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Chapter 1

Introduction

1.1 Context

Object counting in images is an important computer vision task with numerous applications, including
quality control in production lines, traffic monitoring, agriculture, and medical analysis, among others.
While it may appear straightforward for humans to count a small number of objects in an image, this
task becomes significantly more complex as the number of instances increases and when occlusions, scale
and shape variations are present.

Over the years, with the development of deep learning models, performance on this task has steadily
improved. Recent approaches are now capable of robustly estimating previously challenging scenarios,
providing valuable support by automating this task and reducing human error. However, despite these
advances, counting across diverse categories using a single robust and generalizable model remains a
challenging problem.

1.2 Research Question
Although some methods are able to generalize and count multiple object categories with strong perfor-
mance, several limitations remain, particularly due to object variability in images, the need for large an-

notated datasets with thousands of annotations, and the restriction of many models to specific categories.

This work is guided by the following research question:

To what extent is it possible to design a method capable of counting any type of object based
solely on the visual representation of an image, while remaining robust to scale variations and
occlusions, and without relying on any annotated dataset for training?

1.3 Structure

This thesis is structured as follows.

First, the problem of class-agnostic object counting is introduced, along with an overview of existing
methods and the ways in which these models differ, both in terms of architecture and training strategies.

Next, our proposed method is presented, with a detailed component-by-component explanation.

This is followed by an analysis of the obtained results, a comparison with the state of the art, and an
ablation study highlighting the impact of the different modules introduced in the method.

Finally, a discussion is provided, summarizing the differences with the closest related method, the main
contributions and key takeaways of this work, as well as its limitations and possible future directions.



Chapter 2

Foundations and Prior Work

2.1 Related work

2.1.1 Class-agnostic counting methods
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Figure 2.1: Class-agnostic methods over time. Publication date of notable CAC methods over time.

Class-agnostic counting methods are designed to count objects irrespective of their category and offer
several advantages over traditional category-specific approaches. Unlike the latter, they do not rely on
dedicated annotated datasets for each object category, which are often costly and time-consuming to
collect and annotate. As a result, class-agnostic methods are inherently more flexible and can be readily
applied to unseen object categories without requiring the training of multiple specialized models. Owing
to these advantages, they have attracted increasing attention in recent years, leading to the development
of a wide range of approaches, as illustrated in Fig.

One of the earliest foundation models is the Generic Matching Network (GMN) [15]. This model
formulates the counting task as a matching problem between an exemplar, provided as a bounding box,
and the full image. It aims to learn a density map through a matching module, which is then used to
estimate the number of objects either by integrating the map or by counting local maxima when ob-
jects are well separated. GMN is trained on annotated video data, which provides multiple views of the
same object under varying conditions, facilitating the learning of the matching function. However, when
applied to new categories, the model requires fine-tuning through an adaptation module to adjust the
feature representations to the new domain. This requirement deviates from the class-agnostic paradigm.
Without such adaptation, it has been shown that GMN performs poorly [22].

Nevertheless, GMN laid the foundation for subsequent work. One of the most well-known methods
in class-agnostic counting, FamNet [22], builds upon the ideas introduced by GMN. It reformulates the
problem as a few-shot regression task and proposes an architecture capable of generalizing counting to



arbitrary object categories based on a small number of input examples, leveraging the self-similarity
property of images. FamNet also addresses the issue of dataset availability for training. While previous
methods relied on multiple datasets, each dedicated to a single class, FamNet introduced a new dataset,
FSC-147, which has become a benchmark dataset for class-agnostic object counting.

Subsequent models have extended the work of FamNet. The problem has been explored and improved
along multiple directions. Zero-shot counting methods have also been proposed like VA-Count [27] or
Clip-Count [10], although the best-performing models remain predominantly few-shot approaches [4].
Some methods address also intra-class variability, like RCAC [8], such as differences in shape, color, or
size, while others focus also on improving model architectures, as CACViT [26].

2.1.2 Few-Shot Object Counting
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Figure 2.2: Baseline of a few-shot agnostic object counting model. Given a query image and a
few support exemplars, the model extracts visual features using an encoder and generates a density map
through a trainable deep learning module. Based on this density map, the final object count is predicted.

Many methods addressing class-agnostic counting rely on a few-shot counting paradigm. These ap-
proaches take as input an image containing objects, from which one or several instances of the target
object are selected using points or bounding boxes. Typically, one, two, three, or more examples of the
object can be provided. Increasing the number of examples generally improves performance but also
increases the cost of dataset construction or the time required from the user to provide annotations. As
illustrated in Fig. which represents a baseline few-shot counting method, both the input image and
the provided examples are encoded into an embedding space. These features are then used as input to
a deep learning module that predicts a density map. This density map is subsequently used either to
estimate the object count through an additional module or by directly integrating the values over the map.

Most existing methods build upon this baseline with various improvements. They can be distinguished
in several ways. First, they differ in how the image and examples are encoded into the embedding space.
Some models rely on convolutional neural networks [8, 20, 22, 23], while more recent approaches employ
vision transformers |10} |14} [18} 26} |27]. Second, methods vary in how exemplar templates are represented:
some directly encode the templates through a vision encoder [14, 23, |26], whereas others extract features
from the image feature map itself [8, |18, [22]. Furthermore, models differ in how the density map is
predicted and how it is subsequently used. They also vary in their training strategies: some approaches
jointly train both the vision encoder and the density prediction module [6] (8] 14} |20} [22| |23} [26], while
others train only one of these components [12, 16]. Certain methods, such as CountingDINO [18§], rely on
pre-trained vision transformers trained using self-supervised learning and adopt a training-free prediction
strategy.

A key challenge for these methods lies in intra-class variability among the provided exemplars. Indeed,
instances of the same object may significantly differ in size, shape, or color. As highlighted by RCAC,



this variability can substantially degrade the performance of models such as FamNet making it a central
issue in the design of robust counting methods.

2.1.3 Foundational Vision Models (ViT, DINOv2)

Although traditional models rely on convolutional neural networks (CNNs) to encode images and exem-
plars, recent years have seen the emergence of a different type of encoder: vision transformers. Several
recent models, such as CACViT [26], CounTR [14], UNCounTR [12], and CountingDINO [18], exploit
this architecture and achieve state-of-the-art performance.

Vision Transformer (ViT) Transformer Encoder

1
|
|
MLP I
Head :
|
Transformer Encoder :
|
| :

P Embeaamg > O () @IT] [91[5 : ]
|
|
|
|
|
1

* Extra learnable . .
[class] embedding [ Linear Projection of Flattened Patches ]

EEE 0 e
s —— SN I A

s s P

Embedded
Patches

Figure 2.3: Baseline architecture of a Vision Transformer (ViT). Source: [7]

The input image is divided into fixed-size patches, and each patch is linearly projected into an embedding
vector. An additional learnable embedding token is prepended to represent the global image represen-
tation for classification. Positional embeddings are also added to preserve spatial information, and the
resulting sequence is fed into the Transformer encoder.

Originally introduced in 2021 by Dosovitskiy et al., |7] vision transformers leverage the self-attention
mechanism widely used in natural language processing . Images are treated as sequences of patches
(typically of size 14 x 14 pixels), which are then processed by a standard transformer architecture (see
Fig. . This design enables the model to learn correlations between patches while also extracting local
features at the patch level, leading to general-purpose visual representations.

Among vision transformers, the DINO family of models adopts a self-supervised learning ap-
proach, eliminating the need for large annotated datasets by learning directly from raw images. Training
is based on a student-teacher framework. The student model is optimized during training, while the
teacher model serves as a stable reference. Different augmented views of the same image (e.g., cropping,
inpainting, rotation) are generated and passed through both models: the teacher processes the original
image, while the student processes the transformed views. The objective is for the student to produce
feature representations that are as close as possible to those of the teacher. While the student is updated
through gradient-based optimization, the teacher is updated using an exponential moving average (EMA)
of the student parameters, allowing it to evolve more smoothly and remain stable throughout training.
This joint evolution results in improved representations.

Self-supervised training follows an intra-image learning strategy. First, the DINO loss (see Fig. [2.4])
captures global image information through the classification token. Two different crops of the same image
are fed into the two models, and the objective is to align the resulting classification tokens. Second, the
iBOT loss (see Fig. focuses on local details by masking certain regions of the student input and
requiring the model to predict the representations of the masked patches. Finally, the KoLeo loss acts
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Figure 2.4: Overview of the DINO self-supervised learning loss. Two augmented crops of the
same image are first divided into patches, linearly projected into embedding vectors, and augmented with
a classification token [CLS] before being processed by the student and teacher encoders. The resulting
representations are then compared using the DINO loss based on the classification token, which captures
the global representation of the image. The teacher network parameters are then updated using an
Exponential Moving Average (EMA) of the student network parameters.

as a regularization term by encouraging a more uniform distribution of embeddings in the latent space,
thereby preventing representation collapse and improving diversity.

The combination of these three loss functions enables the learning of both global and local represen-
tations while ensuring a well-structured feature space.

More recent work, particularly on DINOv3 , has introduced new self-supervised learning strategies
and scaling improvements to further enhance model performance.
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Figure 2.5: Overview of the iBOT self-supervised learning loss. Two crops of the same image
are divided into patches and linearly projected into embedding vectors. In the student branch, the
embedding vector corresponding to a selected shared patch is masked before being processed by the
encoder. After encoding, the model predicts the representation of the masked patch, and the loss is
computed by comparing the student prediction with the corresponding teacher patch representation.
The objective is to reconstruct patch embeddings that are as similar as possible to those produced by
the teacher network and so learn local details at patch level. The teacher network parameters are then
updated using an Exponential Moving Average (EMA) of the student network parameters.

We can observe in Fig. [2.6] the robustness and effectiveness of the features learned by the DINOv2
model, where the similarity between objects of the same instance is high, while a clear discrimination is
maintained between objects and regions that do not belong to the corresponding category.
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Figure 2.6: High-resolution dense features. Cosine similarity map between several patches (marked
with a white cross) and the entire image (with a resolution of 2520 % 2520). This results in a map where
high-intensity regions correspond to areas most similar to the selected patch.

