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Abstract

Video crowd counting aims to predict the people count
in each frame of a video. It requires effectively leveraging
spatio-temporal (ST) information in videos while satisfying
real-time constraints. However, most existing methods use
ST information from neighboring frames through auxiliary
extraction and fusion modules—resulting in large compu-
tational cost and the need to buffer multiple frames dur-
ing inference. Such designs limit their practicality in real-
world applications with limited computational resources
or stringent real-time requirements. To address these is-
sues, we revisit video crowd counting from the perspec-
tive of lightweight image-based counting models that en-
able real-time deployment under limited resources. We
analytically define ST information in a model-independent
and statistically interpretable manner, and incorporate it
into training via a statistical regularizer that effectively en-
hances model performance without adding modules or in-
ference overhead. Most framework hyperparameters are
further formulated as statistical inference problems, allow-
ing automatic estimation from data and consequently effi-
cient adaptation to new scenarios. Our framework unifies
video crowd counting and image-based counting models un-
der a compact, principled formulation that is lightweight,
portable, and efficient. We also establish theoretical foun-
dations for adapting image-based counting models to video
crowd counting and achieve state-of-the-art accuracy and
efficiency across six benchmarks, including challenging
DRONECROWD and VSCROWD. Our codes will be avail-
able at: wbshu/SR.

1. Introduction

Crowd analysis has wide applications in various fields such
as surveillance [3, 50, 51], aerial photography [44, 45, 53],
and thermal imaging [25]. Crowd counting is a fundamental
task in crowd analysis, and its research mainly focuses on
image crowd counting (ICC) due to the relative ease of col-
lecting and annotating image data across a wide variety of
scenes, as compared to video data. As a result, video crowd

abchan@cityu.edu.hk

counting (VCC) remains relatively underexplored. Com-
pared with ICC datasets, VCC datasets contain more im-
ages but come from fewer scenes, with consecutive frames
exhibiting high temporal continuity and spatial homogene-
ity that provide rich spatio-temporal (ST) cues.

Due to the video modality, the crucial point in VCC
methodology is to utilize the ST information in consecu-
tive frames for improving prediction performance [8, 27,
28, 48, 49]. However, the ST information used in most ex-
isting works is implicitly and indirectly related to the count-
ing task (e.g., low-level optical flow). The ST informa-
tion is typically extracted and fused to the features for the
count (or density map) prediction. As the extraction, fu-
sion, and final prediction are all based on deep neural net-
works, how the ST information helps to improve the pre-
diction is not clearly interpretable or understood. In addi-
tion, the extraction and fusion of auxiliary ST features in-
creases the model complexity, resulting in higher storage re-
quirements and lower computational efficiency which may
not meet the real-time requirement of VCC. The strategy
of predicting current frame’s count by using extra neigh-
bor frames also requires buffering more frames and features
during predictions. Such restrictions impose challenges on
deploying these models in real-world applications with lim-
ited computational resources and high real-time demands,
which greatly limit their practicality.

One idea to tackle the above challenges is to exploit
the lightweight subset of ICC models, which naturally in-
herit the comparatively low time and space complexity. In
contrast to recent transformer-based or multi-branch mod-
els with heavy computation, these lightweight architectures
(e.g., [16, 26, 31]) maintain compact designs and fast in-
ference suitable for real-world deployment. Anchored in
these practical challenges, this paper investigates how to
enhance the VCC ability of such lightweight ICC models.
To ground our framework, we establish a rigorous statisti-
cal formulation that quantifies the theoretical gap between
ICC and VCC models, revealing when and why ICC mod-
els are capable of VCC. Methodologically, while prior work
[37] introduced the characteristic function (ChF) as a static
per-image representation for ICC, we examine ChF along a
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different and previously unexplored dimension: its tempo-
ral evolution across frames. Our framework therefore starts
with a precise analytical definition of ST information, ex-
plicitly tied to counting tasks and derived from temporal
dynamics of the ChF, which makes its extraction indepen-
dent of models and its usage principled. Then we use the
ST information to devise a statistical regularizer to enhance
the training of the lightweight ICC models on VCC tasks.
To further improve adaptability and efficiency, we resort to
statistical analysis. We reformulate the selections of key
hyperparameters as statistical inference problems, enabling
them to be estimated directly from the dataset and avoid-
ing manual tuning. Moreover, the entire pipeline—from
extracting to leveraging ST information—is fully formal-
ized, allowing the framework to be distilled into a compact,
portable training scheme with a single regularizer that gen-
eralizes to diverse ICC models. Our framework for VCC is
unique from related works in three aspects:

1. The ST information used in previous works is indirectly
related to counting tasks, which makes its usage require
auxiliary modules for extraction and fusion. In contrast,
we analytically and precisely define the ST information
that is directly aligned with the counting task. The defi-
nition enables its extraction to rely solely on the training
dataset, making it independent of specific models.

