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Abstract
Video Individual Counting (VIC), which seeks to count unique indi-
viduals across video sequences without duplication, has broader ap-
plications than traditional Video Crowd Counting (VCC), including
urban planning, event management, and safety monitoring. How-
ever, although current VIC approaches have demonstrated strong
capabilities, their reliance on identity-level or group-level annota-
tions necessitates substantial labeling effort and expense. To reduce
the high costs of manual annotation, we introduce VIC-SSL, a novel
self-supervised learning approach that utilizes unlabeled data along
with the innovative feature-level augmentation technique called
Foreground-driven ShiftMix (F-ShiftMix). By blending and shifting
in the feature space rather than the image space, F-ShiftMix gen-
erates realistic crowd motion without explicit annotations, while
preserving global semantic coherence. Furthermore, VIC-SSL in-
tegrates the Cost-guided Flow Prompt (CFP) and the Distinction-
aware Cross-Attention (DCA) to enhance flow-aware localization
and inter-frame correspondence learning. Our extensive experi-
ments across three datasets, including SenseCrowd, CroHD, and
CARLA, demonstrate that VIC-SSL substantially outperforms exist-
ing methods, achieving state-of-the-art results with significantly re-
duced data requirements. These results showcase VIC-SSL’s poten-
tial to dramatically lower annotation costs and improve the deploy-
ment feasibility of VIC systems in complex scenarios. The project
website is available at https://leohuang0511.github.io/vic-ssl.

CCS Concepts
• Computing methodologies→ Computer vision tasks; Com-
puter vision problems.
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1 Introduction
Video Individual Counting (VIC) has emerged as a significant ex-
tension of the traditional Video Crowd Counting (VCC) paradigm.
Unlike VCC, which focuses on determining the number of pedes-
trians in individual frames, VIC extends this capability to count
distinct individuals across a video sequence, ensuring no individ-
ual is counted more than once. This distinction not only enhances
accuracy but also improves the utility and applicability of crowd
counting technologies in practical settings. For instance, VIC can be
applied to monitor the number of people passing through a specific
region, providing valuable data for footfall analysis [14], which is
crucial for urban planning, event safety monitoring, crowd manage-
ment, security surveillance, and public transportation optimization.

Multi-object tracking (MOT) methods [18, 43, 55] have been
employed in VIC tasks to maintain consistent pedestrian identi-
ties across frames. However, these methods encounter challenges
such as identity switches and tracking inaccuracies, particularly in
scenarios with dense crowds and significant occlusions. These limi-
tations hinder their practical deployment. Addressing these issues,
recent advancements segment the VIC problem into estimating
initial pedestrian counts and predicting subsequent inflows, with
approaches like DRNet [11], PDTR [21], and FMDC [39] employing
strategies that range from utilizing head descriptors in density maps
to localization regression and inflow mask integration. CGNet [25]
further reduces annotation demands through a weakly supervised
model that utilizes identity-agnostic labels to distinguish between
different pedestrian inflows, easing scalability constraints.

Despite these advances, labeling in crowded scenarios remains
costly and labor-intensive. Furthermore, the robustness and trans-
ferability of these models still require massive datasets. We thus
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Figure 1: Overview of VIC-SSL. Foreground-driven Shift-
Mix simulates crowd motion by modifying feature maps,
generating transportation maps that enable Cost-guided
Flow Prompt to learn flow-aware localization during pre-
training. While Distinction-aware Cross-Attention learns
the inter-frame correspondences. This approach enhances
downstream VIC result and reduces reliance on labeled data.

pose the question: “Can we automatically generate effective train-
ing data for VIC without exhaustive manual annotations?” Our core
insight is to bypass laborious labeling by synthetically generating
frame-to-frame correspondences. We achieve this by realistically
moving individuals in a scene to create the subsequent frame. A
naive approach is to simply shift an entire image to simulate flow.
However, such flow is homogeneous, i.e., all individuals move in the
same direction, which diverges from realistic scenarios. Another
potential strategy is to leverage an off-the-shelf object detector and
adopt a copy-and-paste strategy [9] to cut-and-paste individuals.
Yet, this approach can unintentionally include unrelated people or
objects within bounding boxes and demands computationally ex-
pensive image inpainting to repair areas vacated by moved entities.

To overcome these annotation and data scarcity challenges, we
propose a novel self-supervised learning strategy, VIC-SSL. Our
approach drastically reduces reliance on labeled data by exploiting
the inherent information present within unlabeled video sequences.
Figure 1 shows the overview of our VIC-SSL. At the heart of VIC-
SSL lies a novel feature-level data augmentation technique called
Foreground-driven ShiftMix (F-ShiftMix). This method synthesizes
realistic crowd motions by blending and shifting high-level feature
representations, thereby generating semantically coherent synthe-
sized reference feature maps. Unlike traditional image-level aug-
mentations, our F-ShiftMix maintains global semantic integrity and
simulates realistic crowd dynamics, which is essential for training
robust and reliable VIC models without explicit annotations.