2.2 Background & Preliminaries

2.2.1 CountingDINO

CountingDINO was the first method, introduced in 2025, to propose a fully training-free pipeline
for class-agnostic object counting based on a self-supervised, vision-only backbone, namely DINOv2 .
This approach is particularly interesting because, unlike more traditional methods, it does not require
training on large annotated datasets containing thousands of dot annotations and bounding boxes. Such
requirements considerably limit the scalability of existing models and may also hinder their ability to
generalize across different scenarios.

Instead, CountingDINO relies on a backbone trained through self-supervised learning, thereby avoid-
ing dependence on extremely large annotated datasets such as ImageNet . Furthermore, by removing
the training stage associated with density map prediction, the method provides a more flexible and gen-
eralizable framework for object counting across previously unseen categories.

3
g
g

Rol Align

Figure 2.7: Overview of the CountingDINO pipeline. Source : |\

As illustrated in Fig. the method relies on extracting a feature map from the image using DINOv2,
followed by a ROI alignment of the features in order to perform a convolution between each template
and the feature map. A post-processing stage is then applied, where the convolution maps obtained from
the different templates are aggregated by averaging the three resulting maps.

A normalization coefficient is subsequently computed according to the following principle. Since each
provided bounding box is known to contain an instance of the target object, the values of the convolu-
tion map within these regions are summed, and the average of the three obtained sums is used as the
normalization coefficient.

Finally, before estimating the object count by summing all pixel values of the final density map, a
thresholding step is applied. This step relies on the assumption that the contribution of the weights
within a template is spatially uniform. Considering the largest provided template, the threshold is there-
fore defined as the inverse of the template area expressed in number of patches.
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Figure 2.8: Examples of CountingDINO results on the FSC-147 dataset. The input image and
provided templates are shown at the top, while the resulting density map along with the final count
prediction is displayed at the bottom.

A closer examination of the results obtained by CountingDINO in Fig. 2.8| shows that, although the
method is able to provide an approximation of the number of objects, it remains relatively distant from
the ground truth in several similar cases. It is also observed that the final density map is difficult to
interpret visually for a human observer; for instance, in the case of eggs, it is not straightforward to infer
the position of each individual egg solely from the map. In some examples, a correct peak appears at
each object location, but a significant amount of surrounding noise is also present.

CountingDINO has opened a promising direction by introducing a method relying exclusively on
features extracted from a self-supervised vision-only backbone. However, these features may potentially
be further refined in order to obtain more visually consistent and relevant results.

2.2.2 Graph-Cut

In computer vision, a recurring problem consists in assigning a label to each pixel of an image. For
instance, in segmentation, a pixel is labeled depending on whether it belongs to an object or not. In
object counting, a similar formulation can be considered: given similarity maps and provided exemplars,
each pixel can be assigned either to the background or to the most visually similar exemplar. To address
this problem, Boykov proposed Fuast Approximate Energy Minimization via Graph Cuts in 2001 , a
method that assigns labels by minimizing an energy function while enforcing spatial smoothness in label
transitions between neighboring pixels, thereby reducing noise in the labeling process.

Indeed, an object may be visually similar to the provided exemplars; however, a labeling based solely
on similarity between the given exemplars can introduce significant noise, leading to large variations of
labels across pixels. The approach of Boykov mitigates this issue while preserving sharp transitions in
regions with strong discontinuities, such as object boundaries.

12



The labeling problem is formulated as an energy minimization problem of the form:

E(L) = Z Dp(Lp) + Z qu(Lpan),

peP (p,q)EN

where L denotes the labeling of all pixels, L, the label assigned to pixel p, P the set of image pixels, and
N a neighborhood system defined over adjacent pixels.

The term D,(L,) is the data term, representing the cost of assigning a label to pixel p. The term
Vpg(Lp, Lq) is the smoothness term, which encourages spatial consistency by penalizing label changes
between neighboring pixels. Direct minimization of this energy is generally NP-hard. Boykov therefore
proposed an approximate optimization algorithm based on graph cuts, in particular the a-expansion
algorithm. At each iteration, a label « is selected, and each pixel is allowed either to keep its current la-
bel or to switch to a, thereby reducing the multi-label problem to a sequence of binary optimization steps.

Figure 2.9: Graph cut formulation for multi-label energy minimization. Source: [19]

Each column represents a pixel (variable) connected to a set of possible labels. A valid solution is obtained
by cutting the graph such that each column is separated at a specific label level; the position of the cut
determines the assigned label for that pixel. In this example, the resulting labeling is given by: X1 =11,
X2=12, X3=13, X4=13, X5=12.

The problem is then formulated as finding a minimum cut in a graph. Each pixel corresponds to a
node, and edges encode either data costs or smoothness costs. The former connect nodes to terminal
nodes, while the latter connect neighboring nodes as represented in Fig. [2.9] The optimal cut partitions
the graph into regions that are coherent in terms of labels, where each pixel is assigned the label of the
segment to which it belongs. An example of label refinement via a-expansion optimization is shown in
Fig. 2.10] This formulation enables robust and spatially coherent label assignment, making it particu-
larly well suited for refining noisy similarity maps in vision tasks such as segmentation or object counting.
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(a) (b) (c) (d)

Figure 2.10: Label refinement using graph-cut optimization. Source: [3]

Tllustration of graph-cut optimization for label refinement. (a) Initial labeling, typically noisy or coarse.
(b) Effect of a local update on a single pixel assignment. (c¢) Example of a strong move allowing multiple
pixels to change labels jointly, leading to larger coherent regions. (d) Final labeling after optimization,
showing improved spatial consistency and smoother region boundaries.

14



Chapter 3

Methodology

3.1 Overview

Center Patch
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o @ )
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Figure 3.1: Overview of the proposed pipeline. Given an image and N templates, DINOv2 features
are extracted. Central patches are used to compute similarity maps, while ROI-aligned template features
serve as convolutional kernels to produce convolutional maps. The resulting maps are aggregated and
post-processed into a density map for object counting.
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Our objective is to accurately estimate the number of occurrences of a given object in an image based
on a limited set of examples of that object. These examples are provided as template regions directly
extracted from the input image. The model must then generalize from these templates in order to count
all similar occurrences present in the image, without requiring a dedicated annotated dataset for training.
This task is particularly challenging due to potential variations in object appearance, such as changes in
scale, shape, and color. To address these challenges, our approach aims to build a robust and generaliz-
able method based on the representation of the image.

To achieve this, we rely on representations extracted by DINOv2 [17], a pre-trained Vision Transformer
model that generates image representations in the form of features. Based on these representations, we
propose a multi-step processing pipeline designed to effectively leverage these features. The objective
of this pipeline is to produce a density map, i.e., a map indicating the probability of object presence at
each spatial location in the image. Integrating this map then allows an estimation of the total number
of objects.

An overview of the proposed pipeline is shown in Fig. The following sections describe each
component of this approach in detail.

3.2 DINO feature extraction

Let the input image be I € RE*XWX3 where H and W denote the image height and width, respectively.

The image is fed into the DINOv2 model f(-). The output f(I) produces a dense feature map F €

15



RHFnew XWoewXD " where Hyow = m, Whew = m and D corresponds to the dimensionality of
the feature embeddings.

The input image must be compatible with the model’s patch size so that DINOv2 can divide it into
patches of size patch_size x patch_size, here the patch_size is equal to 14. Each image is first resized to a
resolution of 840 x 840 pixels at the beginning of the process. However, if one of the provided exemplars
is considered too small (i.e., with an area of less than 9 patches in the feature map), the resolution is
increased to 1680 x 1680 in order to obtain a higher-resolution representation and finer object features.
Each element of F' therefore represents a feature vector associated with a specific patch of the input
image.

3.3 Similarity Map

The strength of DINO-based models lies in their ability to produce robust feature representations, cap-
turing high-level properties such as object parts and scene geometry, regardless of the image domain [17]
24]. By analyzing the similarity between the central patch of a given template and all other patches
in the feature map F, we observe in Fig. a high similarity with objects of the same type, despite
variations in size, shape, or color. However, color differences appear to be less discriminative compared
to other visual attributes.

Moreover, these similarity patterns reveal an implicit segmentation of the objects of interest, which
we leverage in our approach. For each template t;, we extract its central patch representation x;, where
i indexes the N exemplar templates provided. We then compute the cosine similarity between x; and
all patches in F, resulting in N similarity maps SimMap, € Rnew*Wnew where each entry encodes the
similarity between a spatial patch and the corresponding template center.

20008 44
dBBT* 00

Figure 3.2: Illustration of cosine similarity maps. The top row presents the original images with
the given exemple (template), while the bottom row shows the corresponding cosine similarity maps
computed by comparing each patch to the central patch of the selected region.

As shown in Fig. [3.3] each template provides complementary information regarding similarity across
the image. In particular, smaller objects tend to exhibit higher similarity with templates of similar
scale, while larger objects respond more strongly to templates matching their size. To aggregate this
information, we construct a final similarity map S € RnewXWnew defined as

S;; = max (SimMap,, (4, j)) .

This operation allows us to retain the strongest similarity response at each spatial location, effectively
combining information from templates of different scales and shapes.

16



Figure 3.3: Comparison of cosine similarity maps obtained using different templates. The first
row shows the original image with three regions of interest (templates). The second row presents the
corresponding cosine similarity maps computed for each template by comparing each patch to the central
patch of the selected region. The third row shows the final aggregated similarity map.

However, as illustrated in Fig. each object is not always best represented by the most visually
similar template. A closer analysis shows that similarity scores across the different maps are often very
close for a given object, making it difficult to clearly associate a patch with a specific template. This
ambiguity becomes problematic in the context of density-based counting, where each pixel contributes to
the final object count.

