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Abstract. Semi-supervised crowd analysis is a prominent area of re-
search, as unlabeled data are typically abundant and inexpensive to
obtain. However, traditional point-based annotations constrain perfor-
mance because individual regions are inherently ambiguous, and con-
sequently, learning fine-grained structural semantics from sparse anno-
tations remains an unresolved challenge. In this paper, we first pro-
pose an Exclusion-Constrained Dual-Prompt SAM (EDP-SAM), based
on our Nearest Neighbor Exclusion Circle (NNEC) constraint, to gener-
ate mask supervision for current datasets. With the aim of segmenting
individuals in dense scenes, we then propose Exclusivity-Guided Mask
Learning (XMask), which enforces spatial separation through a discrim-
inative mask objective. Gaussian smoothing and a differentiable center
sampling strategy are utilized to improve feature continuity and train-
ing stability. Building on XMask, we present a semi-supervised crowd
counting framework that uses instance mask priors as pseudo-labels,
which contain richer shape information than traditional point cues. Ex-
tensive experiments on the ShanghaiTech A, UCF-QNRF, and JHU++
datasets (using 5%, 10%, and 40% labeled data) verify that our end-
to-end model achieves state-of-the-art semi-supervised segmentation and
counting performance, effectively bridging the gap between counting and
instance segmentation within a unified framework. Code can be found at
https://github.com/JoyceeH0127 /ECCV2026XMask.

Keywords: Semi-supervised learning - Crowd Counting - Instance Seg-
mentation

1 Introduction

Crowd scene analysis has long been a pivotal research topic in computer vision,
driven by its critical applications in public safety, smart city management, and
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traffic monitoring. Despite significant progress in density estimation and localiza-
tion [181/25,/39,/49L65], the field remains constrained by a severe data annotation
bottleneck. The prohibitive cost of acquiring pixel-level ground truth forces a
reliance on point-based annotations, which inherently lack structural semantics
regarding individual shape and occupancy.

Current crowd analysis research spans multiple directions: density regression
and point-based localization, which treat individuals as dimensionless points,
ignoring spatial extent; and object detection research [11}/14}33}/51,/56] strug-
gles with bounding box regression in scenarios of severe occlusion. Other re-
lated methods [37,/45] connect the detection task with counting, but lack in
semantic information. While recent foundation models like SAM [21] demon-
strate zero-shot segmentation potential, their direct application is hindered by
high computational latency and performance degradation in dense, ambiguous
regions |7]. Consequently, learning fine-grained structural semantics from sparse
annotations remains an open problem. In particular, how to harness additional
data to compensate for the lack of dense supervision has not been sufficiently
investigated.

Fig. 1: Conception of our approach. EDP-SAM is designed to generate data with mask
supervision. To acquire segmentation capabilities, we propose a semi-supervised XMask
method to learn a discriminative feature representation. Subsequently, we present a
mask-constraint strategy composing the final step in our framework, coupling semantic
and spatial information to enhance counting accuracy.

To address these limitations, we propose a novel paradigm that extends crowd
counting to dense instance segmentation without relying on expensive point and
mask annotations, as illustrated in Fig. [I] Our objective is to achieve high in-
stance segmentation performance while enhancing counting accuracy in dense
crowds. First, we employ SAM |[21] to generate datasets with masks by using
existing annotations as point prompts and SLIC [2]-generated superpixels for
region guidance. The Nearest-Neighbor Exclusion Circle (NNEC) is further
introduced as a spatial constraint to suppress interference from adjacent in-
stances. This design, Exclusion-Constrained Dual-Prompt SAM (EDP-SAM),
yields spatially consistent and reliable pseudo-masks. After manual correction,
the resulting datasets are subsequently used for model training and standardized
comparison with baseline methods.

We then propose an EXclusivity-Guided Mask Learning (XMask) for crowd
instance segmentation by enforcing spatial separation through a discriminative
mask objective. First, we propose NNEC, a metric-induced local topological
partition that guarantees first-order exclusivity under sparse supervision. Next,
by leveraging discriminative feature embedding learning [5}9}|46], we reformu-
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late the instance segmentation task as a semantic segmentation problem within
dynamically defined local regions, which significantly enhances computational
efficiency. Additionally, to improve feature continuity and training stability, we
incorporate Depthwise Gaussian smoothing into the embedding space and use a
Differentiable Center Sampling strategy to ensure gradient consistency.