Furthermore, we introduce the Cost-guided Flow Prompt (CFP)
and the Distinction-aware Cross-Attention (DCA) to enhance inter-
frame correspondence learning. CFP dynamically generates amotion-
aware prompt by computing a localized cost volume, effectively
guiding the model’s attention toward relevant regions exhibiting
significant inter-frame motion. Concurrently, DCA explicitly cap-
tures the subtle yet significant distinctions between consecutive
frames, thereby enhancing the model’s capability to detect and

interpret pedestrian inflows accurately. Collectively, these modules
equip VIC-SSL with powerful self-supervised capabilities, allow-
ing the model to learn temporal correspondences directly from
unlabeled data. The contributions are summarized as follows.

• We introduce VIC-SSL, a self-supervised learning strategy
for Video Individual Counting (VIC) that significantly re-
duces the dependency on labeled data by exploiting unla-
beled video sequences with the proposed data augmentation
method, Foreground-driven ShiftMix (F-ShiftMix).
• We propose a new architecture for VIC-SSL, including two
new modules, the Cost-guided Flow Prompt (CFP) and the
Distinction-aware Cross-Attention (DCA), which enhance
the model’s capability to learn accurate temporal correspon-
dences and adapt to complex crowd dynamics.
• Experimental results on the SenseCrowd, CroHD andCARLA
datasets show that VIC-SSL outperforms the state-of-the-art
methods by at least 14.6% in terms of MSE.

2 Related Work
2.1 Video Individual Counting
Video Individual Counting (VIC) extends conventional Video Crowd
Counting (VCC) [13, 19, 24, 29, 45, 47], which counts pedestrians
in each frame, into a more valuable task that ensures no individ-
ual is counted more than once. Multi-object tracking (MOT) meth-
ods [2, 18, 34, 41, 43, 54, 55] often suffer from ID switches in crowded
or occluded scenes. To overcome this, recent methods [11, 21, 25, 39]
decompose VIC into initial counting and inflow estimation across
frames. For instance, DRNet [11] uses head descriptors for inflow
detection, while PDTR [21] and FMDC [39] reformulate inflow pre-
diction via localization regression or mask integration. CGNet [25]
reduces annotation cost using group-level labels, yet still requires
manual supervision. In contrast, our VIC-SSL captures inter-frame
correspondences from unlabeled video, reducing reliance on anno-
tations while maintaining performance.

2.2 Self-supervised Representation Learning
Self-supervised learning (SSL) learns from unlabeled video using
pretext tasks that exploit spatiotemporal cues. Video-level SSL [10,
20, 40, 52] reconstructs or models global motion across multiple
frames. Masked modeling methods [33, 36] learn general temporal
features, while contrastive learning [7, 8, 26, 44] enforces tempo-
ral consistency between clips. However, these approaches require
careful sampling and overlook fine-grained motion. In contrast,
frame-level SSL [4, 37, 58] learns short-term correspondences for
tasks like tracking or flow estimation. Techniques based on cycle-
consistency [42] or motion coherence [1] aim to recover reliable
pairwise mappings but are limited to simple scenes. Our approach
targets challenging scenarios involving dense crowds, characterized
by subtle inter-frame variations and frequent occlusions.

To support this, we employ feature-level data augmentation.
While image-level strategies [16, 48–50] like CutMix [53] and jig-
saw [3, 5, 6] improve spatial robustness, they fail to simulate real-
istic temporal dynamics. Recent works on feature-level augmen-
tation [12, 27, 31, 46, 51] like TokenMix [23] and AutoMix [28] en-
able semantically coherent mixing in ViT-based models. We extend
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Figure 2: Architecture of VIC-SSL. VIC-SSL consists of two stages: self-supervised pre-training and fine-tuning. In pre-training,
a feature extractor processes an input frame 𝐼 , and the F-ShiftMix module simulates crowd motion by blending and shifting
this feature map 𝐹 to create a pseudo-reference feature map 𝐹 . A Cost-guided Flow Prompt (CFP) 𝜌 is then generated, guiding
the Distinction-aware Cross-Attention (DCA) to emphasize frame differences. During fine-tuning, a real reference frame is
used. After distinction-aware features are extracted by DCA, a decoupling mask 𝑀 generated by the mask decoder identifies
the distinct regions and decouples the feature map, predicting inflow and shared crowd densities by the density decoders.

these ideas temporally by applying structured shifts and blending
in the feature space across frames, allowing it to synthesize motion-
consistent representations for learning without manual labels.

3 Method
3.1 Overview
Given a video I = {𝐼𝑡 }𝐿−1

𝑡=0 of 𝐿 frames, VIC estimates the total
number of unique individuals 𝑁̂ . Following [11], the task involves
estimating the initial count 𝑛0 and the subsequent inflows 𝑛in𝑡,𝑡+𝜏
between frames 𝐼𝑡 and 𝐼𝑡+𝜏 over a temporal gap 𝜏 . VIC-SSL learns
fine-grained inter-frame correspondences from unlabeled crowd
videos, significantly reducing annotation requirements. As illus-
trated in Figure 2, VIC-SSL operates in two stages: self-supervised
pre-training and fine-tuning. During pre-training, a feature ex-
tractor processes each frame 𝐼 ∈ R𝐻×𝑊 ×3 into a feature map
𝐹 ∈ Rℎ×𝑤×𝑐 , where ℎ = 𝐻/16 and 𝑤 = 𝑊 /16. The F-ShiftMix
simulates motion by blending and shifting 𝐹 to generate a reference
feature map 𝐹 ∈ Rℎ×𝑤×𝑐 and its corresponding transportation
map. A Cost-guided Flow Prompt Encoder then computes a lo-
calized cost volume between 𝐹 and 𝐹 to produce a CFP, which is
concatenated with 𝐹 and passed to the DCAmodule. DCA performs
distinction-aware cross-attention to model inter-frame correspon-
dences, supervised by the transportationmap, thus avoidingmanual
labels.