2. Instead of using ST information as auxiliary features for
model fitting, we incorporate it as a statistical regularizer
that constrains model complexity. This regularization
enforces temporal consistency during training without
adding modules or inference overhead, and the model is
guided to search for solutions of controlled complexity,
which leads to improved VCC performance.

3. In contrast to prior methods that rely on multiple consec-
utive frames for both training and inference, our frame-
work only needs frame pairs for training and a single
frame for inference. Moreover, its main hyperparam-
eters are automatically determined via statistical infer-
ence from the dataset, avoiding manual tuning.

These three properties make our framework conceptually
novel, statistically grounded, and practically efficient. In
summary, the contributions of our paper are three-fold:

» Establishing the theoretical and empirical foundations
of ICC models for VCC. To our best knowledge, this
work is the first to systematically investigate adapting
lightweight ICC models for VCC. On the theoretical side,
we derive a statistical formulation that quantifies the gap
between image-based and video-based counting models.
It reveals how closely single-frame inference can approx-
imate the optimal multi-frame estimation, formalizes the
theoretical sufficiency of ICC models for VCC, and also
provides a principled way to assess trade-offs between
accuracy and efficiency under limited computational or
data resources. On the practical side, experiments on six

benchmark datasets demonstrate superior results of our
framework compared with state-of-the-art (SOTA) VCC
methods—the accuracy of lightweight ICC models is ef-
fectively improved while retaining their advantages of
low time complexity, highlighting the value of this direc-
tion for real-time applications.

* Analytical formalization of ST information. We pro-
pose the first analytical definition of ST information that
is explicitly tied to VCC. By characterizing the temporal
dynamics of the ChF [37], we instantiate this ST infor-
mation via a tight inequality and prove that it captures
the statistical information of average local count changes
across neighboring frames. This formalization allows ST
information to be extracted directly from the dataset, in-
dependent of model structures, and used in a principled
and interpretable manner. Moreover, the extraction is per-
formed only once, rather than at every training step as in
prior works, which greatly improves training efficiency.

* A compact and portable framework. Our framework
is distilled into a concise structure: a training scheme
with a statistical regularizer encapsulating ST informa-
tion, as shown in Fig. 1. The framework hyperparam-
eters are reformulated as statistical inference problems,
enabling them to be automatically estimated from the
training dataset in a single pass. This design makes the
framework highly portable and easily adaptable to differ-
ent lightweight ICC models and datasets, while preserv-
ing efficiency and reducing the need for costly validation
experiments and manual hyper-parameter tuning.

2. Related Works

Image crowd counting (ICC). Early research in ICC was
based on “detect then count” methods [10, 15, 52], which
use extracted features to detect people in images and then
accumulate the detection number as the final people count,
or “image to count” methods [3, 6, 23], which regress the
total people count directly from the input image. More re-
cently, ICC research is mainly divided into the density-map-
based methods [11, 20, 34, 36] and the point-based methods
[4, 17, 24, 39]. The density map methods rely on the heat
map representation of the ground truth, i.e., the density map
is a 2D heat map obtained by convolving the labeled dot
map (each dot corresponds a people head in that position)
with a Gaussian kernel', which represents the distribution of
people in the spatial domain. The counting model is trained
to predict density maps using image-density map pairs for
supervision. The point-based methods resort to predict-
ing the position and confidence value of people proposals,
where the proposals are preset at the center of each local
pattern reserved for the people in that local region. Gener-
ally, ICC works can also be roughly sorted into loss function

IThe convolution kernels could also be learned [40, 41].
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Figure 1. Two adjacent frames are fed into a lightweight image-based counting model to generate separate density maps. The training loss
has two parts: (1) supervision from the ground-truth characteristic functions [37] (ChFs; green boxes), and (2) our statistical regularizer
applied between the ChFs of two adjacent predictions (red box). « is the balance factor. The regularization only applies during training. In
the inference stage, a single frame is used to predict the density map of the current frame, i.e., the same mode as image counting. Distinct
from prior works and from the static use of ChF in [37, 38], the regularizer leverages analytically defined spatial-temporal information
derived from the ChF’s temporal dynamics, expressed through a tight inequality inside the indicator function I(.), with its bound €*
estimated adaptively from the training dataset via statistical inference. The weighting function Hy, also derived analytically and estimated
automatically from the training data, refines the constraint by tolerating expected people motion. All components are compactly unified
into a single portable regularizer, distilling all the theoretical insights into a simple training scheme. As it requires no extra modules,
minimal manual hyperparameter tuning, and only single-frame input at inference, the framework is efficient while retaining accuracy.

design [31, 38, 42, 43] and model design [12, 33, 35, 46].