Based on the proposed crowd instance segmentation architecture, we fur-
ther design a semi-supervised mask-constraint mechanism that provides richer
guidance than point labels for semi-supervised crowd counting. By incorporat-
ing a set of mask constraint losses and coupling them with a valid mask filter-
ing strategy, the proposed mechanism forms a feedback loop that enhances the
reliability and consistency of pseudo-mask supervision. Rather than leveraging
feature embeddings to generate instance pseudo-masks for enforcing a strict spa-
tial containment, Abousamra, Shahira et al. [1] impose a topological constraint
on the likelihood map’s landscape using persistence loss, ensuring the number
of connected components in the predicted heatmap corresponds exactly to the
number of ground truth dots. Our design allows the segmentation branch to reg-
ularize crowd counting in a semi-supervised manner. Crucially, our specialized
framework delivers segmentation performance on par with foundation models
(e.g., SAM) but with drastically reduced computational costs, presenting a ro-
bust and efficient alternative for dense crowd analysis. Extensive experiments on
the ShanghaiTech A (ShTech A), UCF-QNRF, and JHU++ datasets (using 5%,
10%, and 40% labeled protocols) demonstrate that our end-to-end model signifi-
cantly outperforms point-prompt FastSAM [66]-based methods in both inference
speed and segmentation accuracy.

The contributions of our paper are summarized as follows:

— We propose Exclusion-Constrained Dual-Prompt SAM (EDP-SAM), an au-
tomatic mask generation framework for dense crowds that guides SAM with
head-point and superpixel dual prompts while enforcing a Nearest Neighbor
Exclusion constraint to prevent cross-instance leakage. This design improves
individual separation in highly congested scenes, and the resulting pseudo-
masks are lightly refined to build a high-quality crowd segmentation dataset.

— We introduce Exclusivity-Guided Mask Learning (XMask), an exclusivity-
guided semi-supervised method for dense crowd instance segmentation that
enforces spatial separation through a discriminative mask objective, cou-
pled with Gaussian smoothing and differentiable center sampling for robust
learning under limited supervision.

— Building on XMask, we further introduce an instance mask prior framework
for semi-supervised crowd counting, in which reliable instance masks replace
point annotations as structured pseudo-labels. By leveraging richer spatial
and shape information instead of sparse point cues, the framework produces
more accurate pseudo-labels and significantly enhances the performance.

— Our semi-supervised strategy achieves state-of-the-art results, effectively bridg-
ing the gap between crowd counting and segmentation, constructing feature
structural consistency, demonstrating superior segmentation efficiency and
higher recall while maintaining precise counting performance.
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2 Related Works

2.1 Instance Segmentation

Instance segmentation is a core foundational task in computer vision. It not
only requires detecting all objects of interest in an image but also assigns precise
category labels and instance IDs to each object’s pixels.

Crowd Instance Segmentation. Crowd instance segmentation aims to
separate each individual in highly congested scenes, where severe occlusion and
overlap make precise delineation challenging. Early deep learning approaches [19|
relied on fully convolutional networks to directly predict crowd regions. With the
rise of foundation models such as SAM [21] and FastSAM [66], recent efforts have
shifted toward adapting prompt-driven segmentation frameworks to dense small-
object scenarios. For instance, CrowdSAM |[7] utilizes density-derived prompts
and post-processing refinement to enhance mask quality. Nevertheless, limita-
tions in inference efficiency and scalability remain unresolved.

Two Stage Instance Segmentation. Two-stage instance segmentation fol-
lows a proposal-to-refinement pipeline: it first generates candidate regions and
then refines them into final masks. In this framework, methods are mainly cat-
egorized into top-down and bottom-up approaches [41].

Top-down instance segmentation methods rely on high-performance detec-
tors to generate Rols, followed by independent mask prediction within each
region, effectively decomposing the task into local binary segmentation. Mask
R-CNN [16] established this paradigm by adding a parallel mask branch to
Faster R-CNN [44]. Subsequent works improved feature propagation and mask
quality, including PANet [32] with bottom-up path aggregation, Cascade Mask
R-CNN |12] with multi-stage refinement, and several boundary-aware exten-
sions [10,20,/62] that enhance pixel-level mask accuracy.

