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Abstract. The existing crowd counting models require extensive train-
ing data, which is time-consuming to annotate. To tackle this issue,
we propose a simple yet effective crowd counting method by utilizing
the Segment-Everything-Everywhere Model (SEEM), an adaptation of
the Segmentation Anything Model (SAM), to generate pseudo-labels for
training crowd counting models. However, our initial investigation re-
veals that SEEM’s performance in dense crowd scenes is limited, pri-
marily due to the omission of many persons in high-density areas. To
overcome this limitation, we propose an adaptive resolution SEEM to
handle the scale variations, occlusions, and overlapping of people within
crowd scenes. Alongside this, we introduce a robust localization method,
based on Gaussian Mixture Models, for predicting the head positions in
the predicted people masks. Given the mask and point pseudo-labels, we
propose a robust loss function, which is designed to exclude uncertain
regions based on SEEM’s predictions, thereby enhancing the training
process of the counting network. Finally, we propose an iterative method
for generating pseudo-labels. This method aims at improving the quality
of the segmentation masks by identifying more tiny persons in high-
density regions, which are often missed in the first pseudo-labeling it-
eration. Overall, our proposed method achieves the best unsupervised
performance in crowd counting, while also being comparable to some
classic supervised fully methods. This makes it a highly effective and
versatile tool for crowd counting, especially in situations where labeled
data is not available.

Keywords: Crowd Counting - Crowd Localization - Segment Anything

1 Introduction

Crowd counting plays a vital role in various applications, from urban planning
and public safety to event management and retail [4]. It helps in designing effi-
cient public spaces, optimizing crowd control at events, and managing customer
flow in stores. Additionally, it aids in creating responsive infrastructures that
adapt to changing population densities. This technology is essential for under-
standing and managing crowd dynamics in different contexts.
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Fig. 1: The motivation for our proposed method lies in accurately detecting individuals
in high-density areas, where they are often missed due to occlusion and overlapping.
Our approach includes zooming into these crowded regions, as this increased resolution
helps in identifying previously undetected individuals. For consistency, all regions are
resized to 512 512 pixels before segmentation.

The state-of-the-art crowd counting systems, utilizing deep learning methods
like Convolutional Neural Networks (CNNs) [29] and Transformers [25], achieve
remarkable performance. However, these methods typically require substantial
amounts of labeled data for training. The scale of crowd counting datasets is rel-
atively small, as labeling each person in dense crowd images is a time-consuming
task. As a result, there is a growing need for unsupervised methods capable of
adapting to new datasets without relying on manual annotations.

To tackle this challenge, we introduce a robust unsupervised method that uti-
lizes the Segmentation Anything Model (SAM) [20] to generate pseudo labels.
However, SAM is not able to predict semantic labels. Therefore, the Segment-
Everything-Everywhere Model (SEEM) [55] is utilized to predict person masks.
Large foundation models are shown to be useful for downstream tasks [54]. How-
ever, our findings indicate that using SEEM directly is not effective, since it often
misses people due to occlusions and overlapping (see 1024x1024 image in Fig. 1),
which is due to the limited availability of dense crowd images in its training data.
To address this, we propose an adaptive resolution SEEM (AdaSEEM) that can
zoom in on areas of high density as needed. This enhancement allows for more
precise segmentation of smaller persons in crowded regions as shown in Figure 1.
In addition, we propose a robust head localization method to estimate the head
locations accurately by modeling the mask distribution as a Gaussian Mixture
Model (GMM), enabling the generation of more effective point pseudo-labels.

We use the generated mask and point pseudo-labels to train a counting re-
gression network. To effectively use both types of pseudo-labels, we propose a
robust loss function composed of two parts: an individual loss and a background
loss, with uncertain regions excluded during training. The individual loss en-
sures that the total density within a mask is close to 1, and it also encourages
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the density to converge around the head pseudo-labels. This approach enhances
the accuracy of crowd counting, as well as ensures precise localization within seg-
mented areas. The background loss, in contrast, is tailored to predict a zero value
for all background regions, thereby efficiently reducing false positive predictions
in non-crowded areas.

Finally, to enhance performance, we adopt an iterative approach for gener-
ating pseudo masks, using the point predictions from the well-trained counting
network as prompts for AdaSEEM. This helps in identifying missing individuals
in high-density areas. Once these new masks are created, they are fused with
those from the previous iteration to create a more comprehensive and accurate
set of pseudo-labels. Subsequently, we employ the same methodology to esti-
mate head point pseudo-labels within these updated masks. With these refined
masks and head locations, we proceed to train the counting networks, thereby
improving their accuracy and reliability in densely populated scenes.