Video crowd counting (VCC). Currently, most VCC
methods focus on perfecting density map generation by
leveraging ST information from neighboring frames [1, 7—
9, 30, 4749, 53]. These methods differ in how to extract
and exploit the information. [49] extends a language model
(a temporal model) to videos. [8, 9, 47] directly merge
the features extracted from the neighboring frames into the
density map prediction pipeline of the current frame, e.g.,
[1, 53] uses an optical flow network to extract optical flow
features from consecutive frames. [14, 48] uses a trans-
former structure to capture the difference and relevance be-
tween adjacent frames to improve the model’s prediction
ability. [27, 28] uses the features of adjacent frames to pre-
dict people flow between them. These related works fo-
cus on using the ST information to provide additional fea-
tures or guide model architectures. In contrast, we employ
ST information in a fundamentally different and more in-
terpretable way. Instead of embedding it as auxiliary fea-
tures or designing complex architectures around it, we an-
alytically define ST information to be directly aligned with
the counting objective, and extract it once from the dataset
without relying on additional networks. This precise for-
malization enables us to use ST information not as ex-
tra inputs, but as the foundation of a statistical regularizer
that constrains model training. In this way, our framework
avoids additional modules, and guides the learning process
toward solutions of controlled complexity— thus improving
accuracy while preserving efficiency.

3. Methodology

We first elucidate the definition and extraction of our ST
information, propose our statistical regularizer and training
framework, and finally establish the theoretical foundation.

A VCC dataset comprises several groups of consecutive
frames. Each group of frames is extracted from a video clip
with a fixed framerate. We use the following notation:

o ] (k):

%

tth frame from the kth group (video clip).
. ng): density map of the ith frame from the kth group.

. Ci(k): characteristic function of the density map of the ith
frame from the kth group.

e M: total number of groups of frames (clips).

¢ Nj: number of frames in the kth group (kth clip).

3.1. Formalization of ST information

We define ST information as an ST statistical consistency
constraint. After progressive theoretical analysis, the formal
definition arises as a tight inequality.

ST statistical consistency. Because a video captures
the temporal evolution of a scene, the crowd distribution
between consecutive frames should not vary arbitrarily—
instead, it follows a bounded statistical variation. In the
context of counting tasks, such variation should reflect the
change in local people counts between adjacent frames.

Formally, let f(¢) denote the local people count in a re-
gion at time ¢{. We require that the local count evolution
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satisfies:

IfE+1) = f(t) <e (1)

where ¢ is a data-driven upper bound extracted from the
training set.

Challenges. Defining the function f properly is nontriv-
ial. First, although people’s motion is continuous in the real
world, the pixel-level representation of density maps ex-
hibits discontinuous variations, even for slow movements,
especially under the dot-map representation. Hence, defin-
ing consistency directly in the spatial domain based on
pixel values is unreliable. Second, the diversity of scenes,
crowd densities, and camera perspectives makes it difficult
to choose a proper region size and shape for local counting.

Frequency-domain ST consistency. Given these dif-
ficulties, We therefore bypass the spatial density map by
using the characteristic function (ChF) [37], a frequency-
domain information carrier for people’s distribution.

Whereas prior works treated the ChF purely as a static
frequency-domain descriptor [37, 38], we take a different
perspective: we analyze its temporal evolution, revealing
that the ChF encodes highly structured and mathematically
tractable ST information. In particular, we establish two
new theorems that characterize the temporal dynamics of
ChF values between consecutive frames, providing a prin-
cipled foundation for defining ST consistency directly in the
frequency domain. Proofs are in the supplemental.

Theorem 1 Let (Q denote the number of people in the scene
at time t, and let their spatial positions be the vector
X; = (xgl), . 7)<:1(5Q))T. Denote by Cy(w) the charac-
teristic function of the corresponding density map, where w
is the 2D frequency coordinate. Then, for any w,

At—0

Crrat(w) — Cr(w) —= Apw(Xirar — Xt),
where Ay v is a row vector with || Ay w2 < Q|w||2.