In the fine-tuning stage, a real reference frame 𝐼 ref ∈ R𝐻×𝑊 ×3

is introduced. Its feature map 𝐹 ref ∈ Rℎ×𝑤×𝑐 is paired with 𝐹 , and
DCA, guided by CFP, extracts distinction-aware features. These are
processed by a mask decoder to predict a decoupling mask 𝑀 ∈
Rℎ×𝑤 that highlights inflow regions. The masked feature maps 𝐹 ⊗
𝑀 and 𝐹 ⊗(1−𝑀) are passed through two separate density decoders
to produce the inflow density map 𝐷̂ in and the shared density map

𝐷̂sh, respectively. These maps estimate newly appearing individuals
and those persisting across frames, completing the VIC prediction
pipeline. In the following, we present (i) the design of F-ShiftMix,
(ii) the CFP and DCA modules, and (iii) the training objectives
employed in both the pre-training and fine-tuning stages.

3.2 Self-supervised Foreground-driven ShiftMix
To learn inter-frame correspondences without relying on manual
annotations, we propose a novel approach to synthesize a reference
feature map 𝐹 by applying random patch blending and shifting
directly on the highest-level feature map 𝐹 . This design choice is
motivated by the limitations of performing such operations at the
image level, where blending and shifting patches can fragment
crowded scenes and disrupt visual continuity. By augmenting at the
feature level [12, 27, 46], we leverage the abstracted representations
in the given frame 𝐼 , which encapsulate semantic information to
ensure that the synthesized reference map 𝐹 emulates realistic
crowd motion while preserving global semantics.

The procedures for generating reference feature maps are de-
signed to imitate the movements observed in the VIC task, with
each operation addressing distinct aspects of crowd dynamics. The
blending operation combines patches from different spatial loca-
tions within the feature map, effectively simulating the interactions
and overlaps that are characteristic of crowded scenes. This opera-
tion introduces spatial diversity, encouraging the model to learn
robust representations that account for complex spatial relation-
ships. Formally, the blending operation can be expressed as

𝐹𝑖′ 𝑗 ′ = 𝐹𝑖′ 𝑗 ′ + 𝐹𝑖 𝑗 , (1)

where 𝑖′ = 𝑖 + Δ𝑦𝑖 𝑗 and 𝑗 ′ = 𝑗 + Δ𝑥𝑖 𝑗 . The magnitudes (Δ𝑦𝑖 𝑗 ,Δ𝑥𝑖 𝑗 )
for (𝑖, 𝑗) are spatial variations. We note that the updated position
is restricted within the boundary, i.e., 𝑖′ < ℎ, and 𝑗 ′ < 𝑤 are
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satisfied for each location. Precisely, elements that move beyond
the boundary are removed from 𝐹 and do not blend into any others.

The subsequent shifting operation presents temporal variations
by removing small regions from the original feature map. This
process mimics the natural movement of individuals in a crowd,
capturing the essential temporal dynamics needed for learning
inter-frame correspondences. The formulation for updating the
feature in place through a shifting operation is defined as

𝐹 ← 𝐹 − 𝐹 . (2)

These operations in (1) and (2) create a diverse and realistic set
of augmented feature maps, allowing the model to comprehend and
generalize the spatial-temporal complexities inherent in the VIC
task. To accurately capture the simulated movements, we define
a pseudo label to represent the concept of transportation in this
pretext task, which is formulated as

𝑇𝑖 𝑗𝑘𝑙 =

{
1, if (𝑘, 𝑙) = (𝑖′, 𝑗 ′)
0, otherwise,

(3)

where 𝑇𝑖 𝑗𝑘𝑙 ∈ Rℎ×𝑤×ℎ×𝑤 (the expression is similar to [35]) rep-
resents the mapping between the original feature map 𝐹 and the
augmented reference feature map 𝐹 . Specifically,𝑇𝑖 𝑗𝑘𝑙 = 1 indicates
that the element at position (𝑖, 𝑗) in 𝐹 is transported to position (𝑘, 𝑙)
in 𝐹 . To ensure consistency, the constraint

∑ℎ−1
𝑘=0

∑𝑤−1
𝑙=0 𝑇𝑖 𝑗𝑘𝑙 = 1

holds everywhere, guaranteeing that each element in 𝐹 corresponds
to exactly one position in 𝐹 . This transportation map explicitly en-
codes how each element in the original feature map is shifted or
blended to its counterpart in the reference feature map.