In summary, the paper has four key contributions:

1. We introduce a novel approach for generating both mask and point pseudo
labels for unsupervised crowd counting. This involves the use of the Seg-
mentation Anything Model (SAM) enhanced with an adaptive resolution
strategy and a robust mechanism for localizing head points.

2. To leverage both mask and point pseudo labels, we develop a robust loss
function that strategically excludes uncertain regions during training, and
ensures the density within each mask is 1. This function is instrumental in
accurately counting and localizing individuals within crowded scenes.

3. We propose an iterative method for pseudo mask generation. This approach
refines mask predictions by utilizing point prompts derived from the currently-
trained counting network, allowing for the identification of previously missed
individuals in dense areas.

4. Our method significantly outperforms existing unsupervised crowd counting
methods, showing improvements by a large margin. Its performance is also
comparable to some classic fully supervised methods, even on large-scale
datasets.

2 Related Works

In this section, we briefly review the supervised, semi-supervised and unsuper-
vised crowd counting algorithms.

2.1 Supervised Methods

Traditional crowd counting algorithms rely on individual detection [10], which
does not generalize well to high-density images due to occlusion. To improve
counting performance, direct regression methods have been proposed that utilize
low-level features [4], including texture [5] and color [16]. However, the effective-
ness of these methods is still limited by factors like scale and scene variation.
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Recent crowd counting research has predominantly focused on deep learning,
with significant improvements achieved through training with extensive labeled
data [7,15,45,52,53]. Innovations in network structures 2,9, 11] and the de-
velopment of various loss functions [44] have enhanced performance and robust-
ness. [19] introduced the use of an image pyramid to address scale variation. Fur-
ther enhancements include the exploitation of contextual information [8, 35, 49]
and the development of cross-scene crowd counting methods to improve gener-
alization [51]. [46] proposed the use of a synthetic dataset, while others have
explored the use of correlation information to boost generalization capabili-
ties [41, 48]. Innovative approaches in loss function design, such as learnable
density maps for enhanced supervision, have been proposed [38,42]. Direct use
of point annotations during training has shown improved counting and localiza-
tion [27,30,37,44], and robust loss functions have been developed to address an-
notation noise [39,43]. Recently, Transformer-based methods have demonstrated
exceptional performance in both crowd counting and localization [24, 25].

However, supervised methods require a significant quantity of labeled images,
which can be challenging to acquire due to the time-consuming labeling process,
e.g., some training images may contain hundreds or even thousands of people.
In contrast, our proposed unsupervised method attains results comparable to
those achieved by some supervised methods, without requiring any labeled crowd
images.

2.2 Semi-Supervised And Unsupervised Methods

To alleviate the burden of extensive annotation, several innovative approaches
have been proposed in the realm of crowd counting [47]. [6] suggest the use of
unlabeled videos, thereby reducing the dependency on fully labeled datasets. [31]
introduce a method to model spatial uncertainty, enhancing the efficacy of semi-
supervised counting. The concept of training models with partial annotations
has also been explored [50], offering a practical alternative to fully supervised
methods. Furthermore, a supervised uncertainty estimation strategy is presented
in [21], providing a novel approach to address annotation challenges. Addition-
ally, the use of optimal transport minimization [26] has been proposed for crowd
localization in semi-supervised settings, further contributing to the development
of more efficient and less labor-intensive methods in the field of crowd counting.

The exploration of unsupervised crowd counting methods, especially for high-
density scenarios, remains limited. Most existing research in this area tends to
concentrate on low-density images. A novel self-supervised method based on dis-
tribution matching has been proposed in [1]. Additionally, [23] introduced an
innovative approach by employing Vision-Language models for zero-shot crowd
counting. While these unsupervised methods demonstrate reasonably good per-
formance, their effectiveness in high-density scenes is still not optimal. In con-
trast, our proposed method stands out by achieving performance levels compa-
rable to some supervised methods, even in complex, high-density environments,
thus offering a viable alternative to traditional supervised approaches that re-
quire extensive labeled data.
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initial segmentation segmentation

Fig. 2: Our framework for unsupervised crowd counting. First, we generate person
mask pseudo-labels using an adaptive resolution SAM (AdaSEEM) to enhance the
segmentation of small-sized objects in crowd images. We then predict point pseudo-
labels via a robust method for head localization achieved by modeling the soft mask
distribution using a Gaussian Mixture Model (GMM). The next phase involves training
a counting network using a robust loss function that is specifically designed to use the
generated mask/point pseudo labels. Finally, we employ an iterative process to generate
additional pseudo labels by leveraging the predictions of the trained counting network.