Theorem 1 unveils a previously unexplored property of the
ChF: although pixel-level density maps change discontin-
uously even under smooth motion, their ChFs evolve in
a temporal-locally linear manner with respect to people’s
movement. This finding extends prior work that used ChF
only as a static representation for image counting, by reveal-
ing its dynamic behavior across time. Leveraging this prop-
erty, temporal variation can be directly measured through
the magnitude of ChF changes between consecutive frames.

Theorem 2 Let Dy, and D; be the density maps of two
consecutive frames at time t + 1 and t, with their corre-
sponding characteristic functions Cyy1 and Cy. If ||Cyqq —
Ctll1 < € then the average local people count change over
any region R,

) = | [r(Deg1(x) — Dy(x)) dx|

A 1
r(t, t+ m(R)

satisfies Ag(t,t + 1) < (27)~2¢, where m(R) denotes the
area of R.

Theorem 2 holds for any local region regardless of its shape
and size, thereby addressing the second challenge regarding
the selection of local counting region. Together, Theorems
| and 2 establish a unified theoretical foundation that links
spatial representation and temporal evolution, enabling ST
consistency to be rigorously defined in the frequency do-
main.

Building upon these results, we formalize the temporal
variation bound of the local count in (1) to all regions si-
multaneously as:

[Cey1 — Cill1 < e, (2)

where ||Ci41 — Ci|l1 = [|Cty1(W) — Cr(w)|dw accumu-
lates temporal ChF changes over all frequency coordinates.
By Theorem 1, it directly reflects people’s motion magni-
tude, while Theorem 2 ensures that bounding such variation
also bounds all local count changes. Note that f(¢) in (1) is
a scalar, while now in (2), C; is a function defined over the
frequency domain, providing a functional-level characteri-
zation of ST consistency.

ST information. The complete definition of ST infor-
mation requires specifying the bound ¢ in (2). Given a train-
ing video dataset {ka)}lk (notations defined earlier), we
define the empirical temporal variation bound as:

< = e e 10 = Gl @

where [N] = 1,---, N. If the training data are regarded
as samples from the underlying population distribution, €*
serves as a data-driven statistic that estimates the intrinsic
upper bound of temporal variation in the ground truth data
distribution. In practice, a slightly modified version of (3) is
used for robustness to outlier frames (see the supplemental).

We thus define the ST information as an ST consistency
constraint that incorporates this statistical prior:

|Cir1 — Cel|1 < €* “4)

where €* is defined in (3) and computed purely from ground
truth density maps without any network processing. Thus
the extracted ST information represents an intrinsic prop-
erty of the dataset itself, which is independent of specific
models. This formulation captures the expected magnitude
of statistically admissible temporal variation in a theoret-
ically grounded and model-agnostic manner, forming the
foundation for our subsequent regularization design.

3.2. Statistical Regularizer and Framework

Basic regularizer and framework. We use (4) to design a
regularizer to improve the VCC ability of lightweight ICC
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models. In our training framework, each input consists of
a pair of adjacent frames, which are passed independently
to the ICC model to produce two predicted density maps,
Dy and Dy, whose ChFs are C; and C;, respectively.
Using the ground-truth ChFs, C’El and C [g], we define the
following loss function for training with the (¢,¢ + 1) pair,

£=]C = G2+ Cos = CLl2+ )
‘Cg
al([[Crr1 = Cills > €)[|Cri1 = Cll2,
L.
where € is defined in (3), « is the balance factor, || - |2 =

[ |h(w)|?dw is the Lo-norm of a function, and 1(z) is
the indicator function taking value 1 if condition x is true
and 0 otherwise. Here we use the Ls-norm for the loss
calculation due to its better training stability (see details in
[38], Sec. IV.B). The training framework is shown in Fig. 1.

The first term £, in (5) is the regular supervision us-
ing the ground truth. The second term L. serves as our
basic regularizer that penalizes deviations violating the sta-
tistical ST constraint. When ||Cyy1 — Ci|l1 exceeds the
data-driven bound €*, which means that the temporal vari-
ation of predicted local counts may exceed the statistical
boundary from the data distribution, the regularizer im-
poses a penalty; otherwise, it remains inactive as the vari-
ation is consistent with the statistical bound. This design
encourages predictions that remain consistent with the in-
trinsic temporal statistics of the data, thereby constraining
unnecessary model complexity without introducing any ex-
tra modules or inference overhead.

Our regularizer is applied during training only. In the
inference stage, the density map is predicted from a single-
frame input, similar to a standard image counting frame-
work.

