonlinear transform, and ap-
plies it to the feature representation. Unlike more tradi-

Scientific Journal of Engineering Research 2026, 2, 2

https://journal.futuristech.co.id/index.php/sjer



Raza et al, LSKD: Lightweight Self-Knowledge Distillation Framework for Fast and Robust Crowd Counting 186

tional channel-only attention mechanisms, such as SE
blocks or attention modules, CoFuse combines spatial rel-
evance with channel-wise global context via a simple at-
tention pooling mechanism. CoFuse can optimistically
boost intermediate representations, yielding global con-
text descriptors, without incurring the high computational
cost of an attention head or the complexity of inference by
generating a spatial attention mask to compute a global
context descriptor and then reinjecting it via residual fu-
sion.

3.4. Self-Knowledge Distillation (SKD)

To improve the representation learning process that
does not rely on an external teacher network, we apply a
self-knowledge distillation method that uses deep net-
work features to teach low-level layers during training. It
allows the richer representation of semantic information,
as well as allows the light weight of the model in the infer-
ence stage by using intermediate representations as a way
of regularizing against drift in representations as we go
deeper in the network, where optimization stability and
encouraging intermediate layers to learn semantically but
spatially sensitive features are necessary in problems of
dense regression.

According to an input image I, the backbone network
obtains a collection of in-between feature maps {H;}L,,
and a deep feature map H, of the last stage. The number
of intermediate layers involved in distillation of self-
knowledge is denoted by N. The representation of each
middle feature map is first subject to a Feature Matching
Block (FMB) in order to match its representation with the
deep feature:

H; = FMB(H,) ™

In this case, H; is the intermediate feature map of the
i-th backbone stage, Feature Matching Block is denoted as
FMB, and the aligned intermediate representation follow-
ing channel and feature adjustment is denoted as ;. The
aligned feature is further optimized with CoFuse block to
bring global contextual information:

Hf = CoFuse(H;) (8)

The operator CoFuse(+) injects global context into the
aligned feature, producing the context-enhanced interme-
diate feature Hf.

In order to acquire training of deep semantic
knowledge, feature alignment loss is used:

Latign = ||1Hf — Hyl|? 9

align

|| - ||? is the mean squared error. Ll;llign computes the
difference between deep feature map H, and the context
enhanced intermedjiate feature H; using the mean squared

error.

The total amount of all the intermediate losses is then
brought to one loss, intermediate alignment loss:

N
1 i
LIA = NZ Lalign
i=1

where L;, denotes the overall intermediate alignment loss.
A consistency constraint L.,,s, between the deep feature
and the density map on which the forecast is being pro-
jected, is added between the two to project the deep repre-
sentations to the final forecast:

(10)

Leons = ||Avg(Hy) — D2 (11)
The operator Avg(-) performs channel-wise averag-
ing on the deep feature map Hy,yielding a density-like rep-
resentation that is compared with the predicted density
map D. Direct supervision on the predicted density map is
provided using the ground-truth density map D through
a combination of pixel-wise error and structural similarity
as L4
Lyeg = M|ID = DJ? + 2, (1 - SSIM(B,D)) (12)
The weighting factors 4, and 4, balance numerical ac-
curacy and structural consistency in the density estima-
tion.
The final training objective combines all loss terms as

Ltotal:

Ltotal =a LIA + ﬁ Lcons + 14 Lreg (13)
with @, f and y controlling the contribution of each com-
ponent during optimization.

Overall, this self-knowledge distillation strategy ena-
bles effective information transfer from deep to intermedi-
ate layers during training, leading to improved density es-
timation performance without introducing additional pa-
rameters or computational overhead at inference time.

4. Experimental Setup
4.1. Datasets

Three popular public crowd counting benchmarks
(ShanghaiTech, UCF-QNRF, UCF-CC-50) are evaluated
using the proposed method. As ShanghaiTech consists of
Part A and Part B, there will be four evaluation subsets in
the overall analysis. The datasets can be easily used to as-
sess accuracy and robustness, as they are diverse in terms
of crowd type, crowd density, perspective distortion, and
annotation difficulty, and are frequently used as reference
benchmarks for both accuracy and efficiency in crowd
counting.