Figure 3.4: Template matching using cosine similarity. From left to right: original image with
template, similarity map, and thresholded color map (cosine similarity > 0.5). In the color map, each
pixel is assigned the color of the template that achieves the highest cosine similarity score at that location.
The results show that dominant responses are not necessarily associated with templates of matching size.

In such approaches, a density map assigns a weight to each spatial location, and the total count is
obtained by integrating over this map. Ideally, objects of different sizes should contribute equally to the
final count. However, without additional information, smaller objects may contribute less than larger
ones due to their reduced spatial extent.

Therefore, it is desirable to distinguish objects based on their scale and assign appropriate weights

17



to ensure consistent contributions across different object sizes. While the similarity map provides valu-
able information—such as implicit object segmentation, background discrimination, and robust similarity
scores despite variations in appearance—it lacks the necessary cues to properly normalize object contri-
butions.

In summary, although the similarity map captures essential structural and semantic information, ad-
ditional mechanisms are required to assign accurate weights to each object and achieve robustness to
scale variations.

3.4 Convolutional Map

CountingDINO [18], an unsupervised and training-free class-agnostic object counting method, relies on
a convolutional map that acts as a heatmap, indicating the likelihood of object presence at each spatial
location. This map provides complementary information to similarity-based approaches by emphasizing
spatial activation patterns associated with the target objects.

In this stage, we construct a set of convolutional maps that measure the similarity between the global
feature representation and each template. For each template t;, defined by a bounding box b;, we first
extract a corresponding feature representation using ROI alignment:

R; = ROIAlign(F, b;) € RFixkix¢

where k; is the predefined output size representing the template’s size. This operation preserves spatial
alignment by sampling features from the feature map F'.

Each extracted feature R; is then used as a convolutional kernel applied over the feature map F.
Formally, we compute:

ConvMap, = Conv2D(F, R;) € RUlnew kit 1)x (Waew—ki+1)

where the convolution operation measures the similarity between the template representation and all
spatial locations in F.

This process is repeated for all N templates, resulting in a set of convolutional maps {ConvMap, }
Each map highlights regions that exhibit strong correspondence with a particular template in terms of
appearance and structure.

These convolution maps can be interpreted as spatial response maps, where higher values indicate a
stronger match between the local feature representation and the template. As illustrated in Fig. they
provide coherent and localized activations over the objects of interest.

N
i=1"

Following the same principle as for the similarity maps, we construct an aggregated convolution map
C € Rffnew*Waew - Since each ConvMap, has a spatial support that depends on the size of its corresponding
template, the resulting maps may have different effective receptive fields. To ensure spatial alignment, we
resize each convolution map to match the original feature map resolution. This is achieved by applying
zero-padding, which allows us to preserve the localization of high-activation regions with respect to the
original image. We then define the aggregated convolution map as:
Cij = max (ConvMaprQSized(i, ])) .

n

By analyzing the color map of C in Fig. [3.6] we observe that regions of high intensity are well aligned
with the most similar templates. In addition to this aggregated map, we extract local maxima from
C using a peak detection method (e.g., peak-local max). We then filter these maxima by applying a
threshold on their intensity values, retaining only the most significant responses. This set of filtered local
maxima allows us not only to localize regions of high activation in the convolution map, but also to
associate each region with the template that produced the strongest response.

We therefore obtain two maps, S and C, which both contain rich information derived from the feature
map F. These maps provide an estimate of the likelihood of object presence at each spatial location.

18



Figure 3.5: Feature-space template matching and aggregation. The first row shows the input
images along with the selected template. The second row presents the corresponding convolution re-
sponse maps. The third row shows the aggregated response map obtained by combining the individual
convolution maps (e.g.,via max pooling).

The similarity map S offers a good implicit segmentation of the objects, while the convolutional map C
provides information about which template best matches each region. The next step is thus to perform
a post-processing of these two maps in order to construct the final density map.

3.5 Density map

Both information maps S and C have to be leveraged. The final objective is to associate a normalization
coefficient specific to each template. Intuitively, each template should contribute equally to the counting
process regardless of the object scale. Therefore, a dedicated normalization coefficient is required for
each template to compensate for scale-dependent variations in the similarity responses. Consequently,
the construction of the density map is formulated as a labeling problem , where each object is assigned
to the template it is most similar to, in order to ensure a consistent association between objects and their
closest template representations.

The goal is for each apple in the colormap to be best represented by the label of the corresponding
template in terms of size, while also correctly identifying the background. This therefore corresponds to
an N + 1 labeling problem, involving the N templates and the background.

The graph-cut framework is formulated as the minimization of the following energy function:

E(L)=Y Dy(Ly)+ Y. V(L Ly), Ly€L={0,1,...,N},
peEP (P, a)EN

where P denotes the set of pixels, N the set of neighboring pixel pairs, and £ the label space composed
of N object templates and one background label.
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Figure 3.6: Template matching via convolution. From left to right: original image with template,
convolution response map, and thresholded color map (response > 0.5). In the color map, each pixel is
assigned the color of the template that achieves the highest cosine similarity score at that location. Local
maxima of the convolution map are indicated with a white cross. The locations of maximum response
are consistent with the reference template, indicating effective detection of similar structures.

The data term for object labels is defined as:

Dy(1) = (1 = s1(p)) + caist in lp —ml2, ¥le{0,...,N—1},

where s;(p) denotes the similarity score between pixel p and template I, M; represents the set of local
maxima associated with template [, and the coefficient agis; iS a normalization factor used to scale the
Euclidean distance term to the range [0, 1].

For the background label, the data term is defined as:

D,(BG) = (1 — bg_prob(p)) + aaist renjgll [p —m|2 + (1 — conv_map(p)),
m all

where bg_prob(p) is the background probability, M.,; denotes the union of all local maxima, and
conv_map(p) is the score obtain on the convolution map for the pixel p. The parameter 7y controls
the contribution of this additional constraint.

The smoothness (regularization) term is defined as:

0 if L, =L,

A otherwise,

V(Lp7Lq) = { V(p, Q) S Na

where A controls the penalty for label discontinuities between neighboring pixels.

As shown in Fig. background detection is highly accurate, eliminating the need for thresholding
to identify apples in the color map thanks to the introduction of an explicit background label. In
addition, the regularization term promotes spatial smoothness between labels, effectively reducing noise
and producing coherent regions. The data term further ensures that the correct label is consistently
assigned to each apple, resulting in robust segmentation performance.

3.6 Post processing

Once the density map has been correctly labeled, we exploit the available prior information. We consider
N different templates, each assumed to correspond to a single object. For each template, we compute
a normalization coefficient by summing the pixel values of the cosine similarity map within the regions
assigned to that template. Before summation, the background pixels are set to zero using the label map
obtained via graph cut segmentation. This procedure yields a distinct normalization coefficient for each
template.

Next, we iterate over all pixels of the similarity map and normalize each pixel value by the coef-
ficient associated with its corresponding label in the graph cut segmentation. For greater accuracy, if
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Figure 3.7: Comparison of threshold-based and graph-cut approaches for labeling. The first
two maps are obtained by applying a threshold (> 0.5) to cosine similarity and convolution responses,
respectively. The final result is computed via graph cut energy minimization without thresholding,
yielding a more globally consistent and spatially coherent segmentation.

all templates are of similar sizes, we simply take the average of the sums as the coefficient. Finally, all
normalized pixel contributions are summed to obtain the final object count prediction.

pommes_size.png

Final output — t: 10.2
Similarity map Conv map (11 maxima) inal output — coun

Input + Templates

Figure 3.8: Overview of the complete pipeline for template-based density estimation and
counting. The first row illustrates the progression from input image with templates, to cosine similarity-
based matching map, convolution-based responses map, and final density map. The second row shows
the corresponding thresholded color maps (threshold > 0.5) and the final labeling obtained via graph cut
optimization.

As shown in Fig. the predicted value of 10.2 is consistent with the observed density map. Indeed,
8 out of 9 apples are correctly assigned to their corresponding labels, which theoretically corresponds
to 8 objects. One apple (a medium-sized one) is assigned to the label of a small apple. Since the scale
ratio between these two categories is approximately 2, a medium-sized apple corresponds to two small
apples. As a result, this instance contributes two objects instead of one, leading to a final estimate of
approximately 10 apples.
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4416.jpg GT=13 Pred=17.0 [HD=1680px | LM-fallback (peaks=17, density=53.6)]

Similarity map Conv map (17 maxima) Final pred=17.0 gt=13 err=30.8%
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Figure 3.9: LM-Fallback usage example. From left to right: the input image with exemplar templates,
the similarity map, the convolution map with detected local maxima (crosses), and the final density
prediction after Graph-Cut refinement. Each time presented with their respective color map

3.7 LM-Fallback

A limitation arises when there is a large variation in template sizes combined with the presence of very
small templates. As illustrated in Fig. [3.9] templates T; and T» have areas smaller than 196 pixels.
Consequently, after the image is divided into patches, these templates are entirely contained within a
single patch. During the construction of the convolution map, the convolution operation involving such
small templates becomes significantly less restrictive than the convolution using a normally sized template
such as T7. As a result, these small templates produce both high similarity scores and high probabilities
of presence at many object locations throughout the image. During the graph-cut stage, objects are
therefore predominantly associated with these small templates. Because of their corresponding coefficients
are small, the resulting values in the density map become excessively large, leading to an overestimated
prediction of 53.6 balloons. To address this issue, the number of local maxima is used directly as the
final prediction in such cases. When the image is processed at high resolution, the convolution map alone
provides a reliable estimation of both object presence and localization through its local maxima.
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Chapter 4

Experiments and Results

4.1 Evaluation Protocol

4.1.1 Datasets
FSC-147

2000
1750
91500 Annotation type
g Dataset Images Categories Dot Bounding Box
1250
; UCF CC 50[15] 50 1 s X
i 10040 Shanghaitech [55] 1198 1 v X
E UCF QNRF [16] 1535 1 Vs X
g™ NWPLU [29] 5100 1 v x
- THU Crowd [43] 4372 1 / 7/
CARPK [11] 1448 1 Vs s
50 Proposed 6135 147 ' v
1-10 10Z0 20-50  50-100 100-3000 =300 ., i i
Number of objects in an Image {c) Comparison with popular counting datasets.