Motion-tolerant regularizer. The change in local peo-
ple count between two adjacent predictions originates from
two potential sources:

1. the inconsistency between predictions;

2. the natural movement of people between frames.

An effective regularizer should penalize the former while
tolerating the latter, i.e., it should be motion-tolerant.

To achieve this, we reweight the regularization term us-
ing a frequency-dependent weight function:

Ly = 1([[Cry1 — Ctllr > €°)[|He * (Cr1 — Ct) |2, (6)

where H;(w) adjusts the penalty at each frequency w ac-
cording to how sensitive that frequency is to normal motion,
and x is element-wise multiplication. The choice of H;(w)
is theoretically grounded by the following theorem.

Theorem 3 Assume there are two adjacent frames I; and
Iiy1, their corresponding ground-truth density maps Dy

and Dy are obtained by convolving their ground-truth
dot maps with a Gaussian kernel N'(0,X), and their cor-
responding characteristic functions are Cy and Cy41. Sup-
pose that the total people count is @), and that each indi-
vidual’s motion between two frames is a 2D vector sam-
ple drawn from the asymptotic overall motion distribu-
tion, whose covariance matrix is denoted by A. Then
for each frequency coordinates w, the asymptotic dis-
tribution of Cii1(w) — Cy(w) has standard deviation
VQ(1 — exp(—wTAw)) exp(—wT Zw).

The proof is in the supplemental. Theorem 3 character-
izes the normal-motion-induced oscillation of ChF values,
as quantified by the derived standard deviation. We there-
fore design H;(w) in (7) based on the reciprocal of the stan-
dard deviation—giving higher weight to frequencies whose
ChF values should remain stable even when people move,
and lower weight to frequencies where normal motion natu-
rally induces changes. This weighting makes the regularizer
focus on “unjustified” inconsistencies rather than expected
dynamics.

H = 1 .
t(W) \/min{C;(0),Cy11(0)}xhp(w)+1’ @)

ha(w) = (1 — exp(—w" Aw)) exp(—*w"w),  (8)

where C;(0) and Cy1(0) are the total people count for
D, and Dy (by definition in [37]), v is the bandwidth
hyperparameter of the Gaussian kernel for the density
map where ¥ = ~2I, and * is element-wise multipli-
cation. Here in (7), we use the smaller of the two total
counts (min{C4(0), C¢4+1(0)}) for conservative normaliza-
tion, and add +1 in the denominator for numerical stability.

Estimation of A. The key parameter A, governing
the motion-induced ChF variation (Theorem 3), encodes
dataset-specific motion patterns via its covariance structure.
Therefore, we treat the choice of A as a data-driven statis-
tical inference problem rather than as hyperparameter tun-
ing. Since explicit motion data (e.g., point correspondences
between frames) are annotation-expensive and unavailable
in most VCC datasets, we estimate A indirectly through
frequency-domain statistics rather than from explicit mo-
tion annotations.

Specifically, we model the empirical frequency-wise
variance of ChF differences as a proxy signal for the un-
derlying motion covariance. For each video k£ and frame
pair (¢,i + 1), we compute (notations defined earlier)

si(w) = O (w) = O (w), ©)
Ey(w) = Dz o, (10)
M Ni—1 )
S(wW) = s imn D Z min{'&c?%f?c?fé,gxi‘o>}+l-
k=1 =1 (11)
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Figure 2. Visualization of the empirical normalized variance
function S(w), the best-fit ha=(w) defined in (8) with A* de-
fined in (12), and the weight function H;(w) defined in (7) with
min{C4(0),C¢+1(0)} = 10 and A set as (12). The dataset is
DRONECROWD [45] and +y is set as 8 pixels.

In (11), S(w) is the empirical normalized variance of
frequency-wise value changes due to normal people mo-
tion, where the denominator removes scale effects caused
by varying scene densities and ‘41’ is the stabilizer in case
of 0 denominator.

Then, we estimate A by fitting the theoretical normalized
variance function ha (w) in (8) to the empirical normalized
variance S(w):

A" = argmin, . / |ha (W) — S(w)|? dw. (12)

This fitting procedure allows A to be inferred in a fully
data-driven manner—bypassing the need for explicit mo-
tion tracking while preserving the statistical semantics of
motion covariance in the frequency domain. Fig. 2 visual-
izes the best-fit ha (w) and the empirical normalized vari-
ance function S(w), as well as an instantiation of the weight
function Hy(w).

Finally, for training, the basic regularizer is replaced
with the motion-tolerant regularizer:

L'=Ly+alm, (13)

where L, is in (5) and L, is in (6) with the estimated A*
(12) used in Hy(w).