The most straightforward approach to synthesizing motion is to
depict a shifting ratio determining the proportion of elements in F
to be randomly shifted and blended. However, this naive approach
raises two influential issues that fail to reflect realistic crowdmotion.
We refer to these two subjects as Random Shifting and Unbounded
Offsets. The former comes from substantial displacements typically
originating from moving individuals (foreground) rather than static
background elements. Randomly shifting all elements without dis-
tinguishing between foreground and background regions disrupts
the semantic coherence of the synthesized motion. Besides, the
latter is due to the individuals in a crowd rarely exhibiting large,
abrupt movements. Allowing unbounded offsets may result in un-
realistic displacements that deviate from genuine crowd dynamics.
To address these limitations, we propose a foreground-driven shift-
ing strategy and introduce bounded offsets, as elaborated in the
following sections. These enhancements ensure that the proposed
synthesized motion more accurately emulates real-world crowd
behavior while maintaining spatial-temporal consistency.

3.2.1 Foreground-driven Shifting Strategy. Wepropose a foreground-
driven shifting strategy that treats the foreground and background
regions of the feature map differently by applying distinct shifting
ratios to better approximate real-world motion. As illustrated in
the left part of Figure 2, the input image 𝐼 is first processed using
an off-the-shelf locator [22] to generate a crowd density map. This
density map is then binarized to produce a foreground mask that
highlights the crowd regions and resized to align with the offsets
grid, enabling us to assign higher shifting ratios to the foreground
elements, which simulate the movement of pedestrians, and lower

Random 30% Random 50% Foreground
mask

Foreground-
driven

Figure 3: Visualization of different shifting strategies. Ran-
domly shifting does not correspond to movements in a natu-
ral scene, while our F-ShiftMix blends and shifts the features
of foreground and background with different ratios.

shifting ratios to the background elements, which represent rel-
atively static objects. This strategy ensures that the synthesized
motion more closely reflects the dynamics of crowded scenes. The
examples of different shifting strategies are shown in Figure 3.

3.2.2 Bounded Offsets. To maintain realism and avoid large, unre-
alistic displacements, we introduce bounded offsets to constrain the
magnitude of the shifts. Specifically, we predefine a radius 𝑟 to limit
the range of the randomly sampled offsets Δ𝑦𝑖 𝑗 ,Δ𝑥𝑖 𝑗 ∼ 𝑈 (−𝑟, 𝑟 ),
enforcing the constraints |Δ𝑦𝑖 𝑗 | ≤ 𝑟 and |Δ𝑥𝑖 𝑗 | ≤ 𝑟 . This restriction
ensures that the generated displacements remain within a plausible
range, preserving the authenticity of the simulated crowd motion.

By integrating the foreground-driven shifting strategy with
bounded offsets, our proposed F-ShiftMix effectively leverages an
unlabeled frame to emulate realistic crowd motion. By preserving
spatial-temporal consistency and mimicking real-world crowd dy-
namics, F-ShiftMix provides a robust foundation for self-supervised
learning. The next section elaborates on how the model utilizes
this enhanced reference frame to perform inter-frame mapping,
enabling the capture of accurate spatial-temporal correspondences.

3.3 Inter-frame Mapping
In the VIC task, models are asked to predict pedestrian inflow be-
tween consecutive frames by capturing shared and distinct spatio-
temporal cues, requiring precise inter-frame correspondence model-
ing. To achieve this, we employ a cross-attention mechanism to cor-
relate the original feature map and the synthesized reference map
through query-key interaction. However, standard cross-attention
relies solely on static feature similarities, limiting its ability to cap-
ture dynamic motion. As a result, we introduce CFP, a conditional
and learnable flow prompt 𝜌 ∈ Rℎ×𝑤×𝑔 that dynamically adapts
to inter-frame motion by conditioning on the cost map between 𝐹
and 𝐹 . Additionally, conventional cross-attention operation strug-
gles to extract distinguishing features between queries and keys
when tackling VIC, which is critical for identifying unique spatio-
temporal signals. To resolve this, we propose DCA, which models
differences in representations to capture distinct information well.

3.3.1 Cost-guided Flow Prompt. Motivated by optical flow tech-
niques [15, 35, 56], we leverage the cost volume between 𝐹 and
𝐹 to guide the learning of the flow prompt, as shown in Figure 4
(a). While the cost volume measures the similarity between ev-
ery element of 𝐹 and 𝐹 , the actual crowd motion rarely spans
such large spatial ranges, and computing the dense matrix is com-
putationally expensive. Consequently, we employ a radius 𝛾 and
derive 𝑝, 𝑞 = {0, 1, . . . , 2𝛾} to compute a localized cost volume
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Figure 4: Illustration of (a) the Cost-guided Flow Prompt En-
coder and (b) the Distinction-aware Cross-Attention (DCA).
The Cost-guided Flow Prompt Encoder constructs a flow
prompt conditioned on the localized cost volume between
two feature maps. The DCA captures inter-frame correspon-
dences and further extracts distinction-aware information.

𝐶 ∈ Rℎ×𝑤×(2𝛾+1)×(2𝛾+1) . The description of the rigor for indexing
the component in 𝐶 is defined as

𝐶𝑖 𝑗𝑝𝑞 =

𝑐−1∑︁
𝑑=0

𝐹𝑖 𝑗𝑑 · 𝐹𝑘𝑙𝑑√
𝑐

, (4)

where 𝑘 = 𝑖 − 𝛾 + 𝑝 and 𝑙 = 𝑗 − 𝛾 + 𝑞. We reshape 𝐶 and pass it
through a feed-forward layer to encode the flow prompt 𝜌 . The
flow prompt is then concatenated with 𝐹 , resulting in the guided
feature map 𝐹g = Concat(𝐹, 𝜌) ∈ Rℎ×𝑤×(𝑐+𝑔) . The guided feature
map directs the subsequent cross-attention mechanism to focus
on regions with significant motion, thereby improving temporal
coherence and enhancing prediction accuracy.