(a) Image categories and number of im- (b) Number of images in several ranges of
ages for each category in our dataset. object count.

Figure 4.1: Statistics of the FSC-147 datasets. Source: Presentation of the categories and
the number of images included in each of them, the number of objects and comparison with other object
counting datasets.

Originally, Viresh Ranjan et al. introduced the FSC-147 dataset in response to the lack of datasets
specifically suited for class-agnostic object counting. Most existing datasets focused on a single object
category, such as cars, animals, cells, or people, while datasets containing multiple categories were not
necessarily appropriate for evaluating class-agnostic counting methods. In particular, they often lacked
images exhibiting strong variations in object shape or appearance, significant occlusions, or a sufficiently
large number of instances. Indeed, object counting aims to automate complex counting tasks, whereas
humans can easily count objects when only a few instances are present in an image.

The dataset was constructed from images collected from web sources such as Flickr, Google, and
Bing. The authors first selected a set of diverse object categories and then retrieved corresponding im-
ages while applying filtering criteria to ensure high image quality, limited appearance variation, and a
minimum number of object instances per image (at least seven). The resulting dataset contains 6,135
images distributed across 147 object categories, with an average of 56 instances per image, as illustrated
in Fig. Representative examples of images from the FSC-147 dataset are shown in Fig.

To suit the object counting task, each image is provided with dot annotations for every object in-

stance used to generate ground-truth density maps and compute the counting loss during training, along
with three exemplar bounding boxes used for few-shot object counting. The dataset is divided into three
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Figure 4.2: Examples from the FSC-147 dataset.

splits: 89 object categories for training and 29 categories each for validation and testing. This split
ensures that, at every stage of the evaluation process, the model is tested on unseen object categories,
thereby preserving the class-agnostic setting. Since its introduction, FSC-147 has become a fundamental
benchmark for class-agnostic object counting and a standard basis for comparing models @

16, 15, 20, 22, 23]

FSCindu

The FSC-147 dataset is primarily composed of everyday objects, such as fruits, animals, or cosmetic
products. However, it is also relevant to evaluate counting methods on datasets with a more industrial
setting, where images are acquired in a more uniform manner and objects are more clearly distinguish-
able. The FSCIndu dataset was introduced by Nicolas Bourez for this purpose. It consists of 591
images distributed across 51 categories.

Figure 4.3: Examples of the FSC-indu dataset.

First, a subset of images from the FSC-147 dataset was selected (297 images from 46 categories).
These images correspond to scenes where objects are clearly distinguishable. In addition, high-resolution
images (1920x1920) of nuts, pins, screws, nails, and capacitors are included, together with augmented
versions of these images. This industrial subset contains 294 images across 5 categories, as illustrated in

Fig. [L.3]

Images from this dataset are therefore technically easier to analyze due to the reduced noise and
simpler backgrounds. However, they may still present challenges for counting methods because of aligned
object arrangements, high object density, and the presence of very small and repetitive objects, which
require finer precision.
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4.1.2 Metrics

We primarily rely on the Mean Absolute Error (MAE) and the Root Mean Squared Error (RMSE) to
compare our method with state-of-the-art approaches. The MAE is defined as the main evaluation metric
commonly used for comparing counting models [6} |8-10, 1214}, {16} |18} |20} 22, 23], while RMSE provides
additional insight into the robustness of the predictions under larger errors. The MAE is defined as:

| X
MAE:NZW*%\,

i=1

where g; and y; denote the predicted and ground-truth object counts for image 4, respectively.
The RMSE is defined as:

N
1 N 2
RMSE = N Z; (9 —vi)™.

In addition to these standard metrics, the method was further analyzed across different density ranges
in order to evaluate their impact on the results. For each density interval, the MAE and the median NAE
were computed, where the Median Normalized Absolute Error (MedNAE) corresponds to the median of
the Normalized Absolute Error (NAE) over the dataset. The NAE for a single image is defined as:

NAE,; = |y _yi‘7
Yi
where y; and ¢; denote respectively the ground truth and predicted counts for image i. The MedNAE is

then computed as:
MedNAE = median(NAE;).

4.1.3 comparaison with SOTA

To quantitatively evaluate our approach, we adopt the experimental settings of CountingDINO [18]
and Nicolas Bourez [2|. CountingDINO reports results on several supervised state-of-the-art methods,
including FamNet [22], RCAC [8], BMNet+ [23], CounTR [14], LOCA [6], PseCo [9], CACVIiT [26], and
DAVE [20]. Tt also includes training-free methods such as TFPOC [13] and OmniCount [16], which,
similarly to our approach, do not rely on a deep learning network for density map prediction, although
they are based on supervised backbones for feature extraction. In addition, results for UnCounTR and
UnCounTRv2 [12] are reported; these methods are unsupervised and based on DINO models, but they
are not training-free as they train an additional network to predict the density map. We also compare our
method with CountingDINO which employs a DINOv2 ViT-L/14 backbone with registers, comprising
300M parameters, whereas we use a ViT-B/14 with registers with 86M parameters [17]. Regarding the
FSCIndu dataset, we restrict our comparison to previously mentioned supervised class-agnostic counting
methods as well as CountingDINO.

4.2 Quantitative Results

4.2.1 Results on the FSC-147 dataset

The results of our method on the FSC-147 dataset, together with those of competing approaches, are
presented in Table Although our method is both unsupervised, relying directly on a pre-trained unsu-
pervised vision transformer without additional supervision, and training-free, requiring no deep learning
module for density map prediction, it achieves highly competitive results compared to state-of-the-art
methods.

First, our approach outperforms the previous state-of-the-art unsupervised and training-free method,
CountingDINO. Although the overall results remain relatively close, a significant improvement can be
observed in terms of RMSE on the test split of the dataset. This indicates that our method tends to
produce smaller errors and fewer outliers than CountingDINO.

Compared to unsupervised but non-training-free approaches, such as UnCounTR, which relies on a

trained CNN to predict a density map from the feature map and encoded exemplars, our method sub-
stantially improves both MAE and RMSE on the validation and test splits. These results demonstrate
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Validation Test
Method Unsup. Training-Free MAE | RMSE| MAE | RMSE |

FamNet (CVPR '21) [22 P x 2375 69.071 22081  99.547
RCAC (ECCV 22) [8 X X 2054 60.78%  20.21  81.867
BMNet+ (CVPR ’22) |23] X X 15.74 58.53 14.62 91.831
CounTR (BMCV *22) [4 X X 1313 4983 1195  91.231
LOCA (ICCV '23) [6 X X 1024 3256 1079 56971
PseCo (CVPR '24) [0 X X 1531 68347  13.05  112.867
CACVIT (AAAI 24 [26 X X 1063 3795 913  48.967
DAVE (CVPR '24) [20] X X 891 2808 866 3236
“TFPOC (WACV 24) 13 x v - - - 1995 132161
OmniCount (AAAT ’25) [16] X v 18.63  112.98%

UnCounTR (CVPR ’24) [12] v X 36.93T  106.611  35.777  130.347
UnCounTRv2 (CVPR 24) [12] v X -

" CountingDINO (WACV 26) |18 v v/ 4229 87.87  30.05 903
CountingDINOv2 (WACV '26) [18] 9548  57.38 2093  71.37

Our method 24.8 59.27 20.91 47.9

ANENEN
ANENEN

Table 4.1: Comparison with state-of-the-art methods on the FSC-147 dataset. Methods are
grouped according to whether they are unsupervised and training-free. The best-performing method
within each partition is underlined, while the best unsupervised and training-free method is highlighted
in bold. Metrics from methods that are supervised and/or not training-free and still perform worse than
our approach are marked with 1.

that highly effective counting performance can be achieved directly from frozen vision representations
without requiring task-specific training for density prediction.

Regarding supervised methods such as Omnicount and TFPOC, which rely on supervised backbones
such as CLIP [21] or SAM [11], our method achieves slightly lower performance in terms of MAE but
significantly reduces the RMSE. This suggests that, although supervised methods may slightly improve
average accuracy, our approach better handles difficult cases such as occlusions or ambiguous exemplars,
leading to more stable predictions.

Finally, when compared to more traditional supervised methods specifically trained for object count-
ing, our approach remains highly competitive. In particular, it challenges FamNet, one of the foundational
and simplest object counting models, and achieves lower RMSE values, further demonstrating its ability
to handle the most difficult cases. In terms of MAE, our results approach those of FamNet and RCAC,
showing that, despite relying on an unsupervised backbone and a training-free framework, our method
can effectively compete with supervised approaches, highlighting the effectiveness of leveraging pretrained
vision transformers as strong feature extractors for training-free counting.

Let us now analyze Fig.[£:4] First, a certain consistency can be observed across the histograms regard-
less of density. All histograms exhibit a similar shape, with a tendency toward higher values on the right
side of the curve. This indicates a degree of stability in the method, which largely avoids catastrophic
errors exceeding 100% and generally produces predictions within a moderate error range.

When examining the evolution of MedNAE across density intervals, we observe a gradual increase up
to the 50-100 interval, from 18% in the 7-10 range to 32.4% in the 50-100 range, followed by a decrease
to 27.5% and 22.6% for the 100-300 and >300 ranges, respectively. This trend is consistent with the
increasing difficulty of the counting task. The subsequent decrease may reflect the model’s ability to
smooth predictions and better approximate high-density images, likely due to more regular density maps
with fewer variations between instances.

By comparing MAE and MedAE, we observe that MAE is consistently higher than MedAE, with
larger gaps in high-density ranges (100-300), where MAE reaches 50.76 versus a MedAE of 40.39, and in
the >300 range, where MAE is 154.73 compared to a MedAE of 86.68. This discrepancy is attributable
to the presence of certain outlier images that degrade the overall performance.
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Figure 4.4: Distribution of relative prediction errors per density object counts on the FSC-
147 dataset’s test split. Images are split by ground-truth count. Each histogram uses a log-scaled
x-axis; dashed lines mark the mean (MNAE) and median (MedNAE) relative errors, with absolute MAE
and MedAE reported in the inset.