3.3. Theoretical analysis

This subsection provides the theoretical foundation for
adapting ICC models to VCC. In general, ICC models
predict crowd counts from a single frame, whereas VCC
models leverage multiple consecutive frames. We aim
to quantify the statistical discrepancy between these two
paradigms, and to characterize the conditions under which
single-frame inference is theoretically sufficient.

To formalize this, we compare the optimal mean-squared
estimators under different information sets.

Theorem 4 Let a video be denoted by V =
(Z1,Zs,...,In) where each frame I, is a random
tensor representing the t-th frame. Let C; be the random
variable representing the total number of people at frame t.
We define two classes of estimators:

Fimg = {f : RY = R | f measurable},

]:(iér) ={f: RO+THDE R | f measurable}

v

corresponding respectively to models that rely only on
a single (current) frame I, or on a temporal window
(Zi—iy ... Ziyr), where d is the flattened dimension of the
random frame tensor, l,r € N are the number of previous
and future frames models used for inference, which depends
on the concrete model and strategy.

We define the theoretical discrepancy between the two
classes of estimators as

v, = ((are o (172 - G

img

2
—arg Hli(rll )]E[f(Itlv--'aItJrT)_CtZ]) ]
feFuy

Then, the theoretical discrepancy admits an equivalent
formulation in terms of conditional expectations

Ay, = EUE[Ct | Zo—ts ... Tors] — E[C, | It]ﬂ .

In particular, the theoretical discrepancy vanishes under
any of the following conditions:
1. Temporal redundancy:

E[Ct | Ziy,... 7It+r] = ]E[Ct | It];

2. Full observability from a single frame:
E[C: | V] =E[C: | Z4];
3. Deterministic target:
E[C: | Z¢] = Cs.

The proof is in the supplemental. Intuitively, A; , measures
the residual uncertainty reduction that a VCC model could
theoretically achieve beyond an ICC model, assuming both
are trained to their respective optimal predictors with the
smallest generalization error. When A, ;. is small, tempo-
ral context provides negligible new information about the
current-frame count. When A;, = 0, both paradigms are
theoretically equivalent in attainable accuracy.
The three sufficient conditions correspond respectively
to:
1. the current frame encapsulates all relevant visual infor-
mation available in adjacent frames for Cy;
2. the full video contains no additional statistical informa-
tion beyond the current frame for estimating C;;
3. the current frame already determines C; exactly.
Importantly, the last condition does not require a perfect
scene without heavy occlusions or blur. It only fails when
the occlusion or blur is information-theoretically complete
— that is, all observable evidence of a person is entirely ab-
sent (no visible body parts, silhouettes, or contextual cues).
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Datasets Resolution View Frames Clips Avg
UCSD [3] 238x 158  Surveillance  800/1200 4/6 249
MALL [5] 640x480  Surveillance  800/1200 171 31.2
FDST [8] 1920 1080 Surveillance  9000/6000  60/40  26.7

VENICE [27] 1280% 720 Camera 80/87 1/3 215.0
DRONECROWD [45] | 1920x 1080 Aerial 24600/9000  82/30  144.8
VSCROWD [14] 1920 1080 Surveillance 49036/13902 497/137 37.2

Table 1. Datasets. ‘Frames’ is the number of training/test frames,
‘Clips’ is the number of training/test clips, ‘Avg’ is the average
people count per frame.

« 0 0.6 0.8 1.0 3.0
MAEMSE MAEMSE MAEMSE MAEMSE MAE MSE
18.1 26.5 15.1 23.0 14.1 199 152 242 165 234

Table 2. The effect of balance factor o using the loss with our
statistical regularizer (Eq. (13)) on DRONECROWD.

In realistic scenes, even under severe occlusion, residual vi-
sual cues (e.g., partial body contours or shadows) usually
suffice for both humans and models to infer a person’s pres-
ence. Thus, E[C; | Z;] remains a statistically sufficient rep-
resentation for most observable frames.

From a practical standpoint, this theoretical lens sug-
gests that improving the informativeness of single frames
via higher image quality, better viewpoints, or multi-camera
setups—directly reduces A; , and narrows the potential ad-
vantage of multi-frame models. Hence, under resource con-
straints, enhancing input quality may provide a better ac-
curacy—efficiency trade-off than increasing temporal model
complexity.

In summary, our analysis does not assert that single-
frame inference always suffices for VCC in practice; rather,
it delineates the information-theoretic boundary where tem-
poral context ceases to add value, providing a theoretically
quantifiable criterion (4, ,.) for assessing the sufficiency of
ICC models for VCC.