3.3.2 Distinction-aware Cross-attention. To capture correspondences
between 𝐹g and 𝐹 while emphasizing distinct information, we em-
ploy the DCA mechanism, as illustrated in Figure 4 (b). Specifically,
we flatten 𝐹g and 𝐹 into shapes ℎ𝑤 × (𝑐 + 𝑔) and ℎ𝑤 × 𝑐 , respec-
tively. We compute multi-head cross-attention (MCA) and denote
the attention map at 𝑠-th head as

𝐴𝑠 = softmax
(
𝑄𝑠𝐾

⊺
𝑠√
𝑐

)
, (5)

where 𝑄𝑠 = 𝜙𝑞 (𝐹g) and 𝐾𝑠 = 𝜙𝑘 (𝐹 ). Here, 𝜙 represents a combina-
tion of positional embedding and linear projection, simplifying the
attention mechanism. The completed MCA is obtained by multi-
plying 𝐴𝑠 from (5) with 𝑉𝑠 = 𝜙𝑣 (𝐹 ), resulting in the representation
𝑧𝑠 . The MCA can be expressed as 𝑧 = MCA(𝑄,𝐾,𝑉 ), where 𝑧 is
derived by concatenating the outputs of all attention heads.

As we aim to emphasize distinct information, we modify the
traditional cross-attention layer by replacing the original residual

connection with a subtraction operation 𝑧′ = 𝑄 − 𝑧, formulated as

𝐹d = LN
(
FFN(LN(𝑧′)) + 𝑧′

)
, (6)

where FFN is a feed-forward network, LN denotes LayerNorm, and
𝐹d represents the distinction-aware feature map. This design allows
the model to explicitly extract the differences between 𝐹 and 𝐹𝑔 ,
improving its ability to identify newly appearing individuals.

3.4 Two-stage Training
Wedetail our two-stage training protocol, integrating the F-ShiftMix,
CFP, and DCA designs introduced earlier. The self-supervised pre-
training phase focuses on learning robust inter-frame correspon-
dences from unlabeled data, while the fine-tuning phase leverages
a few labeled frame pairs to refine the network specifically for VIC.

3.4.1 Self-supervised Pre-training. As depicted by the green and
black arrows in Figure 2, our self-supervised pre-training pipeline
teaches the model to capture correspondences between the feature
map of 𝐼 and the pseudo-reference feature map generated by F-
ShiftMix. To maintain consistent feature representations and avoid
training collapse, we freeze the feature extractor during this phase.
We then employ the transportation map 𝑇 from (3) as supervision
for the attention map 𝐴𝑠 in (5). Specifically, we compute the mean
of all multi-head attention maps (we denote as 𝐴) and reshape both
𝐴 and 𝑇 into ℎ𝑤 × ℎ𝑤 . The pre-training loss is formulated as a
weighted Cross-Entropy (CE) loss:

LPT = − 1
ℎ𝑤

ℎ𝑤∑︁
𝑎=1

ℎ𝑤∑︁
𝑏=1

Ω𝑎𝑏 ·𝑇𝑎𝑏 · log𝐴𝑎𝑏 , (7)

where the matrix Ω ∈ Rℎ𝑤×ℎ𝑤 lessens the influence of diagonal
elements—stationary features under F-ShiftMix—and is defined by

Ω𝑎𝑏 =

{
𝜔, if 𝑎 = 𝑏,

1, otherwise,
(8)

where 𝜔 < 1. By optimizing 𝐴 to match 𝑇 , the model leverages
CFP to guide DCA in a self-supervised manner, thereby improving
its ability to align corresponding features in downstream VIC tasks.

3.4.2 Fine-tuning. Once the model has learned robust inter-frame
correspondences, we fine-tune it for the specific goal of VIC. As
shown by the blue and black arrows in Figure 2, we now sample
a frame pair (𝐼 , 𝐼 ref) separated by a fixed time interval. Instead of
the pseudo-reference 𝐹 from pre-training, we feed the real refer-
ence feature map 𝐹 ref extracted from 𝐼 ref. The distinction-aware
feature 𝐹d between 𝐹 and 𝐹 ref is then produced via DCA, guided
by CFP. Notably, the Cost-guided Flow Prompt Encoder is frozen
here to preserve its learned motion awareness (further discussed in
Section 4.3). Next, we feed 𝐹d into a mask decoder—two residual
blocks plus a 1 × 1 convolution and a sigmoid—to produce a de-
coupling mask𝑀 ∈ Rℎ×𝑤 . This mask highlights newly appearing
or distinct regions and splits 𝐹 into two streams via Hadamard
products: 𝐹 ⊗ 𝑀 and 𝐹 ⊗ (1 − 𝑀). We then pass these into two
density decoders to estimate the inflow density map 𝐷̂ in and the
shared density map 𝐷̂sh, respectively. Both maps are supervised
by ground-truth inflow/shared density labels (𝐷 in, 𝐷sh), generated
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Table 1: Performance comparison on SenseCrowd dataset. D𝑖 denotes varying crowd density levels. Methods with the † symbol
utilize group-level annotations. Bolded values represent the best performance, while underlines values indicate the second-best.