In low-density ranges (7-10), the MedNAE of 18% may appear high; however, it should be noted that
in such cases, an error of a single object already corresponds to approximately 20% NAE. It is also impor-
tant to highlight that MAE and MedAE remain almost identical (1.76 and 1.61), indicating the absence
of outliers and an average error of 1.76 objects, which remains relatively precise. In contrast, the 10-20
range appears more problematic, exhibiting the highest MedNAE (48.2%) and the presence of outliers
exceeding 1000% error, which may be due to poorly defined examples, as discussed in subsequent sections.

Overall, outliers remain relatively rare across the dataset, which is indicative of the robustness of the
method. They are absent in extreme density ranges such as 7-10 and >300, and are mainly concentrated
in the 10-20 range, suggesting the existence of a subset of images within this interval that is particularly
challenging for the model.

In conclusion, the method appears stable and consistent in its predictions, achieving low errors in both
low- and medium-density settings, while also being capable of smoothing and accurately approximating
high-density images. The consistently lower median error compared to the mean further confirms the
presence of a limited number of outliers in the dataset.

4.2.2 Results on the FSCindu dataset

The comparison of state-of-the-art methods on the FSCIndu dataset is reported in Table[£:2] Our method
achieves an MAE of 14.64, outperforming CountingDINQO, which obtains an MAFE of 18.47. This highlights
the ability of our model to better exploit the features provided by DINO, as well as its robustness and
improved accuracy in the final density map estimation on more industrial and therefore less complex
images.

In comparison with supervised CAC methods such as FamNet, BMNet+, and PseCo, our approach
achieves superior results, which is particularly encouraging given that it does not rely on supervised
training for object counting. This suggests that competitive performance can be obtained with a fully
training-free approach, opening perspectives for leveraging features produced by vision transformers that
learn directly from images without annotations.

More recent state-of-the-art models, such as CounTR, CACViT, and LOCA, achieve better perfor-
mance than our method, with MAE values decreasing to 6.74.
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Method

FamNet (CVPR '21)

BMNet+ (CVPR 22)
PseCo (CVPR '24) [@
CounTR (BMCV '22)
CACVIT (AAAT '24)

LOCA (ICCV "23)

Unsup. Training-Free

Our method

Table 4.2: Comparison with state-of-the-art methods on the FSCindu dataset. The best
supervised method is underlined, while the best unsupervised and training-free method is highlighted in
bold. Metrics from supervised methods that still perform worse than our approach are marked with 1.

gt €[10 - 20] — n=118

[ MNAE = 26.7%

MedNAE = 22.9% 354
5% threshold

== 100% threshold

gt €[1-10] — n=29 gt €[20 - 50] — n=234

— = MNAE =28.8%
MedNAE = 21.5%
5% threshold

~+-+ 100% threshold

— = MNAE =18.2%
MedNAE = 14.4%
5% threshold
100% threshold

MAE =875
MedAE = 6.68

MAE =380
4 |Medat = 3.02

MedAE = 1.19 1
1

15.04

N
&

1
I
1
1
1
1
1
1
12.54 1
1
1
1
1

N
S

1
1
1
1
i
1
I 10.0 4
I

I

I

Nombre d'images
Nombre dimages
Nombre d'images

—
G

7.51
5.0 4 10

254

0.0

10%

1%

10%
Erreur relative (%)

gt €[50 - 100] — n=134

100%

1% 10%

Erreur relative (%)

gt € [100 - 300] — n=69

100%

0%

1%

Erreur relative (%)

gt €[> 300] — n=6

16 | [MAE =19.82 --

MedAE = 17.90

MNAE = 20.6%
MedNAE = 24.0%
5% threshold

-+ 100% threshold

MAE = 4217
MedAE = 35.00

MNAE = 24.2%
MedNAE = 19.2%
5% threshold

+++ 100% threshold

MAE = 90.06
MedAE = 23.58.

~+ 100% threshold

MNAE = 19.9%
MedNAE = 6.7%
5% threshold

0.8

.
1S3
o

IS
Nombre d'images

Nombre d'images
)
Nombre d'images

o

0.0

0% 1% 10%

Erreur relative (%)

1% 10% 100%

Erreur relative (%)

0% 1% 10% 100%

Erreur relative (%)

100%

Figure 4.5: Distribution of relative prediction errors per density object counts on the
FSCindu dataset. Images are split by ground-truth count. Each histogram uses a log-scaled x-axis;
dashed lines mark the mean (MNAE) and median (MedNAE) relative errors, with absolute MAE and
MedAE reported in the inset.

By observing Fig. we note that the histograms remain consistent and similar across density ranges,
indicating a degree of homogeneity in the results regardless of the density interval.

First, when comparing the MedNAE across density bins, the method performs better overall com-
pared to the results on the FSC-147 dataset, particularly in the intermediate ranges (20-50 and 50-100).
Unlike previous results, where a monotonic increase in MedNAE was observed up to a certain density
range followed by a decrease, this dataset exhibits relatively stable MedNAE variations (between 14.4%
and 24%). This suggests a more homogeneous dataset in terms of difficulty. Indeed, industrial-type
images contain less complex backgrounds and fewer objects with appearances no similar to the target
instances. A clear improvement is also observed for high-density cases (>100).
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Regarding the gap between MAE and MedAE, it is significantly smaller than in the previous dataset.
For instance, we obtain MAE and MedAE values of 1.38 and 1.19 for densities in the 1-10 range, 3.8
and 3.02 for 10-20, 8.75 and 6.68 for 20-50, and 19.82 and 17.90 for 50-100. This reflects consistent and
robust performance without the presence of strong outliers or highly erroneous predictions. For higher
densities, however, a larger gap is observed, indicating the presence of cases where the prediction deviates
significantly from the ground truth.

Overall, this dataset yields more favorable results, which can be attributed to the nature of industrial
images, reducing the number of outliers. Performance improves across all density ranges, and the method
consistently demonstrates an ability to smooth and accurately approximate predictions in high-density
scenarios (>100).

4.3 Qualitative Results

Regarding the qualitative results, Fig. [4.6] which presents successful cases, highlights three main patterns
of favorable predictions.
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Figure 4.6: Qualitative results (successful cases) on the FSC-147 and FSCindu datasets. On
the left, the input images are shown along with the provided exemplar templates and the ground truth
(GT). On the right, the corresponding predicted density maps are displayed, together with the final count
estimation. Local maxima are highlighted with crosses on the density map, indicating the predicted object
locations.

Regular Object Layouts. In the first row, the method achieves nearly perfect predictions for objects
that are well aligned, free of occlusions, and of medium size within the image, despite variations in size
between the provided templates.
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2920.jpg GT=13 Pred=13.0 RelErr=0.3

Input + Templates

Figure 4.7: Qualitative visualization on the FSC-147 dataset (stamp example). From left to
right: the input image with exemplar templates, the similarity map with dominant template assignments,
the convolution map with detected local maxima (crosses), and the final density prediction after Graph-
Cut refinement.

Fig. [4.7] presents a closer examination of the stamp image results. First, the similarity map shows
highly accurate object segmentation directly from the extracted features, with strong similarities concen-
trated exclusively on the stamps. Then, using the convolution map and its local maxima, the graph-cut
method successfully identifies both the background and the correspondence between each object and the
most visually similar template. Consequently, the coefficient computed for each template is consistently
assigned to objects of matching size and shape, leading to more accurate predictions.

Handling Small Templates and Scale Imbalance. The second row of Fig. [£.0] illustrates cases
where both a small template, causing the image to be processed in HD mode, and large variations
between templates are present. In these situations, the LM-Fallback strategy is used for prediction, pre-
venting overestimation caused by the dominance of the smallest template.

977.jpg GT=165 Pred=164.0 RelErr=0.6 [HD=1680px | LM-fallback (peaks=164, density=270.5)]

Figure 4.8: Qualitative visualization on the FSC-147 dataset (bird example). From left to right:
the input image with exemplar templates, the similarity map with dominant template assignments, the
convolution map with detected local maxima (crosses), and the final density prediction after Graph-Cut
refinement.

Fig. provides a more detailed analysis of a case relying on the LM-Fallback strategy. Although
the similarity map correctly segments the birds, one of the provided templates is significantly smaller
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in comparaison with the original image resolution (the red template). As a consequence, this template
dominates the convolution map whenever a local maximum is detected. Indeed, the smaller template is
less restrictive than the others, making the convolution response stronger at the location of other birds.
This effect can also be observed in the graph-cut label assignment, where the small template dominates
almost the entire map, resulting in excessively high values across the final density map and an initial
prediction of 270 birds instead of the ground-truth value of 165. Fortunately, the LM-Fallback strategy
introduced to address such situations enables a highly accurate estimation of 164 objects using the num-
ber of local maxima.

Shape and Scale Variations. Finally, the last row in Fig. [£.0] presents more complex images, involv-
ing variations in both object size and shape. Nevertheless, the model successfully assigns the correct
labels to each object, allowing the density map to assign larger values to smaller objects than to larger
ones. As a result, the final prediction remains nearly perfect.

4755.jpg GT=109 Pred=109.6 RelErr=0.6

Similarity map 2xima) M Final pred=109.6 gt=109 err=0.6%

Figure 4.9: Qualitative visualization on the FSC-147 dataset (apple example). From left to
right: the input image with exemplar templates, the similarity map with dominant template assignments,
the convolution map with detected local maxima (crosses), and the final density prediction after Graph-
Cut refinement.