The main statistics for each dataset are summarized
in Table 1 which includes the number of images and the

Scientific Journal of Engineering Research 2026, 2, 2

https://journal.futuristech.co.id/index.php/sjer



Raza et al, LSKD: Lightweight Self-Knowledge Distillation Framework for Fast and Robust Crowd Counting 187

Table 1. Benchmark dataset statistics, where Dens is density level, Res is image resolution, N is number of images, C is total annotations,

and Min, Max, Avg denote crowd count distribution.

Dataset Dens Res N C Min Max Avg
ShanghaiTech A Low-D 868 x 589 482 ~240,000 33 3139 501
ShanghaiTech B Low-D 1024 x 768 716 ~90,000 9 578 123
UCF-QNRF Mid-D 2902 x 2013 1535  ~1.25 million 49 12865 815
UCF-CC-50 Ultra-High-D 2888 x 2101 50 ~64,000 94 4543 1279

Table 2. Crowd density-level distribution of the evaluated datasets, showing the count ranges for low, medium, high, and very high

crowd scenes.

Dataset Low Medium High Very High
ShanghaiTech A 1-9 10-21 22 -47 >=48
ShanghaiTech B 1-2 3-4 5-10 >=11
UCF-QNRF 1-10 11-30 31-78 >=79
UCF-CC-50 1-20 21-57 58-121 >=122

diversity of crowds across datasets in terms of both size
and challenge. Moreover, Table 2 provides the population-
level distribution across four datasets, which show differ-
ent levels of crowd congestion: sparse, moderate, and very
dense. The density- level thresholds are defined following
prior crowd counting studies, where images are grouped
according to the total crowd count to reflect increasing lev-
els of congestion and occlusion. A combination of these
two tables provides a clear picture of the dataset's features
and highlights the challenges posed by the various distri-
butions of crowd density.

4.1.1. ShanghaiTech Part A

ShanghaiTech Part A contains 482 crowd images with
nearly 240,000 annotated persons. The pictures are taken
randomly, from the Internet, and show numerous
crowded situations in which people tend to crowd each
other and may appear at different sizes due to perspective.
This complicates counting due to heavy occlusion and
large variations in crowd density. The data will be split
into 300 training images and 182 test images.

4.1.2. ShanghaiTech Part B

ShanghaiTech Part B has nearly 90,000 annotated
street images, with crowds relatively thin compared to
Part A. It has 400 training images and 316 test images. The
scenes are less varied and more composed, yet counting
remains difficult since there are people who are shown at
varying sizes because of alterations in the camera angle
and the distance.

4.1.3. UCF-QNRF

UCF-QNREF represents one of the most difficult and
the most significant datasets of the number of people in
the crowd with nearly 1.25 million annotated individuals.
Itis constituted of the 1,535 quality crowd images gathered
variously on the web. The data set has numerous con-

trasting scenes in terms of camera movement, lighting and
density of the crowd. The size of the number of people var-
ies between 49 to 12,865 and this makes it more realistic
and challenging. Since the pictures are of a high resolution,
the sizes of the heads differ significantly, which contrib-
utes to even more complexity in terms of proper counting.

4.1.4. UCF-CC-50

UCF-CC-50 is very challenging, but a small crowd
counting dataset containing just 50 pictures and a total of
nearly 64,000 annotated persons. The crowd in the scenes
is tremendous, and there are between 94 and 4,543 people
in every picture, with a mean figure of approximately
1,280. The photos contain great changes of perspective that
cause the size of the heads to change significantly and
make counting harder. It is commonly tested on 5-fold
cross-validation due to the very small size of the dataset,
and most deep models cannot generalize effectively due to
the low amount of training data.

4.2. Implementation Details

We follow a standard density-regression training
pipeline with dataset-specific cropping and carefully bal-
anced supervision and distillation losses. During training,
images are randomly cropped to a fixed size and horizon-
tally flipped for data augmentation. Since ShanghaiTech
Part A contains comparatively lower-resolution images,
we use 256 x 256 crops for this dataset. For ShanghaiTech
Part B, UCF-CC-50, and UCF-QNRF, we adopt larger 512
x 512 crops to preserve more contextual information.