Method Venue Overall Density (MAE)
MAE↓ MSE↓ WRAE(%)↓ D0 D1 D2 D3 D4

LOI [57] ECCV’16 24.7 33.1 37.4 12.5 25.4 39.3 39.6 86.7

HeadHunter-T [34] CVPR’21 30.0 50.6 38.6 11.8 25.7 56.0 92.6 131.4
FairMOT [55] IJCV’21 35.4 62.3 48.9 13.5 22.4 67.9 84.4 145.8
Deep OC-SORT [30] ICIP’23 26.0 43.6 29.5 9.5 25.1 29.1 60.3 156.5
SMILEtrack [43] AAAI’24 27.2 36.7 32.5 9.2 21.0 33.8 76.5 203.5

DRNet [11] CVPR’22 12.3 24.7 12.7 4.1 8.0 23.3 50.0 77.0
FMDC [39] WACV’24 16.6 36.5 16.5 5.8 10.6 26.6 52.6 125.1
CGNet† [25] CVPR’24 8.9 17.7 12.6 5.0 5.8 8.5 25.0 63.4
PDTR [21] MM’24 9.6 17.6 11.4 4.6 6.8 14.7 23.6 60.6

(Ours) w/o Pretrain† - 8.2 14.3 10.7 3.7 7.4 14.3 24.8 31.8
(Ours) w/ Pretrain† - 7.6 12.6 10.4 3.6 6.7 14.8 15.4 30.8

Frame 1 Frame 2

Count: 6

Count: 2

Count: 4.77

Count: 2.25

Count: 22

Count: 21

Count: 22.76

Count: 20.56

Figure 5: Visualization of VIC-SSL’s predictions on SenseCrowd.We visualize the decouplingmask𝑀 , the ground-truth/predicted
inflow density map 𝐷in/𝐷̂in and the ground-truth/predicted shared density map 𝐷sh/𝐷̂sh.

by placing Gaussian kernels on head keypoints categorized at the
group level [25]. The fine-tuning loss is thus defined as

LFT = | |𝐷̂ in − 𝐷 in | |22 + 𝛼 | |𝐷̂
sh − 𝐷sh | |22, (9)

where 𝛼 balances the two terms.

3.4.3 Inference. Following prior work, we decompose VIC into
counting the initial population 𝑛0 and the inflow 𝑛in𝑡,𝑡+𝜏 for subse-
quent intervals. Let 𝐼𝑡 and 𝐼𝑡+𝜏 be 𝐼 ref and 𝐼 , respectively. Our model
predicts the inflow density 𝐷̂ in

𝑡,𝑡+𝜏 and the shared density 𝐷̂sh
𝑡,𝑡+𝜏 ,

and calculates the total number of individuals in video I by

𝑁̂ = 𝑛0 +
𝐿/𝜏∑︁
𝑘=1

𝑛in(𝑘−1)𝜏,𝑘𝜏 =
(
𝐷̂ in

0 + 𝐷̂
sh
0
)
+

𝐿/𝜏∑︁
𝑘=1

𝐷̂ in
(𝑘−1)𝜏,𝑘𝜏 . (10)

4 Experiments
4.1 Experiments Setting
Dataset. We evaluate our method on three datasets—SenseCrowd,
CroHD, and CARLA—each offering diverse scenes and crowd den-
sities to ensure robust performance evaluation. SenseCrowd [19] is
a large-scale video crowd dataset comprising 634 video sequences
and a total of 62,938 frames. It captures a wide range of scenarios

with annotated attributes such as crowd density and spatial distri-
butions. The dataset is split into training, validation, and testing
sets following the standard VIC protocol [11, 39]. CroHD [34] fea-
tures congestly crowd and contains 11,463 frames across 9 video
sequences, with 4 sequences used for training and 5 for testing.
CARLA [39] is a synthetic dataset composed of 10 video sequences
captured under varying weather conditions and camera perspec-
tives, evenly divided into 5 training and 5 testing videos.
Evaluation Metrics. Mean Absolute Error (MAE), Mean Square
Error (MSE), and Weighted Relative Absolute Errors (WRAE) [11]
are used for evaluation. MAE andMSE are widely used in traditional
crowd counting, while WRAE proposes to balance the performance
in various video lengths and pedestrian count.
Implementation Details. We adopt VGG-16 [32] pretrained on
ImageNet [17] as the feature extractor. Our VIC-SSL is pre-trained
on SenseCrowd for 10 epochs with a batch size of 3. We set the
initial learning rate to 1 × 10−4 and apply a step decay of 0.95 each
epoch. The shifting ratios for foreground and background elements
are 100% and 1%, respectively. We fix the radius for bounded offsets
and the localized cost volume to 𝑟 = 𝛾 = 7, and use 8 attention heads.
The weighting factor 𝜔 in LPT is set to 0.1. During fine-tuning, we
freeze Cost-guided Flow Prompt to preserve its learned dynamic
guidance. We employ a batch size of 2. The learning rates for the
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Table 2: Comparisons for VIC on CroHD.