Bottom-up approaches |26}31] learn pixel-wise embeddings instead of re-
lying on predefined anchors, encouraging pixels of the same instance to cluster
in a high-dimensional space while separating different instances. This paradigm
is typically optimized via discriminative losses with pull-push forces. Represen-
tative works [549}26L/46]jointly predict semantic maps and pixel embeddings to
simplify training, while others |3}/60] exploit spatial affinity cues for grouping.
Embedding-based methods have shown particular advantages in irregular sce-
narios, such as biomedical images, as demonstrated by EmbedSeg [22].

Semi-supervised Instance Segmentation. This task learns from scarce
annotations and abundant unlabeled data, commonly relying on pseudo-labeling
or consistency constraints to exploit unlabeled samples.

Early semi-supervised instance segmentation methods were primarily built
upon anchor-based frameworks such as Mask R-CNN [16]. Noisy Boundaries [57]
and PAIS [17] enhanced pseudo-label robustness via boundary-aware modeling
and dynamic alignment, respectively, yet remained limited by architectural com-
plexity or label reweighting strategies. To adapt to anchor-free paradigms, Polite
Teacher [13] adopted a CenterMask-style design with mutual learning, improv-
ing efficiency but showing weakness on extremely small objects. More recently,
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Guided Distillation [4] introduced Vision Transformers to leverage pretrained
representations, albeit with increased memory overhead.

The emergence of vision foundation models like SAM |21] has shifted semi-
supervised instance segmentation toward prompt-driven and more generaliz-
able paradigms, improving pseudo-label quality. Methods like S*4M [61] and
SemiSAM+ [64] exploit SAM [21] as a powerful teacher to refine mask super-
vision. Meanwhile, diffusion-based approaches [53,/58,[59], including Diffusion-
Inst [15], model segmentation as a denoising process and leverage generative
modeling for semantic alignment. Despite enhanced robustness to ambiguous
boundaries, these methods often suffer from substantial computational overhead
in dense scenarios.

2.2 Semi-supervised Crowd Counting

Semi-Supervised Crowd Counting is a specialized sub-field of computer vision
that addresses the challenge of estimating the number of individuals in dense
crowds using a limited amount of labeled data alongside a large corpus of unla-
beled data.

Density-Based Counting. Crowd counting annotation is costly and labor-
intensive. Recent Works [81|36L/39] explore semi-supervised learning to leverage
unlabeled data for improved counting performance. Liu et al. [34,/35] propose a
Learning-to-Rank (L2R) module that models the ordinal relationship between
image patches and their sub-patches. DACount 27| and P3Net [28] improve
density discrimination by assigning density-level labels to image patches. Ap-
proaches [40}/55] incorporate pixel-wise uncertainty to suppress noise in pseudo
density maps, promoting pseudo-label quality.

Localization-Based Counting. Semi-supervised localization-based count-
ing methods generally adopt a teacher—student framework. OT-M [29] derives
pseudo-points from predicted density maps using optimal transport. CU [24],
built upon P2PNet [49], improves pseudo-label reliability by selecting high-
confidence patches based on uncertainty estimation. SAL [63] incorporates active
learning to dynamically divide data, treating difficult samples as labeled and eas-
ier ones as unlabeled. P2R [30] introduces a points to region supervision strategy
that segments regions around pseudo-points to propagate confidence more ef-
fectively than traditional P2PNet [49] matching. Consistent-Point |67] improves
semi-supervised point-prompt crowd counting by refining pseudo-points through
position aggregation and uncertainty calibration for more consistent supervision.

3 Methods

To ensure robust semi-supervised instance segmentation performance in dense
crowds, we a propose framework that consists of three stages. As shown in Fig. 2]
our model establishes a synergistic bridge between semi-supervised instance seg-
mentation and counting within a single end-to-end architecture, enabling the two
tasks to mutually reinforce each other in a closed-loop manner. The proposed
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Fig. 2: Overview of the proposed framework. Our semi-supervised pipeline consists of
three stages: (1) pretraining and mask preparation, (2) crowd segmentation training,
and (3) mask-constrained crowd counting optimization. In Stage 1, mask annotations
are generated from point labels via the proposed EDP-SAM (yellow region). Stage 2
presents the semi-supervised XMask training process, including discriminative super-
vision and pseudo-mask generation. The trained segmentation model is then utilized
in Stage 3 to produce pseudo-masks for unlabeled data, where newly designed loss
functions are introduced to further enhance counting performance via mask constraint.

method achieves state-of-the-art semi-supervised crowd instance segmentation
and counting performance.