Ground-truth (GT) density maps are constructed by
convolving each head annotation with a fixed Gaussian
kernel of size 15. Although adaptive Gaussian kernels can
better model perspective variation, we adopt a fixed ker-
nel size to maintain consistency across datasets and ensure
fair comparison with lightweight baselines, while avoid-
ing additional pre-processing overhead.
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All the experiments are done with the help of the
PyTorch framework and are run on an NVIDIA GeForce
RTX 4080. We apply the Adam optimizer to optimize the
network and train all models in 150 epochs with a batch
size of 2. The learning rate starts with the value of 1 x 10
and is reduced in the later stages of training to enhance
convergence stability with a lower learning rate in the later
stages of fine-tuning in the final epochs.

To make sure that training is mainly pushed by the
ground-truth density regression and also takes the ad-
vantage of self-distillation as a regularizer, we set the loss
weights to be as follows a=6.0, B =2.0, and y = 13.0 in the
total loss. To avoid dataset-specific tuning and provide fair
evaluation, the loss weights were not tuned on a case-by-
case basis and were fixed throughout all datasets.

This configuration maintains hard supervision as the
dominant signal, allows intermediate distillation to pro-
vide meaningful semantic guidance without over-con-
straining spatial details, and employs projector con-
sistency as a lightweight stabilizer. For the hard loss, we
set 4, = 1.0 and 4,= 0.2, emphasizing numerical accuracy
through the mean squared error (MSE) term while incor-
porating a modest structural similarity (SSIM) component
to enhance the structural coherence of the predicted den-
sity maps without degrading regression performance.

4.3. Evaluation Metrics
4.3.1. Counting Accuracy Metrics

To evaluate counting performance, we adopt two
widely used metrics in crowd counting: Mean Absolute
Error (MAE) and Mean Squared Error (MSE). Following
standard crowd counting benchmarks, both metrics are
computed at the image-level count difference, rather than
at the pixel level of density maps. In density-based crowd
counting, the predicted total count for each image is ob-
tained by integrating (summing) the predicted density
map over all spatial locations. Similarly, the ground-truth
count is computed by summing the ground-truth density
map. Therefore, for a test set containing N images, let
Dl.p red (x,y) and Dl.gt (x,y) denote the predicted and ground-
truth density values at spatial location (x,y) for the i-th
image. The corresponding predicted and ground-truth
crowd counts are defined as:

Cipred — Z Dg)red (x‘ y) (14)
Xy
t_ gt
c¥'=> DFey) (15)
xy

The evaluation metrics are then computed as:

N

MAE—lz
N

i=1

(16)

pred gt
¢ -G

N

> (et -y (17)

i=1

MSE =

=2

MAE measures the average absolute deviation be-
tween predicted and ground-truth counts, reflecting over-
all counting accuracy. MSE penalizes larger deviations
more heavily and thus reflects the robustness and stability
of the model across varying crowd densities.

4.3.2 Computational Complexity Metrics

To compare the effectiveness of the proposed model
with two popular indicators, the number of parameters
(Params) and the complexity of computations (FLOPs)
and overall results are given in Table 4. For a 2D convolu-
tion layer, the number of learnable parameters depends on
the kernel size, the input/output channel dimensions, and
the bias term. It can be written as:

Pconv = (T’ t Cin + 1)Cout (18)

where r and t denote the kernel height and width, C;, and
Cou; are the input and output channel dimensions, and the
constant +1 accounts for the bias.

The computational cost of the same layer is measured
in FLOPs and is expressed as:

Péonv =2 Hout Wout(r t Cin + 1)Cout (19)

Where H,,; and W, are the spatial height and width
of the feature map output. The factor of 2 is in keeping
with the traditional system that a multiply-accumulate op-
eration comprises one multiplication and one addition.

5. Results and Analysis
5.1. Quantitative Results

It is important to mention that the compared tech-
niques utilize various architectures, supervision tech-
niques, and backbone complexity, such as heavy CNNs,
transformer-based models, and detection-assisted ap-
proaches. It is a comparison that is made to show general
trends in performance across performance and efficiency
trade-offs, and not to assert any direct superiority in per-
formance to models with significantly larger computa-
tional budgets.

Table 3 [37], [53], [54] shows the quantitative results
of comparing the proposed LSKD to a large variety of the
state-of-the-art crowd counting methods in ShanghaiTech
Part A, ShanghaiTech Part B, UCF-QNRF, and UCF-CC-
50. The highest results in each column are highlighted in
bold. The table also gives the number of parameters in the
model to be analyzed in order to analyze the trade-off be-
tween counting accuracy and the complexity of the model.