3 Method

In this paper, we introduce a novel robust unsupervised crowd counting method
that harnesses the capabilities of the Segmentation Anything Model (SAM). Our
approach consists of several key steps. We first propose an adaptive inference
strategy for utilizing SAM, which enables more precise segmentation of individu-
als, especially those of smaller sizes, in various crowd scenes. We then introduce
a robust method for localizing head positions within the predicted individual
masks. This step is crucial for obtaining precise point pseudo-annotations for
more accurate counting. Utilizing the masks and point pseudo-labels generated,
we train a counting network. Our training process is distinguished by a robust
loss function that deliberately excludes uncertain regions, thereby enhancing the
model’s precision and reliability. Finally, we propose an iterative process for gen-
erating pseudo-labels. This process is based on the predictions of the counting
network, and aims at continuously improving the quality of the pseudo labels.
The overall workflow of our proposed method is illustrated in Figure 2.

3.1 Adaptive Resolution SAM

SAM, initially designed for generic segmentation tasks, has been trained on
millions of images, which grants it an impressive ability to generalize across
various scenarios. However, a key limitation of SAM is its inability to assign
specific object categories to the segments it identifies. To overcome this, we opt
for a modified version of SAM, known as the Segment-Everything-Everywhere
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Model (SEEM) [55]. SEEM, having been trained with semantic labels, is adept
at providing a semantic label for each mask, enhancing its utility in segmen-
tation tasks. Despite its capabilities, SEEM faces challenges in detecting small
individuals in crowded images. This limitation primarily arises due to the rel-
atively small proportion of dense crowd images in its training dataset [20]. To
address this speci ¢ issue, we introduce an adaptive resolution SEEM (denoted
as AdaSEEM). This strategy is designed to improve the model's performance in
identifying small-sized persons in high-density crowd scenes, thus enhancing the
overall e ectiveness and applicability of SEEM for generating mask pseudo-labels
in complex crowd counting scenarios.

In our approach, we initially apply SEEM to the original image to obtain
segmentation results. These results are categorized into three distinct groups:
non-person (background) regions, uncertain regions, and individual person masks
as shown in Figure 2. The non-person background regions are the segments
with non-person labels, while the uncertain region contains pixels that do not
belong to any segment. Following the initial segmentation, we crop the image
into smaller patches and assess the proportion of uncertain regions in each patch.
If a patch has an uncertain region ratio exceeding a prede ned threshold , we
then zoom into this patch, doubling its resolution, and reapply SEEM. The
Non-Maximum Suppression (NMS) is used to merge segments from dierent
iterations. This process is iterative and continues until the ratio of uncertain
regions in all patches falls below the threshold. By iteratively zooming in and
reapplying SEEM on patches with high uncertainty, we signi cantly improve
the accuracy of our segmentation, especially in detecting smaller individuals
in dense crowd scenes. This adaptive approach ensures that the segmentation
results are both precise and reliable, increasing their e ectiveness as pseudo-
labels for crowd-counting.

3.2 Robust Localization for Point Pseudo-labels

Crowd counting methods typically require point annotations for training. Thus,
we propose an algorithm to predict the head location from each individual person
mask generated by AdaSEEM. Our approach begins with the generation of a
robust mask distribution from the initial mask. Denote the predicted initial
mask asM,. We randomly sampleK points in My and use these as prompts to
SEEM to generate new masks, denoted aM, g, . We then computﬁ the soft
mask distribution, by averaging over the predicted masks:M = m izo M.
This averaging process helps in smoothing out the noise and inconsistencies in
the initial mask predictions.

Inspired by classic density map generation [53], we then model the soft mask
distribution M using a Gaussian Mixture Model (GMM) with two components.
The model is represented as follows:

X
p(x) = iN(Xj i i) )

i=1
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where ; and ; represent the mean and variance of each Gaussian distribution
within the mixture.