Our approach builds on P2R , which mitigates noisy pseudo-label loca-
tions by matching predictions within a neighborhood. Structurally, we stream-
line the P2PNet architecture by removing the regression branch in favor
of pixel grid coordinates. Our model incorporates a feature backbone, fusion
neck, and classification head, alongside an innovative introduced parallel mask
head for segmentation. For semi-supervised learning, we adopt the Mean Teacher
paradigm [52], where the student optimizes joint losses while the teacher gener-
ates pseudo-labels, which follows standard procedure , with parameters
updated via the student exponential moving average (EMA) @, The whole
pipeline can be trained end-to-end.

3.1 Dataset Construction with Dense Mask Supervision

We introduce EDP-SAM to automatically generate and manually verify a set of
high-quality masks, providing essential structural guidance for our segmentation-
counting dual-tasks optimization.

Since existing crowd counting datasets only contain point annotation data
pi = (yi,x;), our primary task is to construct the corresponding mask super-
vision datasets. Inspired by relevant research , we also employed the
SAM model for automatic construction, supplemented by partial manual cor-
rection. As illustrated in Fig. [3] we fed both the original annotation points and
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Fig. 3: Point-Superpixel Dual-Prompt SAM with NNEC Constraint Method

superpixels generated by SLIC as dual-prompts into SAM. We then inter-
sected the segmentation output from SAM with the Nearest-Neighbor Exclusion
Circle (NNEC) regions corresponding to each point. The reason for our design
will be illustrated in the supplementary materials.

Specifically, the purpose of applying NNEC constraint is to identify the max-
imum mask area corresponding to each annotation, as the SAM often struggles
to segment individual shapes in dense scenes, even when specific point prompts
are provided. The specific calculation of NNEC radius is as follows:

r; = min||p; — pjl2, (1)
J#i

where p; and p; are two point prompts indicating two head locations. Based
on EDP-SAM and manual correction, we generate mask annotations for major
crowd counting datasets for future crowd instance segmentation research.

3.2 Semi-supervised Crowd Instance Segmentation

Based on the mask annotations, we propose Exclusivity-Guided Mask Learning
(XMask), a semi-supervised method for dense crowd instance segmentation that
enforces spatial separation through a discriminative mask objective, coupled
with Gaussian smoothing and differentiable center sampling for robust learning
under limited supervision. As shown in Fig. after obtaining a preliminary
counting model, we train an instance segmentation network within the same
semi-supervised framework using the proposed XMask.

MaskHead Discriminative Loss This method proposes a feature embed-
ding learning loss function for point-supervised instance segmentation. Unlike
traditional per-pixel classification paradigms, we introduce NNEC adaptive ra-
dius local circular region sampling and asymmetric marginal contrast constraints
within the pixel embedding space. The whole process is visualized in Fig. [4]

Specifically, given an input image I € R¥XWx3 and its corresponding em-
bedding feature map E € RP*HexWe where D is the feature dimension, a set
of model predict point annotations P = {p;}¥, where p; = (y;,z;) denotes
the coordinates of annotated points, and instance-level ground truth masks
M ez,

Depthwise Gaussian Smoothing. To mitigate high-frequency interpola-
tion artifacts and local noise in sampled feature maps, we employ a separable
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Fig. 4: MaskHead Discriminative Loss. First, use points to obtain the corresponding
ROIs for computation. Based on the pseudo/ground truth mask, divide the ROIs into
positive and negative regions. After applying Gaussian smoothing, extract the center
feature and compute pixel-level L2 distance within feature map. Finally, applying pull
and push force losses separately.

depthwise Gaussian blur that enhances spatial coherence without compromis-
ing embedding discriminability and the effectiveness is demonstrated in Sec. [£.3]
Given a kernel size k and standard deviation o, we construct discrete coordinates
u and a normalized one-dimensional Gaussian kernel:

<>Z<_<—L> B S L T P

Utilizing the separable property of two-dimensional isotropic Gaussian func-
tions G(u,v) = g(u) g(v), we decompose a two-dimensional convolution into a
cascade of two one-dimensional convolutions:

E*G:(E*gx)*gy. (3)

Next, depthwise convolution is applied, enabling the same Gaussian kernel to
be applied independently to each channel. Specifically, the smoothed embedding
feature map F is obtained by performing channel-wise convolutions sequentially
along the horizontal and vertical directions Eqs. (4) and (5)), and the convolu-
tional weights W are fixed to g.