LSKD performs competitively across all four datasets
while maintaining a lightweight structure. LSKD has 63.17
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Figure 4 Visualization results of the proposed LSKD method. The left panel shows examples from ShanghaiTech Part A and B, while
the right panel presents results from UCF-QNRF and UCF-CC-50. For each dataset, the input image (left), ground-truth density map

(middle) and predicted density map(right) are displayed.

MAE and 102.95 MSE on the ShanghaiTech Part A dataset,
respectively, compared with a few existing methods that
use much more parameters (2.65M) than heavy models
like LSC-CNN (42.23M parameters) and CCST (294.7M pa-
rameters).

LSKD achieves 8.94 MAE and 11.51 MSE on the
ShanghaiTech Part B dataset, indicating strong accuracy
for a small model with a rather sparse crowd. LSKD scores
143.7 MAE and 239.2 MSE on the difficult UCF-QNRF da-
taset, which encompasses profound changes in crowd
density, image quality, and scene complexity. Although
some new approaches achieve lower error rates, they often
rely on much larger models, which are more expensive to
compute. In contrast, LSKD provides a competitive bal-
ance between accuracy and cost. On the contrary, LSKD
maintains constant performance at the expense of being
lightweight, making it robust and having high generaliza-
tion capacity. For the very dense UCF-CC-50 data set, with
very few training samples, the LSKD results are 223.88
MAE and 341.72 MSE. Although this dataset is not simple,
the suggested approach is competitive and effectively
works with ultra-high-density scenes without relying on
parameter-intensive structures. Figure 3 demonstrates the
development of MAE and MSE of the training and valida-
tion sets of the four benchmark datasets. The first row is
ShanghaiTech Part A, the second is ShanghaiTech Part B,
the third is UCF-QNREF, and the fourth is UCF-CC-50, in-
dicating the model's error dynamics across each dataset.

On the whole, these findings show that LSKD allows
offering a good balance between accuracy and efficiency,

in which consistent results are recorded in both sparse and
extremely dense situations, with the model size being
small enough to be used in practice. Over repeated runs
and across cross-validation folds, the convergence behav-
ior of the proposed method is stable with minimal varia-
tion in MAE and MSE, which indicates strong perfor-
mance in both sparse and extremely dense scenes. Visual
comparison of the density maps, as illustrated in Figure 4,
suggests that the proposed method is capable of yielding
consistent results at scale, despite the limited training data
in the ultra-dense scenarios. The projected maps show re-
duced error activation in the background areas and more
accurately maintain spatial continuity in the highly con-
gested areas, which indicates the power of global context
fusion and self-distillation.

It is mandatory to mention that some of the light-
weight approaches in Table 3 show competitive results us-
ing much fewer parameters. As an example, LSANet (0.2M
parameters) has 8.6 MAE on ShanghaiTech Part B, and
Lw-Count (0.071M parameters) also shows good effi-
ciency-accuracy trade-offs. These outcomes imply that
strong performance can be achieved through careful light-
weight architectural design. Nevertheless, most methods
primarily focus on architectural simplification, but the
suggested LSKD framework is also concerned with inter-
nal feature alignment and learning contextual consistency
without supervision. The comparison thus brings in the
various design philosophies and not a performance hier-
archy.
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Table 3. Comparison of the proposed LSKD method with state-of-the-art crowd counting approaches on ShanghaiTech Part A and B,

UCF-QNRF, and UCF-CC-50 in terms of MAE and MSE.