Finally, Fig. illustrates a more challenging example involving variations in object size and shape,
as well as partial occlusions. Once again, the similarity map effectively discriminates between regions
belonging to the target category and the background directly from the extracted features. However,
significant variations in template size can be observed. In particular, apples located in the background
appear visually smaller than those in the foreground. Providing representative templates for each scale
allows the graph-cut-based density map construction to correctly distinguish smaller apples in the back-
ground (blue labels) from larger apples in the foreground (red and green labels). This behavior is also
visible after map normalization, where larger apples are associated with lower values than smaller apples,
enabling the integral over each apple, regardless of its size, to approximate a value close to one.

4.4 Failure Cases

We now examine the failure cases of our method. Once again, several recurring patterns leading to
inaccurate predictions can be identified.

Too Small Templates. Fig. presents example where the provided templates are extremely small
compared to the original image resolution. In these images, the template areas are respectively 54, 45,
and 54 pixels. Considering that the image is divided into patches of size 14 x 14 pixels within the vision
transformer, with each patch associated with a distinct embedding, the selected object regions occupy
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only a very small portion of their corresponding patches as observed on the figure representing the patch
in which the object is located. Consequently, a large part of each patch contains background information
(e.g., the ground surrounding the sheep). This results in similarity and density maps that correctly
identify the object regions globally but also introduce substantial noise due to the strong similarities
between the background surrounding the objects and the objects themselves. Adding a significant number
of instances to the final prediction.

rvecgpy

Density map | pred = 433.2 | local max = 71

GT = 198

00

Figure 4.10: Failure case analysis on small object templates. The first row shows the input
image with exemplar templates and ground truth (GT), followed by the predicted density map with local
maxima (crosses) and the final count prediction. The second row illustrates the central patches of each

template. Since the objects are very small, each sheep is fully contained within a single central patch.
Brighter pixels correspond to sheep regions, while darker pixels represent the background.

LM-Fallback With Too Small Templates. Fig. illustrates an example relying on the LM-
Fallback strategy because of large variations in template size combined with the presence of a very small
template. The template areas in this example are respectively 1472, 176, and 4158 pixels, corresponding
approximately to 7, 1, and 21 patches in the encoded feature map. Once again, the patch associated
with the smallest template contains background information, producing a similarity map with significant
noise around each bird. However, the main issue arises from the convolution map construction. Since the
convolution operation is performed between the template feature map and the image feature map, the
convolution involving the smallest template, consisting of a single patch, becomes far less restrictive. As
a consequence, a large number of local maxima are detected, especially because this patch exhibits high
similarity with patches containing substantial background regions around the birds. This explains why
the method detects 70 local maxima instead of the 21 birds actually present in the image.
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4727.jpg GT=21 Pred=70.0 RelErr=233.3 [HD=1680px | LM-fallback (peaks=70, density=126.3) | ratio=0.468]

Cony map (70 maximay )

Figure 4.11: Failure case on the FSC-147 dataset (bird example). From left to right: the input
image with exemplar templates, the similarity map with dominant template assignments, the convolution
map with detected local maxima (crosses), and the final density prediction after Graph-Cut refinement.

Incorrect Templates Provided. Fig. presents an example where unsuitable templates are pro-
vided. The objective is to count horses; however, the selected templates only contain horse heads rather
than complete horse instances. The issue arises because the features extracted by DINOv2 remain highly
similar for patches representing either the head or the body of a horse. As a result, the similarity map
contains substantial noise since body regions are also strongly activated. If complete horse bodies are
selected as templates, as shown in the example below the figure, a similar density map is obtained, but
the resulting prediction becomes significantly closer to the expected count.
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Density map | pred = 30.6 | local max = 13

GT=14

roveapy

Density map | pred = 10.4 | local max = 8

GT=14

Figure 4.12: Failure case analysis on incorrect templates provided. The first row shows the input
image with exemplar templates and ground truth (GT), followed by the predicted density map with local
maxima (crosses) and the final count prediction. The second row illustrates input image with better
exemplar templates (all the horse) and ground truth (GT), followed by the predicted density map with
local maxima (crosses) and the better final count prediction.

High Object Density. Fig. illustrates cases involving a very high object density together with
severe occlusions. Although the resulting density maps remain qualitatively accurate, the method is only
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able to provide coarse approximations and struggles to recover the exact object counts.
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Figure 4.13: Failure cases analysis on high object density. On the left, the input image with
exemplar templates and ground truth (GT), followed by the predicted density map with local maxima
(crosses) and the final count prediction.

Incorrect Problem Definition. Finally, Fig. [f.14] highlights another failure pattern. The objective
is to count the number of LEGO pieces in the image; however, the provided exemplars correspond only
to individual LEGO studs rather than complete pieces. Consequently, the method estimates the number
of LEGO studs instead of the number of LEGO pieces.
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Figure 4.14: Failure case analysis on incorrect problem definition. On the left, the input image
with exemplar templates and ground truth (GT), followed by the predicted density map with local
maxima (crosses) and the final count prediction.

4.5 Ablation studies

This section investigates the impact of the different design choices and modules involved in our method.
We first analyze the influence of the input image resolution, followed by the contribution of the graph-cut
procedure for obtaining a correctly labeled density map. The effect of the proposed LM-Fallback strategy
is then examined. Since the number of provided exemplars is also a key parameter in few-shot counting,
its impact is evaluated as well. In addition, we study the behavior of the method on a dataset that is
more suited to our approach. Finally, an analysis of the inference time is presented.
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Res LM GC MAE| RMSE ]

v v 20.91 47.91
. v X 23.01 49.82
Mix
X v 21.90 49.25
X X 24.18 51.84
v v 30.61 125.69
490 v X 31.74 126.17
X v 26.72 120.59
X X 27.67 121.08
v Ve 24.21 88.81
840 v X 26.45 92.66
X v 23.57 87.64
X X 25.79 91.85
v v 22.88 49.23
1680 v X 25.49 51.72
X v 23.87 50.54
X X 26.66 53.67

Table 4.3: Ablation study on the FSC-147 test split. GC = Graph-Cut, LM = LM-Fallback, Res =
input resolution. Best results per resolution group are bolded.

4.5.1 Impact of Resolution

In our experiments on image resolution, we varied the resizing resolution applied to the input image be-
fore feeding it into the DINOv2 backbone. The baseline resolution of 840 x 840 pixels, originally used in
CountingDINO, was adopted as the reference configuration. To study the impact of resizing, additional
experiments were conducted using images resized to half this resolution (420 x 420) and to twice this
resolution (1680 x 1680). Finally, a mixed-resolution configuration was evaluated, combining medium
and high resolutions depending on the size of the provided templates.

Input + Templates

Similarity map Similarity map

(a) 420x420 (b) 840%840 (c) 16801680

Figure 4.15: Effect of input resolution on similarity map quality and final counting prediction.
Starting from a template-image pair, similarity maps are computed at different input resolutions. The
predicted counts are 37 (420x420), 99 (840x840), and 175 (1680x1680), compared to the ground truth
(157).

The results presented in Table [£:3] clearly demonstrate the impact of image resolution on the evalu-
ation metrics. Across all configurations, MAE decreases as the resolution increases, while the improve-
ment is even more pronounced for RMSE. This behavior can be explained by the patch-based structure
of DINOv2. The resized image is divided into 14 x 14 patches, each of which is mapped to a vector
representation in the embedding space by the vision transformer. As illustrated in Fig. [I.18] lower res-
olutions produce fewer patches during image decomposition. Consequently, each patch must encode a
larger amount of visual information, leading to less precise representations of fine details but stronger
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global representations. Since our method heavily relies on similarity maps, accurately distinguishing
regions belonging to the target object from the background is essential. Less precise feature repre-
sentations therefore result in poorer similarity maps and degraded counting performance. Conversely,
higher-resolution images are divided into a larger number of patches, each capturing more localized in-
formation. This enables the generation of more discriminative similarity maps, improving the distinction
between object and non-object regions.

The best results are consistently obtained with the mixed-resolution configuration. After analysis,
the largest differences between the pure 1680 configuration and the mixed-resolution strategy were found
in high-density images, a representative example of which is shown in Fig. [£.16]

As shown in the figure, both resolutions produce relatively similar similarity maps. The main dif-
ference arises in the convolution map. Because the higher resolution results in templates spanning a
larger number of patches, the matching process between the template and the feature map becomes more
restrictive, leading to a reduction in the number and intensity of activation peaks within the convolution
map.

This reduction in activations subsequently affects the labeling stage performed through the graph-cut
procedure. Owing to the construction of the energy function, a patch is assigned to a template primarily
according to its proximity to regions of strong activation. As a consequence, weaker and less numerous
activation peaks lead to a less accurate density map and, ultimately, a less accurate counting prediction.

These observations indicate that high-resolution processing must be used carefully. Excessively in-
creasing the resolution also increases the complexity of the feature map and the relationships encoded
within it. An appropriate balance between global and local representations must therefore be maintained.

Figure 4.16: Qualitative comparison of an image at different resolutions Each row shows the
result of the input image at different resolution, respectively 840 x 840 and 1680 % 1680 pixels.



This explain why very high resolution, despite appearing intuitively more informative, can become
counterproductive in high-density scenes containing medium-sized objects. High resolution increases the
strictness of the matching criteria, contributing to systematic error of counting.

In contrast, high resolution remains highly beneficial for small objects. At standard resolution, a
small object may fit entirely within a single patch, or at most two or three patches, providing insufficient
visual information for self-attention to construct a discriminative representation. At 1680, however, the
same object occupies a sufficient number of patches for each one to capture meaningful and characteristic
information, such as contours, textures, or local context. This provides self-attention with richer visual
cues, enabling the extraction of more specific and discriminative features. The similarity map therefore
benefits from improved spatial precision, with activations that are more accurate and better localized,
while the extracted templates become more representative of the actual object appearance.

The 1680 resolution shifts the equilibrium toward smaller objects, which explains why the mixed-

resolution configuration, by combining both resolutions, is able to effectively cover a broader range of
object sizes and densities.