4. Experiments

In this section we present experiments using our framework
with statistical regularizer (denoted as SR) for VCC.

4.1. Setup
Our experiments are conducted on six benchmark datasets,
with details shown in Table 1. Our evaluation adheres

to the standard experimental protocol of VCC and covers
all representative benchmark datasets commonly adopted
in the literature [7, 14, 21, 22, 27, 30, 32, 45, 48, 49].
These benchmarks collectively span diverse viewpoints
(bird-view, camera-view, and surveillance-view) and mo-
tion dynamics such as smooth directed motion, abrupt local
changes, and irregular variations, covering the typical mo-
tion patterns investigated in VCC studies. Note that, among
these datasets, DRONECROWD is the most challenging, as
people appear only as small-scale, low-resolution instances
due to the aerial viewpoint, making visual cues for identifi-
cation extremely subtle and sparse. Furthermore, the scenes

technique used MAE MSE
baseline (o« = 0) 18.1 26.5
+ basic regularizer (5) 15.3 22.7
+ motion-tolerant regularizer (13) 14.1 19.9

Table 3. Ablation study on different type of regularizers. The test
is executed on the DRONECROWD dataset.

MCNN [51] CSRNet [16] CAN [26] VGGI9 [37] MAN [18]
MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE
wioSR 347 425 198 256 22.1 334 18.1 265 18.7 234
w/SR  30.6 385 171 245 169 223 14.1 199 149 21.7

Table 4. Using our statistical regularizer (SR) with other
lightweight image-based counting models on DRONECROWD.

in the test set of DRONECROWD are the most different
from the scenes in its training set.

The ICC model in our framework is the same VGG19-
based model used in [31, 37]. We train the model with the
motion-tolerant regularizer, i.e., £ in (13). The balance
factor in (13) is set as 0.8.

For generating ground truth (GT) density maps, the
bandwidth ~ of Gaussian kernel is set as the conventional
8 pixels. For the data augmentation, we follow the conven-
tion and use the random crop (with probability 1) and ran-
dom horizontal flip (with probability 0.5). The optimizer is
Adam with a 1e — 5 learning rate and a 1e — 4 weight decay.
We use a batch size of 8 (4 frame pairs in a batch). For ap-
proximating the integral calculation in the loss, we use the
integral range [—0.3, 0.3]% and the Riemann sum granular-
ity 0.01, which follows [37].

The evaluation metrics are the standard MAE (mean ab-
solute error) and MSE (root mean square error).

4.2. Ablation Study

The ablation focuses on three aspects: (1) the influence of
the balance factor «, (2) the effect of different regularizer
forms, and (3) the generality of the proposed regularizer
across network architectures. All studies are conducted on
the more challenging DRONECROWD dataset.

As for €* and A™, they are statistically inferred from the
training data rather than manually tuned. €* is derived in
closed form, and A* is obtained as the optimum of a well-
posed data-driven problem with stable solutions. This for-
mulation yields a stable and statistically consistent solution
not involving tuning choices, making both parameters data-
determined and inherently robust across datasets.

Balance factor o. We study the effect of o using the
statistical regularizer in (13). The results for different v are
presented in Table 2, and o = 0.8 is the best balance factor.