Method Vente Parameters 5 I;z:tgga‘ Sl;;rr’fga‘ UCF-QNRF  UCF-CC-50
™M) MAE MSE MAE MSE MAE MSE MAE MSE
MCNN CVPR16 0.13 1102 1732 264 414 2770 4260 3776 509.1
CMTL AVSS17 2.46 1013 1524 200 311 2520 5140 3228 3979
CP-CNN ICCV17 68.4 736 1064 201 301 ; - 2958 3209
SANet ECCV18 1.39 670 1045 84 136 1526 2470 2584 3349
CSRNet CVPRIS8 16.26 682 1150 106 160 1455 2333 2661 3975
ACSCP CVPRI18 5.10 757 1027 172 274 ; - 2910 4046
SaCNN WACV18 24.06 868 1392 162 258 ; - 3149 4248
LCN ICIP19 0.032 933 1570 151 233 2620 3586 2620 3586
PCC Net TCSVT19 0.55 735 1240 110 190 1487 2473 2400 3155
BL ICCV19 21.50 615 1032 75 126 877 1581 2293 3082
MobileCount ~ NEUCOM20 3.40 894 1460 9.0 154 1311 2226 3217 437.1
ASNet CVPR20 30.39 578 90.0 - - 91.6 159.7 1748 2516
LSC-CNN TPAMI20 4223 665 1018 77 127 1205 2182 - -
DM-Count NIPS20 - 507 957 74 118 856 1483 2110 2915
UEPNet 1ccv2l 26.21 546 912 64 109 811 1317 1652 2759
P2PNet ICCV21 18.34 527 81 63 99 83 1545 1727 256.1
DKPNet ICCv21 30.63 556 910 66 109 814 1472 - -
SCNet T-AES21 163 585 991 85 134 939 1508 1970 2316
CFANet WACV21 - 561 896 65 102 890 1523 203.6 2873
AECNet CAFGR21 - 552 924 512 9.6 842 1427 1528 2516
Lw-Count TCSVT22 0.071 697 1005 101 124 1497 2384 2393 3076
LSANet NEUCOM?22 0.2 661 1102 86 139 1123 1869 - -
STNet TMM22 15.56 59 86 63 103 879 1664 1620 2304
JANet NEUCOM?22 21.77 539 905 63 104 900 1686 - -
CCST VCOMP24 2947 628 941 83 134 937 1669 1907 289.0
LSKD (ours) ; 2.65 6317 10295 894 1151 1437 2392 22388 341.72

Table 4. Computational complexity comparison of the proposed
LSKD model with existing crowd counting methods in terms of

parameter count (Params) and floating-point operations
(FLOPs).

Methods Parameters(M) FLOPs(G)
MCNN 0.13 21.17
CMTL 2.46 95.56
SANet 1.39 71.46
PCC Net 0.55 129.58
MobileCount 3.40 6.15
LSANet 0.2 5.41
CSRNet 16.26 325.02
CANet 18.10 344.47
SFCN 38.6 486.1
LSKD (ours) 2.65 10.23

5.2. Efficiency Analysis

Table 4 presents the computational complexity com-
parison between the proposed LSKD model and repre-
sentative crowd counting approaches. The proposed
method requires only 2.65M parameters and 10.23

GFLOPs, demonstrating its lightweight design. Com-
pared with heavy models such as CSRNet (16.26M param-
eters, 325.02 GFLOPs) and SFCN (38.6M parameters, 486.1
GFLOPs), LSKD significantly reduces computational cost
while maintaining competitive counting accuracy. Com-
pared to lightweight alternatives such as LSANet (0.2M
parameters, 5.41 GFLOPs), LSKD provides improved ac-
curacy with a moderate increase in complexity, indicating
a favorable efficiency—accuracy trade-off. These results
confirm that the proposed self-knowledge distillation
framework enhances feature representation without intro-
ducing substantial inference overhead, making it suitable
for real-time and resource-constrained deployment sce-
narios.

5.3. Ablation Study

Ablation experiments are used to examine the contri-
bution of each of the components in the proposed method.
We create a baseline model and add different modules one
by one and test their impact, i.e., counting performance.
All the experiments are measured using MAE and MSE
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Performance Comparison using Different SKD Loss Components
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Figure 5. Ablation on effect of different SKD loss components.

Effect of CoFuse Block (MAE vs MSE)

16 4 15.63 = MAE

Error Value

Lotar (Without CoFuse Block)

Ltotat + COFuse Block

Component

Figure 6. Ablation on the effect of CoFuse Block.

using the ShanghaiTech part B dataset. ShanghaiTech Part
B will be chosen as an ablation because it provides a mod-
erate evaluation condition both in terms of persons and
spacing, and certain training data, which allows for adjust-
ing assessments of the architectural and loss factors, which
can be traced in the stable gains of the overall benchmark
outcomes.