Method Venue MAE↓ MSE↓ WRAE(%)↓
LOI [57] ECCV’16 305.0 371.1 46.0

HeadHunter-T [34] CVPR’21 253.2 351.7 32.7
FairMOT [55] IJCV’21 256.2 300.8 44.1
PHDTT [38] IW-FCV’22 2130.4 2808.3 401.6
Deep OC-SORT [30] ICIP’23 165.2 195.9 33.1
SMILEtrack [43] AAAI’24 181.6 235.1 36.1

DRNet [11] CVPR’22 141.1 192.3 27.4
FMDC [39] WACV’24 54.2 61.7 10.7
CGNet† [25] CVPR’24 75.0 95.1 14.5
PDTR [21] MM’24 60.6 73.7 12.7

(Ours) w/o Pretrain† - 56.4 78.4 10.4
(Ours) w/ Pretrain† - 40.6 50.9 8.8

Table 3: Comparisons for VIC on CARLA.

Method Venue MAE↓ MSE↓ WRAE(%)↓
HeadHunter-T [34] CVPR’21 325.2 516.9 103.4
FairMOT [55] IJCV’21 330.0 521.1 105.6

DRNet [11] CVPR’22 86.1 105.9 33.2
FMDC [39] WACV’24 59.1 90.0 20.7

(Ours) w/o Pretrain† - 56.4 63.2 27.6
(Ours) w/ Pretrain† - 35.8 36.5 18.2

remaining modules are 1 × 10−4, 3 × 10−5, and 1 × 10−6 when fine-
tuning on SenseCrowd, CroHD, and CARLA, respectively, alongside
a one-cycle scheduler with one epoch of warm-up. We set 𝛼 = 1 in
LFT. Frame pairs are randomly sampled with time intervals from
1s to 5s during training and fixed at 3s in the inference stage.
Comparison Approaches.We compare our method against sev-
eral representative approaches, which can be grouped into three
categories. 1) The cross-line method, LOI [57] estimates pedes-
trian flow by counting individuals as they cross a predefined line. 2)
Tracking-based methodd include HeadHunter-T [34], FairMOT [55],
Deep OC-SORT [30] and SMILEtrack [43]. These methods detect
and track individuals throughout the video, with the total count
obtained by summing non-repetitive identity predictions across
frames. 3) Approaches designed explicitly for the VIC task, such as
DRNet [11], FMDC [39], CGNet [25] and PDTR [21], estimate per-
frame inflow and accumulate these predictions, adding the number
of individuals in the initial frame to produce the final count.

4.2 Quantitative Results
Results on SenseCrowd. Table 1 shows various models’ perfor-
mance on SenseCrowd, where VIC-SSL sets new state-of-the-art
scores across multiple metrics. Even without pre-training, VIC-
SSL surpasses CGNet, which also uses group-level labels, on all met-
rics. Once our self-supervised pre-training is added, VIC-SSL further
gains the performance, having the improvement of 14.6%, 28.8%, and
17.5% in overall metric scores against to CGNet. We attribute this
improvement to VIC-SSL’s enhanced inter-frame correspondence

(b) (a) 

Figure 6: The (a) MAE and (b) MSE analysis of fine-tuning on
different amounts of data on SenseCrowd.

Table 4: Effectiveness of each component on SenseCrowd.

Method MAE↓ MSE↓ WRAE(%)↓
Baseline 12.6 19.1 16.1
+ DCA 9.3 15.9 11.5
+ DCA+ CFP 8.2 14.3 10.7
+ DCA+ CFP+ Pretrain 7.6 12.6 10.3

learning, leveraging abundant unlabeled data via our proposed
strategy to better capture spatial and contextual crowd dynamics.

Moreover, VIC-SSL exhibits strong performance across varying
crowd densities. In the highest-density setting (i.e., D4), it reduces
MAE by 29.8 compared to PDTR, demonstrating its ability to model
fine-grained motion. Specifically, DCA improves feature alignment
across frames, while CFP discerns local movement rather than re-
lying solely on global cues. To illustrate VIC-SSL’s adaptability,
Figure 5 visualizes predictions for two different scenes, showing
accurate inflow estimates under differing conditions. The decou-
pling mask 𝑀 pinpoints distinct areas, splitting the feature map
into distinct and shared regions that closely match actual inflow
locations, further highlighting VIC-SSL’s robust performance.
Results on CroHD. Table 2 presents the results on CroHD. Our
proposed VIC-SSL achieves the best overall performance, attaining
40.6, 50.9, and 8.8 in MAE, MSE, and WRAE, respectively. When
trained from scratch, VIC-SSL performs comparably to FMDC,
which leverages identity-level annotations for inter-frame con-
trastive learning in highly congested scenes, whereas we only use
group-level labels. However, once our self-supervised pre-training
is applied, VIC-SSL improves by 25.1% and 17.5% in MAE and MSE,
respectively. This significant gain validates how simulating crowd
movement via F-ShiftMix during pre-training enables superior fine-
grained inter-frame feature matching—even surpassing methods
that rely on identity-level supervision. These results highlight the
robustness of our approach in densely crowded scenarios.
Results onCARLA. Table 3 compares the performance on CARLA,
where VIC-SSL shows clear superiority, reducing MAE and MSE
by 39.4% and 59.4%, respectively, relative to the second-best FMDC.
Notably, our self-supervised pre-training contributes a substantial
performance boost even if CARLA is a synthetic dataset with a do-
main gap between the pre-trained real-world dataset, SenseCrowd.
Furthermore, CARLA presents scenes of diverse weather conditions
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Table 5: Shifting strategy on SenseCrowd.