4.5.2 Impact of Graph-Cut Optimization

Simnilarity map

Final pred=10.2 gt=22 err=53.4% Final pred=19.3 gt=22 err=12.1%

Input + Templates

(a) Input image (b) Similarity map (c) Prediction w/o GC (d) Prediction w/ GC

SunuanLy map
-

Input + lemplates

Final pred=88.4 gt=113 err=21.7% Final pred=108.3 gt=113 err=d.2%

9l 53

000

(e) Input image (f) Similarity map (g) Prediction w/o GC (h) Prediction w/ GC

Figure 4.17: Impact of graph-cut refinement on object localization. For each example, we show
(from left to right) the input image, the corresponding similarity map, the prediction obtained without
graph-cut optimization, and the prediction obtained after graph-cut refinement. The graph-cut framework
enforces spatial consistency between neighboring patches, leading to smoother object regions and more
coherent label assignments.

By examining the different configurations without graph cut (GC) in Table it can be observed
that removing GC consistently degrades the results across all resolutions. Moreover, this degradation
becomes more pronounced as the resolution increases. This behavior is expected, since higher resolutions
produce more detailed and precise similarity maps, which can be more effectively exploited by the graph-
cut procedure to refine the final representations.

An analysis of the examples presented in Fig. further illustrates the impact of removing GC. In
the image containing marbles, the contribution of GC to the final density map is particularly evident.
Each marble receives a strong activation at its center, mainly due to the central patch capturing the
light reflection. Consequently, without GC, the resulting label map covers only a limited portion of each
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object, or in some cases fails to cover it entirely. With GC, the density map becomes more spatially
extended and more consistent with the actual object shapes. The graph-cut procedure propagates labels
into neighboring regions with lower activations but strong spatial coherence, thereby recovering areas
that the original density map would otherwise neglect.

A similar phenomenon can be observed in the strawberry image. Without GC, the density map
contains activation regions that are well localized around the strawberries, but the connecting regions
between neighboring strawberries remain under-activated. These lower-activation areas are better han-
dled with GC, which again extends the density map to produce a representation that is more faithful to
the actual object regions.

In conclusion, the graph-cut procedure plays a significant role in the construction of the density map.
First, it aims to assign labels to object regions more accurately, thereby reducing the sensitivity of the
final estimation to variations in object size. Furthermore, it mitigates the limitations of the similarity
map, whose construction often produces a strong activation peak at the center of an object, followed by
surrounding regions exhibiting lower activations due to variations in color, shape, or partial occlusions,
despite still belonging to the target object. The graph-cut formulation addresses this issue by enforcing
spatial consistency in the labeling process. As a result, object regions are represented more coherently,
while areas located far from activation peaks and exhibiting low similarity to the provided templates are
more likely to be assigned to the background. This leads to a smoother and more reliable density map
that better reflects the underlying object structure.

4.5.3 Impact of LM Fallback

Resolution Config GC MAE without LM MAE with LM Gain

Mix v 21.90 20.91 —0.99
Mix X 24.18 23.01 —1.17
1680 v 23.87 22.88 -0.99
1680 X 26.66 25.49 —1.17
840 v 23.57 24.21 +0.64
840 X 25.79 26.45 +0.66
420 v 26.72 30.61 +3.89
420 X 27.67 31.74 +4.07

Table 4.4: Gain apporté par le LM selon la résolution

As a reminder, the LM-Fallback mechanism is activated when at least one of the provided templates
is extremely small and when a large variation exists between the sizes of the exemplars. Template size
is evaluated in an absolute manner by comparing the number of patches covered by each exemplar when
the image is resized to the baseline resolution of 840 x 840, which serves as the reference resolution in
our method. Consequently, the activation criterion remains identical regardless of the resizing resolution,
meaning that the same images trigger the mechanism independently of the selected resolution. Once
activated, the final estimation is obtained from the number of local maxima detected in the convolution
map, preventing the graph-cut procedure from being dominated by a very small template that would
otherwise lead to an explosion in the predicted count.

Since the set of images activating the LM-Fallback remains unchanged across resolutions, the differ-
ences observed in Table [£.4] are entirely due to the quality of the estimations produced by the method
rather than to differences in the activation process itself.

We observe in Fig. [I.1§] the impact of resolution on the LM-Fallback mechanism. At low resolution,
due to the reduced granularity of patch representations, the regions corresponding to sheep or nuts are
correctly identified but exhibit less variation in intensity, since each patch aggregates multiple parts of
the objects. In contrast, at high resolution, with finer details, intensity peaks become more distinct due
to improved representation granularity, enabling better discrimination between objects.

The impact of the LM-Fallback is also important for addressing a limitation of the method in the
presence of an excessively small template, which is distributed over only a small number of patches and
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Figure 4.18: Impact of image resolution on convolution map quality. We observe that increasing
the resolution progressively improves the sharpness and localization quality of the predicted activation
maps, leading to more precise object responses.

exhibits strong variations compared to the other templates, as illustrated in Fig. Indeed, the base-
line method produces a density map dominated by the blue template (the smallest one), which spans only
two patches. In this case, the LM-Fallback mechanism allows the method to rely solely on the convolution
map, providing a more reliable estimate of the number of objects.

The results in the table also reveal that graph cut (GC) and LM-Fallback operate independently.
Regardless of the resolution, the presence or absence of GC produces relatively similar gains, confirming
that the subsets of images affected by the two modules are largely disjoint.

In conclusion, the LM-Fallback mechanism relies on the assumption that each object corresponds
to a distinct activation peak in the convolution map. This assumption becomes invalid in high-density
scenes at low resolution, where multiple objects may merge within the same patch, leading to smoother
activation maps.

4.5.4 Impact of Number of Templates

# Templates MAE | RMSE |

1 30.22 63.16
2 23.28 51.74
3 20.91 47.91

Table 4.5: Impact of the number of template examples on counting performance, evaluated on the FSC-
147 test split with the full pipeline (LM-Fallback + Graph-Cut, mixed resolution).

The number of templates has a significant impact on the obtained results, as shown in Table
This parameter plays a central role in few-shot counting, and it is therefore expected that increasing the

number of provided exemplars improves the overall performance.

It can be observed that using only a single exemplar leads to results that remain far from the best-
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4405.jpg GT=12 Pred=12.0 RelErr=0.0 [HD=1680px | LM-fallback (peaks=12, density=36.8) | ratio=0.581]

Figure 4.19: Example of LM-Fallback activation. The LM-Fallback method correctly predicts 12
objects, matching the 12 balloons present in the image. In contrast, the original method produces an
overestimation, with a prediction of 36.8.

performing configuration, with an increase of more than 30 MAE. Several factors may explain this behav-
ior. A very small template may assign a normalization coefficient proportional to its size to much larger
objects, resulting in severe overestimation of the predictions. Conversely, a large template, associated
with a lower normalization coefficient, may be applied to smaller objects, leading to underestimation of
the instance count.

In scenarios where objects exhibit similar sizes, appearance variations can also become a major source
of error. A single template does not provide a similarity map as informative as the one obtained from
multiple exemplars contributing jointly to the representation. Similarly, the convolution between a single
template and the other object instances may produce fewer activation peaks in the convolution map,
resulting in a less precise graph-cut estimation.

Increasing the number of templates therefore improves the results by allowing each exemplar, regard-
less of the magnitude of its variations, to contribute complementary information to both the similarity
and convolution maps.

4.5.5 Impact of small templates exemplars

The failure case analysis presented previously highlighted a recurring difficulty related to excessively small
templates.

Table reports the results of our method after removing images containing such small templates,
which require the use of HD resolution and the LM-Fallback mechanism. A clear improvement in MAE is
observed on both split of the FSC-147 dataset, decreasing from 20.91 to 15.23 on the test split and from
24.8 to 15.48 on the validation split. Beyond this improvement, the results also indicate a similar MAE
across both datasets, closely matching those obtained on the FSCIndu dataset, which contains fewer
images. It is important to recall that these two splits include entirely different object categories. This
suggests good generalization of the method, as it produces consistent results regardless of the evaluated
categories. The RMSE also decreases on both splits of the dataset, indicating a reduction in large-scale
errors in the predictions.

Fig. [£:20] further supports this observation by illustrating the distribution of errors with respect to
object density. A near absence of outliers is observed across all density ranges, with the MAE remaining
consistently close to the MedAE. Moreover, the MNAE increases approximately linearly from 20.9% for
low-density images to 32.1% for high-density images, reflecting the increasing difficulty of the task as
density grows.
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Overall, the method appears stable, yielding consistent results across datasets and without significant
outliers when the provided templates have a reasonable size relative to the image.

Validation Test FSCIndu
Method MAE | RMSE| MAE] RMSE| MAE| RMSE |
Our method 24.80 59.27 20.91 47.90 14.64 31.13

Our method w/o HD images 15.48 28.07 15.23 24.30 12.41 20.94

Table 4.6: Impact of excluding images requiring HD processing. The second setting evaluates
only images requiring more than 3 patches per side for an input resolution of 840 x 840. This corresponds
to 1025 evaluated images out of 1286 for the validation split, 1028 evaluated images out of 1190 for the
test split, and 551 evaluated images out of 590 on the FSCindu dataset.
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Figure 4.20: Distribution of relative prediction errors per density object counts on the FSC-
147 dataset’s test split without images needing HD resolution. Images are split by ground-truth
count. Each histogram uses a log-scaled x-axis; dashed lines mark the mean (MNAE) and median
(MedNAE) relative errors, with absolute MAE and MedAE reported in the inset.

4.5.6 Inference Time

Fig. highlights significant differences in inference time across the evaluated methods. A clear varia-
tion is observed within our approach depending on the input resolution. Increasing the resolution from
840x 840 to 1680x 1680 leads to a substantial increase in computational cost, from 0.165 seconds to 1.66
seconds per iteration. This increase can be explained by the quadratic growth in the number of patches
processed by the Vision Transformer, which directly affects the complexity of the attention mechanism
and the size of the resulting feature representations.