The given research helps to understand how each de-
sign choice affects the final performance. The lightweight
backbone and the final density regression head are the el-
ements of the base model that are being trained on the
hard supervision loss without self-knowledge distillation
modules or context fusion modules.

5.3.1. Effect of SKD Losses

In order to test the role of various elements of SKD,
we perform ablation experiments on the ShanghaiTech
Part B. The findings are represented using Figure 5.

When the model is trained using only the hard super-
vision loss L, it achieves 14.63 MAE and 18.27 MSE, indi-
cating limited performance when relying solely on direct
density regression. By introducing the intermediate distil-

lation loss Ly, alongside L, the performance improves
significantly to 9.46 MAE and 14.86 MSE, demonstrating
that intermediate supervision provides effective guidance
for learning more discriminative representations. Com-
pared to the baseline, introducing intermediate distillation
reduces MAE by 35.3% and MSE by 18.7%.

Finally, when all loss terms are enabled, including the
projector consistency loss L., , the model achieves the
best performance with 8.94 MAE and 11.51 MSE corre-
sponding to a 38.9% reduction in MAE and a 37.0% reduc-
tion in MSE compared to the baseline. This confirms that
each SKD loss component contributes positively, and their
combination leads to consistent and complementary per-
formance gains. The projector consistency loss encourages
alignment between deep semantic activations and the final
density prediction, reinforcing structural consistency and
reducing semantic-spatial mismatch during training.

5.3.2. Effect of CoFuse Block

We also conduct ablation experiments to test the effi-
cacy of the proposed CoFuse block, which can also be vis-
ualized in Figure 6. The CoFuse block in the model is taken
out, resulting in a significant decrease in performance to
11.43 MAE and 15.63 MSE, which means that the network
is not getting enough global contextual information.

Once the CoFuse block is introduced into the model,
it has a distinct performance increase with the error de-
creasing to 8.94 MAE and 11.51 MSE. This represents a de-
crease of 21.8% and 26.4% in MAE and MSE, respectively.
These findings show that CoFuse is effective in improving
intermediate feature representations by injecting global
contextual features to achieve more accurate and robust
density estimation. In addition, the enhancement implies
that CoFuse assists the network in overcoming the issue of
ambiguous local evidence in the presence of occlusion and
large-scale variation in complex crowd scenes.

All other components, such as the backbone, SKD
losses, and training settings, are held constant in this abla-
tion, so that the effects of the CoFuse block are solely due
to its presence. It is noteworthy that the beneficial effects
of the CoFuse block are greater in combination with self-
knowledge distillation, which indicates that global context
enhancement and internal feature alignment are synergis-
tic factors in enhancing density estimation. Although the
ablation study controlled a large number of components,
including the backbone, these results are also consistent
with the entire benchmarking results reported in Section
4.

6. Conclusion

LSKD is a simple and efficient crowd-counting model
showing that internal self-knowledge distillation may as-
sist in addressing model capacity limitations in the frame-
work of density map regression, without having to resort
to the usage of an external teacher network. Under self-
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knowledge distillation, the model subsequently applies
the deep representations into the intermediary representa-
tions in training by aligning multi-level features with an
FMB block, infused global contextual awareness with the
CoFuse module, and the proposed framework can also im-
plement semantic guidance to the intermediary represen-
tations successfully and maintain spatial sensitivity under
a high level of occlusion conditions, scale variations, and
crowd densities. It has been proved that the LSKD pro-
vides an appropriate quality-cost ratio, which is achieved
by the balance, that is why the given approach is a good
option that must be applied in resource-limited settings in
real time, when the size of the model is one of the most
important aspects to be considered, as well as the compu-
tational budget.

Future studies could further enhance the framework
by exploring more hardware-efficient lightweight back-
bones, developing more robust and stable self-distillation
objectives, and improving deployment on real edge de-
vices through techniques such as pruning and quantiza-
tion. In addition, the method could be extended to video-
based crowd counting by incorporating temporal con-
sistency into its predictions, enabling more stable perfor-
mance in real-world surveillance systems. Although LSKD
is an effective and efficient approach, there is still room for
improvement. Future work may focus on improving per-
formance in extremely sparse scenes and in scenarios with
severe perspective distortion, where lightweight density
regression models may still face challenges due to limited
model capacity.
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