We t the soft mask distribution M to the GMM with the expectation-
maximization (EM) algorithm (see Supplemental). The nal step involves se-
lecting the mean ; of the Gaussian component with the smaller vertical coordi-
nate (height) as the head location. This method e ectively utilizes the statistical
properties of the GMM to pinpoint the head location, thus accommodating the
variability and noise in the segmentation process.

3.3 Counter Training with Robust Loss

The counting network is trained using the generated mask and point pseudo-
labels. For an input image |, the corresponding pseudo label consists of the
background maskMy, the uncertain mask M, individual masks fM;g\, , and
head locationsf pi gy, , whereN is the number of annotated people in the image.
Our proposed loss function for the predicted density mapl) comprises two
components: a background loss and an individual loss, with predictions in uncer-
tain regions being disregarded. The background loss is de ned for the background
(non-person) regions, where the prediction should be close to 0. It is formulated
as follows:
Lokg = MD; Myi; 2

where h; i means performing component-wise inner product of two vectorized
matrices.
The individual loss is given by:

L0 h i

Lo = O, M 1+t B 3)
1=

where C; is an exponential distance matrix, in which the j-th element Ci“] =
exp(k x; pik?=) represents the exponential distance between the head location
pi and the density value locationx;. is the element-wise product. The second
term encourages the density to converge towards the head. For more details on
this, please refer to [40].

The nal loss function is a combination of the background loss in (2) and
individual loss in (3):

L=1Liaw + Lbkg; 4)

where is a weighting hyperparameter.

3.4 lterative Pseudo-label Generation

One of the key advantages of our proposed method is its capability to predict
both the global count and the precise location of each individual within a crowd
via a predicted density map (c.f., [23] that only predicts the count). This func-
tionality allows for further re nement of the pseudo-labels, especially in nding
missed individuals in high-density regions.
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UCF-QNRF JHU ShTech A ShTech B UCF-CC-50

Method Year Label MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE

Zhang et al. [51] CVPR 15 Point - - - T 1818 277.7 320 498 4670 4985
MCNN [53] CVPR 16 Point 277.0 426.0 188.9 4834 1102 173.2 26.4 41.3 377.6 509.1
Switch CNN [2]  CVPR 17 Point 2280 4450 - - 904 1350 21.6 33.4 3181 4392
LSC-CNN [33]  TPAMI 21 Point 1205 2182 112.7 4544 66.4 117.0 81 12.7 2256 3027
SDA+DM [28] IceV 21 Point 80.7 1463 593 2489 550 927 - - - -
CLTR [24] ECCV 22 Point 858 141.3 505 240.6 569 952 65 102 -

MAN [25] CVPR 22 Point 773 1315 534 2099 568 903 - - - -
Ch [34] CVPR 23 Point 80.3 137.6 57.0 2357 575 943 69 110 - -
STEERER [11]  ICCV 23 Point 743 1283 543 2383 545 869 58 85 - -
SFCN [46] CVPR 19 Point (GCC [46]) 2755 4585 - ~ 1600 2165 22.8 306 487.2 689.0
RCC [13] arXiv 22 Point (FSC [32]) - - - - 2401 366.9 66.6 1048 - -
CLIP-Count [18]  arXiv 23 Point (FSC [32]) - - - - 192.6 308.4 457 77.4 - -
CSS-CNN-Rnd. [1] ECCV 22 None 718.7 1036.3 3203 7935 4311 5500 - - 1279.3 1567.9
Random* - None 633.6 978.9 2975 8016 411.1 511.1 158.7 287.4 1251.6 1497.8
CSS-CNN [1] ECCV 22 None 437.0 7223 217.6 651.3 179.3 295.9 - - 5649 950.4
CrowdCLIP [23]  CVPR 23 None 283.3 488.7 213.7 576.1 146.1 236.3 69.3 85.8 438.3 604.7
ours (iter. 0) None 195.9 343.0 109.5 428.7 125.4 226.7 344552 4245 597.1
Ours (lter. 1) None 181.2 304.7 105.1 390.5 122.8 217.8 33.3 53.2 382.7 4445
ours (iter. 2) None 182.3 289.9 102.7 360.7 102.6 176.3  35.6 51.7 376.6 578.2

Table 1: Comparison with state-of-the-art methods. Point label indicates using point
annotations as supervision while None is the unsupervised setting (no crowd labels
are used). Point (X) indicates the method was trained on dataset X (cross-domain
performance). The best unsupervised method is bolded, and 2nd best is underlined.