EW = DWConv2d(E, W, € RP*PIxk pad = (0, [k/2])), (4)

E' = DWConv2d (EW, W, € Rk pad = (|k/2],0)). (5)

Adaptive Region-Aware Instantiation. To reasonably assign computa-
tional regions to each instance, we employ adaptive radius calculation based on
the NNEC between points. This approach automatically infers the local super-
vision range for each point according to the spatial distribution of annotated
points. First, we calculate the Euclidean distance matrix between all annotated
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Fig. 5: Pseudo-Mask Selection. We utilize a low threshold to obtain pseudo points,
thereby generating all possible masks and ensuring the reliability of background. Then,
based on the probability, we select the mask associated with the highest probability as
the final valid mask.

points in the sample. If there is exactly one annotated point, the radius degen-
erates into a global scale estimate. Radius for each point is defined as:

min D, N =2
r; = { JFt , Dij =|pi — pjll2- (6)
min(H,W)-0.5, N=1

We then define the spatial coordinate grid G, so the area contributing to the
calculation for each final point is:

Cily,2) = 1[|G(y, ) = pill2 <], G e R (7)

Therefore, for each point, the corresponding GT or pseudo-mask is used to
segment positive and negative sample regions within the candidate area R:

R =Cin{(y.z) | M(y,z) =i}, Ry =Cin{(y,2) | M(y,z) # 4}, (8)

where /¢; is the instance ID of point p;.

Differentiable Center Sampling. Next, to obtain the embedding vector
at each annotation point as the instance prototype, we use differentiable grid
sampling, and p; is the normalized coordinate, placing the annotation point at
the sub-pixel position. Thus, the formulation of the center feature is:

- 2. p;
c; = GridSample(E, p;) € RP, p; = ( P ~ 1 (9)

W—1,H-1)

Consequently, the final calculation of maskhead discriminative loss is com-
bined with Pull force Loss and Push force Loss:

bm 5 fone ([B0 el

(y,2)ER;

(T— oy 5))} L (10)
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where, [r]+ = max(x,0) serves as the hinge function, and o, , € {+1,—1}
denotes the region label, with 41 for positive pixels and —1 for negative pixels.
7 and § are hyperparameters obtained from the experiment shown in supplement.

Instance Segmentation Generation During the inference stage and pseudo-
mask generation, given the feature map E € RP*XH>*W output by the trained em-
bedding network and the predicted human location point prompts P = {p;}~, ,
the overall generation of crowd segmentation is aligned with the aforementioned
loss calculation. However, we observed that during the early stages of training,
the generated pseudo-masks often exhibited incomplete clipping. To mitigate this
issue, we propose incorporating additional spatial discriminative information by
introducing a normalized squared geometric distance as a spatial regularization
term. The computed embedding distance and geometric distance are fused into
a joint energy function as follows:

G (y, ) — pill3

ity = Bl o, #2190

A 11
, T ; (11)

where X is the geometry weight and E is the smoothed feature map mentioned
above. Defining 7, as an energy threshold in the inference, the final segmentation
S(y,x) of the instance for the entire image is as follows:

Sy, x) = (12)

i, if Ei(y,x) < Ty
0, otherwise ’

where 7 is the id number of each point.

3.3 Mask Constraint Counting

Given that region masks still exhibit inaccuracies and lack semantic informa-
tion, we propose incorporating mask constraints, utilizing the generated instance
mask as a pseudo-mask. As illustrated in Fig. [2] we introduce mask-constraint
optimization as the last step to formulate the whole feedback framework.