Form of regularizer. We compare different versions
of our regularizer in Table 3. Compared to the baseline
(v = 0), adding the basic regularizer using the loss in (5)
decreases the MAE from 18.1 to 15.2. Moditying the ba-
sic regularizer to include the tolerance for expected motions
further decreases the MAE to 14.1, which demonstrates the
efficacy of our SR.
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UCSD VENICE MALL FDST DRONECROWD __ VSCROWD
Tr Inf MAE MSE  MAE MSE  MAE MSE  MAE  MSE MAE MSE  MAE MSE
CSRNet [16] (2018) T 1 116 147 358 50.0 246 47 369 482 198 256 138 211
BL [31] (2019) I 1 . . . . 1.96 249 285 374 - - 87 118
P2PNet [39] (2021) I I 207 270 122 168 192 249 229  3.04 186 269 7.0 121
MAN [18] (2022) I I 160 190 177 222 170 2.17 190 236 18.7 234 83 104
ChfL [37] (2022) I I 09 120 132 169 1.63 207 163 215 18.1 265 74 135
PET [24] (2023) I 1 199 249 147 204 177 229 174 237 200 284 73 117
Gramformer [19] (2024) I I - - 213 286 169 2.14 515 632 - - 81 157
ConvLSTM [49] (2017) V.V 130  1.79 - N 224 850 148 582 - - 280  46.1
TAN [47] (2020) V. V108 141 - - 203 2.60 - - - - - -
MLSTN [9] (2020) vV Vo 102 132 - - 1.80 242 235 3.02 - - 229 411
MOPN [13] (2020) vV Vo 097 122 - - 178 225 176 225 - - - -
Monet [2] (2021) vV VvV L17 145 - - 154 2.02 - - - - - -
EPF [28] (2021) vV VvV 081 107 142 184 404 503 210 246 281 365 104 146
PHNet [32] (2021) vV V 08 105 18.1  25.1 - - 165 216 - - - -
STDNet[30](2021) V V076 101 . . 147  1.88 - - - - - -
STNNet [45] (2021) V V- . - - - - - - 158 18.7 120 186
GNANet[14](2022) V V- - - - - - 2.1 2.9 - - 82 102
STGN [48] (2022) vV Vo 082 104 141 20.1 153 1.97 138 1.82 25 290 96 125
CLRNet [7] (2022) vV V. 072 094 - - 145 184 145 197 173 234 - -
MEFA [21] (2023) vV V. 09 LI5 24 297 151 193 1.90%  2.60* 258 324 84 191
DACM [22] (2025) vV V. 094 122 1.1 143 144 185 131 175 182 273 7.1 147
SUCC [29] (2025) vV vV 130 170 - - 1.80 230 310 430 - - - -
SR (ours) vV 1 075 097 82 105 143 1.82 127 161 141 199 54 95

Table 5. Comparison with state-of-the-art video counting methods. We compare with both (top) image-based and (bottom) video-based
counting methods. The best result is in bolded, and the second best is underlined. “Tr.” and ‘Inf.” indicate the type of input data used during
training and inference: ‘“V’ means the method uses consecutive video frames as input, and ‘I’ means using a single image as input. (x: The
reported MAE&MSE are different in [21] and [22]. We ran with the official codes and adopted the results from [22].)

Algorithm training time inferepce time fps
per epoch per image

EPF [28] 49 min 0.043 s 235

STGN [48] 476.1s 0.017 s 58.5

MFA [21] 2420 0.033 s 30.1

DACM [22] 4353s 0.016 s 61.3

SR (ours) 85.5s 0.010s 99.5

Table 6. Runtime comparison on FDST. All times are obtained us-
ing PyTorch on a Linux system with an RTX3090 TI. The reported
time is the average over 50 epochs.

Generality of regularizer. We select five typical
lightweight counting networks to demonstrate that SR is
generally effective regardless of network structures. The
results in Table 4 show that our SR framework generally
enhances the VCC ability of ICC models.

4.3. Comparison with SOTAs

Next we compare our method (SR) with SOTA VCC meth-
ods. We conduct comparisons from two aspects, counting
performance and efficiency.

Counting performance. Table 5 compares the count-
ing performance on six benchmark datasets. SR obtains
the best MAE&MSE on MALL, VENICE, FDST, and
VSCROWD, as well as the 2nd best MAE&MSE on UCSD
dataset. On the challenging DRONECROWD, SR obtains
the best MAE and 2nd best MSE. On the two larger datasets,
DRONECROWD and VSCROWD, our method’s MAE
greatly outperforms the SOTA methods. On VENICE,
which has relatively less training data, our strategy has a

significant advantage on the counting performance.

Efficiency. We also compare the efficiency of our
method with four VCC methods with available codes. We
test on FDST and the image size is resized to 640 x 360
according to the convention. Table 6 shows the result. The
efficiency advantage of our method during training becomes
more evident as the dataset becomes larger. Our inference
time advantage will be more evident as the size of the input
frame increases. In addition, because our framework uses
single-frame based inference, the frame rate for inference is
substantially higher than video-based methods, which better
satisfies the real-time demand of VCC.

5. Conclusion

We approached VCC from a lightweight and statistically
grounded perspective. By analytically defining the ST in-
formation relevant to counting, we established a princi-
pled way to incorporate temporal cues into ICC models
through a statistical regularizer, without introducing extra
modules or inference overhead. Our theoretical analysis
further quantified the attainable gap between image-based
and video-based predictors, providing a clear criterion for
when single-frame inference achieves video-level optimal-
ity. Comprehensive experiments on six diverse bench-
marks verified that our framework preserves the efficiency
of lightweight ICC models while achieving SOTA accuracy,
demonstrating its scalability and robustness across architec-
tures and scenes.
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