The process begins with predicting the locations of individuals using the
pretrained counting network. In particular, the local maxima above a threshold
are potential person localizations, following [40]. These predicted locations are
then used as point prompts to generate new masks using SEEM. To ensure high
recall, we use multiple points to generate more masks and then combine duplicate
masks with Non-Maximum Suppression (NMS). In the subsequent step, these
newly generated masks are combined with the masks from the previous iteration
using NMS. This iterative strategy is particularly e ective in high-density areas,
where it can uncover individuals who may have been missed in earlier iterations.

This approach is visually demonstrated in Figure 3, which shows the e ective-
ness of this strategy in detecting more individuals in densely populated regions.
The overall algorithm is summarized in Algorithm 1.

4 Experiments

In this section, we rst present the experimental settings. Then, we compare
the proposed method with SOTA methods. Finally, di erent components of the
proposed method are evaluated in ablation studies.

4.1 Experimental Settings

Dataset: We evaluate the proposed method on JHU-CROWD dataset [36],
UCF-QNRF [17], ShanghaiTech [53] and UCF-CC-50 [16] datasets. The JHU-
CROWD dataset is a comprehensive large-scale dataset, comprising 4,371 im-
ages. Itis divided into three subsets: 2,722 images for training, 500 for validation,
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Algorithm 1 Unsupervised Crowd Counting with Robust AdaSEEM

Require: SEEM model, unlabeled training images flig
# Generate pseudo-masks with AdaSEEM

fMigi = fSEEM(li)ai . Segment with SEEM
for each imagel; do
s=512

while (uncertain ratioin M; > )and (s 64) do
split 1; into s s patchesfl! g

fI{g = fzoomin(l!)g . Zoom in
fMjg = fSEEM(1})g . Segment with SEEM
fMig= mergeg(fM;g;fM;Q) . NMS
s=s 2
end while
end for
# Generate pseudo-points
fPigi = frobustlocalize(M;)g . Y3.2
# Train counter
Counter = train (fl;g;TM;g;TPig) . Y33
# Iterative refinement
for k2f 1,29 do . Iteration 1&2

# Add new masks using point prompts
for each imagel; do

fPngn = localize(Counter (1;)) . Y34
fMngn = fSEEM(I;; P )on . Prompt w/ points
fMig= merge(fM;g;fMnQ) . NMS
end for
# Generate new pseudo-points
fPigi = frobustlocalize(M;)g . Y3.2
# Train Iteration-  k counter
Counter = train (fl;g;fM;g;fPig) . Y33
end for

return Counter

and 1,600 for testing. The UCF-QNRF dataset includes 1,535 images, with 1,201
designated for training and 334 for testing. The ShanghaiTech dataset is split
into two parts: the ShanghaiTech A, which contains a total of 782 images, di-
vided into 482 for training and 300 for testing, and the ShanghaiTech B, which
includes 1,116 images, with 716 used for training and 400 for testing. UCF-CC-50
contains 50 grayscale images and we use 5-fold cross-validation in experiments.

Training details:  For our experiments, we employ the counting network
architecture from [40], which is based on the VGG backbone [22]. The network
is trained using the Adam optimizer, with a learning rate of 1e-5. We maintain
a batch size of 1 across all experiments to ensure consistent training conditions.
The models undergo training for a total of 100 epochs, allowing for adequate
learning and adaptation to the dataset characteristics. As an unsupervised ap-
proach, we do not use the crowd annotations during training, but instead gen-
erate pseudo-labels from the training images.
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Fig.3: The masks generated from di erent methods. From left to right are: SEEM,
adaptive resolution SEEM (AdaSEEM), and AdaSEEM + Iter. O predictions. In (c),
the new pseudo-label masks are highlighted with blue ellipses.

Fig.4: The comparison of di erent methods across varying density levels of Shang-
haiTech A dataset: low-density (count 300), medium-density (300 < count  600),
and high-density (count > 600).

The parameters! and in our loss function play crucial roles in optimizing
performance. These parameters are set to 100 and 0.01, respectively, based on
the ablation study in Figures 6 and 7. The threshold in AdaSEEM is set to
0.3 according to the experimental result shown in Figure 10.

Metrics: Following previous works [40], we use MAE and MSE as the metrics
to evaluate the counting performance:

1 X ' 1 X
MAE = = ki Vik; MSE = N kyy - yik?; (5)
where ¢ and y are predicted count and the ground-truth count and N is the
number of images.
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