To mitigate teacher uncertainty in pseudo-mask generation, we perform in-
stance segmentation on points with confidence above a low threshold, while only
masks exceeding a higher threshold are retained as valid for loss computation.
This strategy improves the reliability of pseudo-mask learning, as visualized in
Fig. p] Based on this, we designed two computational methods as follows:

Background Penalty Loss. The purpose of this loss function is to ensure
that no response is present in the background region. As described in Eq. ,
gradients are induced only when the prediction for true background pixels is
positive, driving them toward zero or negative values, and those that are al-
ready negative do not contribute additional loss. Here, £y = {p | Mg (p) = 0}
denotes the background pixel geometry, and f € REXW represents the bilinear
interpolation output upscaled to the original image resolution.
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1 o
Ly, = 0] Z max (0, f(p)). (13)

PES2

Foreground Constraint Loss. To enforce instance-level consistency within
each mask, we constrain both the aggregated foreground response and the num-
ber of activated pixels, with the one-point constraint serving as the primary
objective. The foreground constraint loss is defined as:

L= 3 (INF = 1]+ A1Sk—1]), (14)
[ K] keK,
Se=_ max(0, f(p), N =Y 1[f(p) > 0], (15)
pE 2, PES2,

where K, denotes the set of valid instance IDs after pseudo-label filtering, and
2 = {p | Mgt(p) = k} represents the pixel set for the k-th instance.

Prior to this, we also attempted to use existing segmentation large models
(such as SAM [21] and FastSAM [66]) as a method for generating pseudo-masks.
However, their prohibitive inference cost in crowded scenes limits practicality.

4 Experiments

We evaluate the proposed method for crowd instance segmentation and counting
on three crowd counting datasets: ShTech A [65], UCF-QNRF [18], and JHU++
[47]. Following P2R [30], DAC [27], and OT-M |29], three protocols are applied:
5%, 10%, and 40% of labeled data, with the remaining crowd images involved in
training without annotations. The labeled samples in each percentage are chosen
to align with DAC [27]. In ablation studies, we evaluated the impact of different
architectures and hyperparameters to demonstrate the validity of our framework
and the performance of our results.

Settings For all three datasets, the random crop with a size of 256x256
is implemented, and we limit the shorter side of each image to 1536 and 2048
for UCF-QNRF |[18] and JHU++ |47|, respectively while ShTech A [65] is still
the original size. For data augmentation, labeled data is directly input into the
student model, while unlabeled data is weakly augmented for the teacher model
and strongly augmented for the student model.

4.1 Semi-supervised Crowd Instance Segmentation

This section demonstrates semi-supervised crowd instance segmentation per-
formance in three datasets. As shown in Fig. [6] our XMask approach is com-
pared with three different point-prompt methods. All methods utilize identical
point predictions from a unified semi-supervised counting model, ensuring con-
sistent localization quality and isolating the segmentation module’s contribution.
Our approach demonstrates excellent performance in crowd segmentation tasks,
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Fig. 6: Visualization of masks generated by FastSAM-based, XMask, and ground truth
generated by EDP-SAM. Through feature learning, our method demonstrates strong
robustness in human segmentation, potentially segmenting other irrelevant objects
compared to FastSAM. Furthermore, incorporating NNEC enhances the segmenta-
tion’s dimensional adaptability.

achieving high recall masks across all test datasets. This is achieved through the
utilization of predicted point constraints and the design of exclusivity feature
learning methods.

As a baseline, FastSAM reformulates SAM into a real-time framework
to generate class-agnostic masks with prompt-guided refinement. The FastSAM-
only variant assigns each point to the smallest candidate mask covering it. In
contrast, FastSAM + NNEC introduces a conditional fallback strategy, using an
NNEC-generated circular proxy when no valid mask is found.

As presented in Tab. [} we evaluate IoUQO0.5 with segmentation generated by
EDP-SAM. Our XMask method consistently achieves excellent performance with
substantial improvements over baselines. Ablation between our method variants
reveals the complementary role of the geometric prior: on denser datasets (UCF-
QNRF and JHU++ ), the NNEC-augmented version yields consistent
improvements, validating the conditional circle fallback for points lacking valid
mask coverage. XMask also demonstrates significant computational efficiency,
averaging 0.17s per image on ShTech A compared to 1.01s for FastSAM
(5.9% speedup). More efficiency comparisons are demonstrated in Sec.