Strategy Radius 𝑟 MAE↓ MSE↓ WRAE(%)↓
Train from scratch - 8.2 14.3 10.7

Random 30% 7 8.6 15.2 11.0
Random 50% 7 10.1 16.7 12.3

Foreground-driven 2 9.5 16.0 12.0
Foreground-driven 7 7.6 12.6 10.4
Foreground-driven 15 8.7 16.1 10.6

and crowd distributions. Despite these domain gaps, VIC-SSL still
adapts effectively on CARLA by focusing on inter-frame dynamics
learned through CFP in the pre-training. Overall, the impressive
performance in downstream fine-tuning with CARLA shows that
VIC-SSL exhibits strong robustness and adaptability to new, com-
plex conditions, emphasizing its practical deployment value.

4.3 Ablation Study
Data Efficiency. We investigate the effect of using different propor-
tions of labeled data (100%, 75%, 50%, 25%, and 10%) for fine-tuning,
as shown in Figure 6. Notably, our method requires only 50% of
the data to outperform state-of-the-art methods in MSE while re-
maining comparable in MAE. With as little as 25% labeled data, we
still match DRNet’s performance and surpass FMDC. These strong
results stem from our self-supervised strategy via F-ShiftMix, which
effectively learns to identify and align frames from abundant unla-
beled data, thereby capturing robust inter-frame correspondences.
Consequently, themodel acquires CFP during pre-training, enabling
more accurate recognition of inflow individuals in downstream VIC
tasks. As a result, only minimal fine-tuning is needed, significantly
reducing data requirements while preserving high performance.
Effectiveness of Each Component. We conduct an ablation
study (Table 4) to quantify the impact of each module in our archi-
tecture. The baseline mirrors our framework but omits Cost-guided
Flow Prompt, replaces DCA with a standard cross-attention layer,
and trains from scratch. First, we assess DCA, which targets frame-
specific distinctions. This module alone provides over a 15% gain
across all metrics, highlighting the importance of identifying unique
features between frames in VIC. Next, integrating CFP directs the at-
tention mechanism toward prominent motion cues, enabling more
precise inter-frame dynamics capture. Finally, self-supervised pre-
training via F-ShiftMix further boosts performance on all metrics
by equipping the model with generalized pedestrian representa-
tions. Together, these components enhance both the effectiveness
and adaptability of VIC-SSL, enabling more accurate tracking of
pedestrian inflows. We also visualize the attention maps of DCA in
Figure 7 to compare training with and without self-supervised pre-
training. When trained from scratch, the model struggles to align
the same individual’s tokens across frames, leading to mismatched
attention values. In contrast, with pre-training in place, VIC-SSL ac-
curately associates individuals in different frames, which substan-
tially improves downstreamVIC performance. This outcome further
validates our proposed pre-training design via F-ShiftMix.

Frame1 Frame2 W/o Pre-train W/ Pre-train W/o Pre-train W/ Pre-train

Mismatched attention values Previous/current locations/

Figure 7: Comparison of DCA attention maps learned with
and without pre-training.

Augmentation Design. We assess different augmentation strate-
gies by varying the shifting ratio and the movement radius 𝑟 in
Table 5. In the Random setting, a fixed proportion of elements is
randomly shifted and blended during pre-training. By contrast,
the Foreground-driven setting follows the strategy described in
Section 3.2.1, focusing on realistic crowd movement where the
foreground shifts more than the background. As shown, random
shifting actually lowers model performance compared to training
from scratch, likely because it disrupts the foreground-background
distinction critical to learning real-world crowd dynamics. This
finding validates the importance of alignment between our aug-
mentation mechanism and true crowd motion. We also examine
how different values of 𝑟 , which governs the magnitude of feature
displacement, affect performance. Experiments indicate that both
excessively small and overly large displacements degrade the accu-
racy, confirming our intuition that real populations move within a
bounded range. The best performance is achieved at 𝑟 = 7.

4.4 Limitations
Our method is effective but has some limitations. The fixed radius
for the localized cost volume may not be suitable for scenes with
varying motion scales. Additionally, the generation of reference
frames may encounter difficulties in highly complex or non-linear
motion patterns, such as abrupt movements or occlusions.

5 Conclusion
We present VIC-SSL, a novel self-supervised framework for Video
Individual Counting (VIC) that addresses the high cost and scal-
ability limitations of annotation-heavy methods. By introducing
Foreground-driven ShiftMix, Cost-guided Flow Prompt (CFP), and
the Distinction-aware Cross-Attention (DCA)module, our approach
effectively learns fine-grained inter-frame correspondences from
unlabeled videos. This enables the model to accurately estimate
pedestrian inflow. Extensive evaluations across diverse benchmarks
demonstrate the superior accuracy, data efficiency, and generaliza-
tion capabilities of VIC-SSL. In the future, we aim to explore the
interplay between self-supervised learning and video-specific tem-
poral structures to further enhance model generalization.
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