To further strengthen the reliability of results, we conduct comprehensive
hyperparameter sensitivity analyses on XMask (A and 7, in Egs. and )
and FastSAM (IoU and conf), which are shown in the supplementary mate-
rial. Additionally, for possible circularity concern, we clarify that both baseline
CrowdSAM [7] and FastSAM employ the same NNEC-based constraint for
fair comparison and the mask annotations were refined through manual correc-
tion (e.g., dense regions, boundary errors) to mitigate potential bias

4.2 Semi-Supervised Crowd Counting
We further evaluate the crowd counting accuracy against the previous state-

of-the-art methods. Tab. [2| shows that our framework consistently outperforms
across nearly all three benchmarks, with improvements particularly pronounced
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Fig. 7: Visualization of Counting results on ShTech A. The first row: GT location. The
second row: predicted points. The third row: feature map from maskhead in our method.
In both dense and normal crowd scenes, our method yields counting predictions that
closely align with the ground-truth counts, while the learned feature maps maintain
structural coherence with the semantic layout of crowd head regions.

Table 1: Semi-supervised crowd instance segmentation comparison on IoU@O0.5.

ShTech A UCF-QNRF JHU-++
Methods ‘NNEC‘ 5%  10% 40% | 5% 10% 40% | 5% 10% 40%

FastSAM 0.279 0.281 0.291|0.203 0.211 0.213|0.186 0.185 0.189

FastSAM v 0.287 0.290 0.300 | 0.223 0.229 0.233|0.197 0.182 0.201
S4M 0.005 0.007 0.011|0.010 0.012 0.015|0.013 0.014 0.021
CrowdSAM v 0.201 0.201 0.212|0.149 0.156 0.163 | 0.187 0.189 0.192
point only v 0.195 0.194 0.202|0.198 0.201 0.207|0.180 0.182 0.183

XMask(ours)
v 0.313 0.318 0.333|0.282 0.290 0.297|0.258 0.263 0.270

0.314 0.318 0.331]0.269 0.277 0.278|0.249 0.253 0.257
XMask (ours)

under limited annotated images. By leveraging reliable pseudo-masks and struc-
tural consistency learning from XMask, our method outperforms P2R , the
base counting model used in Stage 1. As visualized in Fig.[7] our approach deliv-
ers accurate counting predictions while enforcing structural coherence between
features and head-region semantics.

Under the 5% setting, our proposed framework achieves the best perfor-
mance in nearly all protocols across all crowd datasets, demonstrating that the
learned segmentation priors effectively compensate for limited supervision. As
label ratios increase to 10% and 40%, our method maintains consistent gains,
with notably substantial MSE improvements, indicating enhanced robustness
against large estimation outliers.

4.3 Ablation study

We then ablate the components in the proposed method and analyze the hyper-
parameters.
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Table 2: Semi-supervised crowd counting performance comparison between recent
methods and our framework on three datasets under various labeled protocols.

labeled Pct. ‘ Methods ‘

ShTech A [65] | UCF-QNRF [18] | JHU-+ [47]
MAE| MSE| | MAE] MSE] | MAE| MSE]

MT (50| | 104.7
L2R [34] | 103.0

5%

33.2 172.4 284.9 101.5  363.5
27.6 160.1 272.3 101.4  338.8
DAC |27| 85.4 134.5 120.2 209.3 82.2 294.9
OT-M |29] 83.7 133.3 118.4 195.4 82.7 304.5
P2R [30] 69.9 119.5 100.1 182.5 77.8 293.5

Ours 64.6 106.2 | 98.4 163.7 77.1 289.5

MT [50] | 319.3

94.5 156.1 245.5 250.3 90.2
L2R |34] 90.3 153.5 148.9 249.8 87.5 315.3
DAC |27] 74.9 115.5 109.0 187.2 75.9 282.3

10% OT-M [29] | 80.1 1185 | 113.1  186.7 | 73.0  280.6
P2R [B0] | 64.2 1146 | 949  167.2 | 68.7 2723

Ours 62.4 104.4 | 93.9 155.7 | 68.7 258.7

MT [50] | 88.2 151.1 | 147.2  249.6 | 121.5 388.9

LoR [34] | 86.5 1482 | 145.1  256.1 | 123.6 376.1

0% DAC [37] | 67.5 1107 | 91.1 1534 | 65.1  260.0

P2R [30] | 55.6

OT-M |29] 70.7 114.5 100.6 167.6 72.1 272.0
95.0 86.0 144.3 63.3 271.1
Ours 56.2 93.5 84.0 143.6 61.9 256.1

Segmentation Efficiency. We conducted segmentation inference experi-
ments on the ShTechA test dataset, which was divided into multiple density
intervals for comparison. As shown in Fig. [§] compared to FastSAM and SAM,
our method significantly improves segmentation speed, achieving less than 0.3
seconds per image across all density intervals, while demonstrating insensitivity
to density. Therefore, our approach is highly advantageous for training efficiency
when generating pseudo masks in semi-supervised settings.

Loss Function Comparison. In
semi-supervised segmentation learn-
ing, we propose utilizing the maskhead
discriminative loss. We compared it
with several other segmentation losses
on the ShTechA dataset with 5% la-
beled data, including Dice loss and
Focal loss. Results in Tab. [Bal demon-
strate that our approach achieves the
best performance in terms of mask
IoU and F1 score.

Differentiable Center Sam-
pling. Experiments on ShTech A
(Tab. show that feature sampling
slightly improves performance. De-

—— SAM 2
FastSAM
o] —— ours

Average time per image (s)

1 093
035 055 0356 062
opa 00! 008 0] 016 021

o s0100 5001000 >1000

“Point count interval
Fig.8: Our method consistently outper-
forms SAM and FastSAM in segmentation
efficiency across varying crowd densities,
maintaining shorter processing times de-
spite differences in density.

spite the modest gain, we adopt differentiable sampling over discrete extraction
due to its sub-pixel precision and smoother gradient propagation, which lead to
more stable and optimization-friendly feature embeddings.

Depthwise Gaussian Smoothing. This module applies Gaussian smooth-
ing to feature embeddings before pairwise L2 distance computation, enhancing
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Table 3: Comprehensive ablation studies on different components and settings.

(a) Loss function comparison on ShTech A. Dice (b) Gaussian Smoothing on ShTech A
loss calculates overlap-based ratio between predic-
tion and ground truth, while Focal loss weighted
cross-entropy focusing on hard samples.

Gaussian | K o | IoU? F1t

0.3050 0.2481

~

/
/
v 7 1.5| 03119 0.2574
v 5 1.5| 0.3111 0.2566
Loss | loUT  Fit v 9 1.5| 03120 0.2577
Dice loss | 0.2381 0.0946 v 7 3 10.3130 0.2584
Focal loss | 0.2893  0.2070 v 5 3 03119 0.2575
Ours | 0.3119 0.2574 v 9 3 ]0.3130 0.2570
(c) Differentiable Center Sampling on UCF (d) Optimization Modules on ShTech A
s 1 5% 10% 40% Head Backbone | Params | MAEl MSEL
ampie | 15U F1t ToU?T F11 ToU?T F11
v v 16.77M | 68.1  106.8
0.2806 0.1973 | 0.2888 0.2111 | 0.2955 0.2079 v 15.58M | 70.2  111.3
v 0.2807 0.1976 | 0.2892 0.2129 | 0.2956 0.2079 v 2.05M | 64.6 106.2

spatial coherence and reducing noisy activations. Tab. shows that Gaussian
filtering consistently improves segmentation performance and a kernel size of 7
with ¢ = 3 achieves the best results.

Trained Modules. In the final counting stage, we explore different fine-
tuning strategies to balance performance and efficiency. As shown in Tab. [3d]
unfreezing only the decoder achieves the best counting accuracy. Therefore, we
adopt this setting as the default configuration.

5 Conclusion

In this work, we propose to supervise the semi-supervised crowd instance seg-
mentation and counting based on mask supervision, which provides more struc-
tural individual shape information than point annotation. First, we propose
an Exclusion-Constrained Dual-Prompt SAM (EDP-SAM) to generate robust
masks from point annotations. Next, we combine EDP-SAM with manual cor-
rection to generate accurate mask annotations for the existing datasets. To
better segment instances in crowded images, we propose Exclusivity-Guided
Mask Learning (XMask) that enforces spatial separation through a discrimina-
tive mask objective. Extensive experiments demonstrate that mask supervision
effectively improves semi-supervised crowd instance segmentation and counting
performance, offering a scalable solution to annotation scarcity. Future work will
focus on improving boundary precision and refining point-generation strategies
to achieve finer-grained segmentation quality.
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