When compared to other methods, our approach remains competitive with recent transformer-based
architectures such as CountGD [1], CACVIiT [26], and CounTR [14], while being slower than lightweight
CNN-based approaches such as LOCA [6], BMNet+ [23], and FamNet [22]. This difference is mainly
due to the additional computational overhead introduced by our pipeline, which includes dense feature
extraction, similarity map computation, convolution map construction, and graph-cut optimization.
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Figure 4.21: Inference time comparison across different object counting methods. Source :
2]

Finally, compared to CountingDINO, our method is significantly more efficient. This improvement
is mainly explained by the fact that CountingDINO relies on a grid-based strategy where the image
is divided into 16 sub-regions, each independently resized and processed through the backbone. This
leads to multiple forward passes and a substantial increase in inference time. In contrast, our approach
preserves a global representation of the image and avoids redundant computations, resulting in a more
efficient inference pipeline.
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Chapter 5

Discussion

This section provides a discussion of several aspects of the proposed method. First, although our approach
is inspired by CountingDINO [18] and achieves improved performance compared to that method, it is
important to analyze the actual differences between the two approaches and to identify the specific
contributions introduced by our framework. We then discuss the main findings and key takeaways of this
work, highlighting the contributions brought by the proposed method. Finally, we examine its current
limitations and outline potential directions for future improvements.

5.1 Methodological Improvements over CountingDINO

Beyond a simple improvement in quantitative results across different datasets, our method addresses
certain inconsistencies present in CountingDINO, while also introducing an alternative way of leveraging
the features produced by the Vision Transformer.

5.1.1 Resolution Handling

CountingDINO also had to address the challenge posed by images containing very small templates. By
default, the method resizes each image to a resolution of 840 x 840. However, because images with ex-
tremely small templates remained problematic, an alternative strategy was introduced.

Specifically, the image is divided into a 4 x 4 grid, resulting in 16 equally sized regions. Each re-
gion is then independently resized to 840 x 840 and processed by the Vision Transformer. This procedure
produces 16 feature maps, which are subsequently concatenated to reconstruct a single large feature map.

This strategy, however, introduces an important limitation. Since each region is processed inde-
pendently, the self-attention mechanism operates only within that region and can no longer capture
interactions between patches located in different parts of the image. As a consequence, long-range re-
lationships across the image are weakened. Fig. illustrates this issue through two cosine similarity
maps computed between a selected patch and the remainder of the image. The first map is obtained from
the original image, whereas the second corresponds to the image after the splitting and reconstruction
procedure used by CountingDINO. The resulting patch similarities are no longer as consistent as in the
original representation, as can be observed in the lower part of the image where the penguins are no
longer correctly identified. Moreover, a grid-like pattern can be observed in the second map, which may,
in some cases, also propagate into the final output of CountingDINO. Furthermore, this division strategy
is substantially more expensive in terms of inference time, as it requires repeated resizing operations,
multiple feature extraction passes, and the reconstruction of the final feature map.

To address this limitation, our method adopts a different strategy. When a template occupies only a

few patches in the image, the entire image is resized to 1680 x 1680, providing a finer representation of
the scene and more detailed representations of the templates.
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DINO (120x120) Split + Reassembly (240x240)

Figure 5.1: Comparison of cosine similarity maps computed with a ViT-based encoder using a
single forward pass versus a split-and-reassemble strategy. The left figure shows the input image
with the selected template and the location of the central patch used as query. The middle one presents
the similarity map obtained from the original feature map with a resolution of 1680 * 1680 corresponding
to a 120 % 120 feature map. The right figure corresponds to the similarity map obtained after dividing
the image into 16 regions, processing each region independently through the ViT, and concatenating the
resulting feature maps with a shape of 240 x 240.

5.1.2 Convolution Map Construction

Another difference lies in the construction of the convolution map. In CountingDINO, the convolution
map is computed for each template and then resized to a common resolution space through interpolation
prior to aggregation. While this procedure ensures that all maps are aligned to the same dimensional
space, it may also introduce distortions in the information, potentially shifting or adding noise in regions
of high activation. This can affect both the precision and the localization of high-intensity regions, par-
ticularly when there are significant differences in template sizes.

As illustrated in Fig. in the apple example, the three convolution maps are shown together with
the aggregated map obtained either through interpolation or zero-padding. In contrast, our method
addresses this inconsistency by applying zero-padding to resize all maps, thereby preserving the precision
and coherence of the resulting map.

5.1.3 Scale-Aware Template Normalization

CountingDINO aims to exploit prior information available at inference time. Since each region defined
by a bounding box corresponds to an object instance, the method computes the sum of the density values
within each annotated region and uses the average of these sums as a normalization coefficient.

However, a limitation arises when significant differences exist between template sizes. In such cases,
the sums computed within the different templates can vary substantially, leading to estimation errors.
This phenomenon is illustrated in Fig. with the seemingly simple task of counting keyboard keys.
Both our method and CountingDINO produce a similar density map; the difference lies in the weights
assigned to each patch. Examining the sums of the density values within the three templates yields values
of 10.23, 13.54, and 21.04 for the largest template. Following the CountingDINO strategy, the normal-
ization coeflicient is computed as the inverse of their average, i.e., 1/14.66, which results in a significant
underestimation of the true count.

This behavior is explained by the large number of keys whose size is close to that of the smallest
template. Assuming that keys of similar size should contribute approximately the same value as the
smallest template (10.23), normalizing the density map using a coefficient derived from 14.66 leads to an
underestimation of these instances by approximately 69%.

In contrast, our method leverages the graph-cut procedure to assign each key the normalization

coefficient associated with the template that is most similar in size. Consequently, keys corresponding
to the smaller template receive a lower normalization coefficient, while larger keys are associated with
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Figure 5.2: Visualization of template-wise convolution maps and their aggregation strategies.
The first row shows the original input image with the three selected templates highlighted by bound-
ing boxes. The second row displays the corresponding convolution maps computed independently for
each template, illustrating their respective spatial response patterns. The third row presents the final
aggregated convolution map obtained using two different strategies: bilinear interpolation as in Count-
ingDINO, and zero-padding as proposed in our method. This comparison highlights the impact of the
aggregation strategy on spatial alignment and the preservation of high-activation regions.

higher coefficients, preventing both underestimation and overestimation across different object scales.
This results in a prediction of 63 objects, substantially closer to the ground-truth count of 70 than the
prediction of 32 obtained by CountingDINO.

5.1.4 Interpretability and Error Analysis

Another advantage of the proposed method lies in the interpretability of its output. While CountingDINO
produces a density map obtained through the aggregation of multiple convolution maps, the resulting
representation can be difficult to interpret visually. High-density regions often appear diffuse, making it
challenging to determine which areas effectively contribute to the final count and to identify the origin
of potential counting errors.

In contrast, the density map produced by our method is directly derived from similarity-based assign-
ments and graph-cut optimization. As a result, object activations remain spatially coherent and can be
more easily associated with individual object instances. This makes the final prediction more transparent
and facilitates visual inspection by a human operator.

Fig. [5.4] illustrates this difference. While the output of CountingDINO contains broad activation
regions whose contribution to the final count is difficult to assess, our density map exhibits more localized
and interpretable responses. Consequently, false positives, missed detections, or activation leakage can
be identified more rapidly, simplifying error analysis and debugging.

5.2 Contributions & Takeaways

If one had to retain the key contributions and insights of this work, they can be summarized as follows.

First, we highlight the strong representational capacity of self-supervised vision features. In partic-
ular, features extracted from models such as DINOv2 encode rich semantic structures that can be
leveraged without any task-specific supervision. This is important because it demonstrates that strong
priors for object localization already exist in foundation models, which significantly reduces the need for
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Figure 5.3: Comparison of final prediction outputs by our method and CountingDINO with
templates of different sizes. The figure shows the input image with selected templates, the output
obtained using CountingDINO, and the result produced by the proposed method. The aggregated tem-
plate responses (sum of template weights) are respectively 10.23, 13.54 and 21.04.
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(a) Input image (b) CountingDINO density map (¢) Our method density map

Figure 5.4: Comparison of the final density maps produced by CountingDINO and our
method. While CountingDINO generates broad and diffuse activation regions, our method produces
more localized and spatially coherent responses. This results in a density map that is easier to interpret
visually and facilitates the identification of false positives, missed detections, and other failure cases dur-
ing error analysis.
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costly annotated datasets and enables more scalable class-agnostic counting approaches.

Second, we demonstrate the importance of handling scale and size variability in object counting. To
this end, we leverage a graph-cut based optimization framework, which enforces spatial consistency and
refines label assignments. This is crucial because real-world scenes contain objects with highly variable
sizes, and ignoring this variability leads to unstable predictions. Our formulation therefore improves
robustness and makes the counting process more reliable across diverse visual conditions.

Finally, we emphasize the robustness of the proposed approach on well-chosen image settings, where
it exhibits stable and consistent performance. This is particularly relevant because it shows that, beyond
average performance gains, the method behaves predictably in favorable configurations, an important
property for real-world deployment where reliability and consistency are often as critical as accuracy.

5.3 Limitations & Future Work

Regarding the limitations of the proposed method, we observe that the main failure cases occur in im-
ages containing excessively small templates. This issue can be partially mitigated by the LM-Fallback
mechanism; however, it cannot be fully addressed within the original formulation of the method due to
its inherent design constraints.

We have observed, however, that on images with well-sized templates, the errors become significantly
lower. In this context, our model could be used in industrial settings as a supporting tool, with a visual
verification of the consistency of the feature map and/or the LM-Fallback when it is activated.

Future improvements could focus on several directions. First, a better tuning of hyperparameters may
further improve performance, such as the threshold used for local maxima detection or the energy function
in the graph-cut optimization, which could be refined to enhance segmentation quality. Second, template
augmentation strategies could be explored, inspired by approaches such as RCAC [§], where templates
are resized or slightly perturbed to improve robustness. Such augmentations could help strengthen object
activation in similarity maps and increase the reliability of detected regions.
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Chapter 6

Conclusion

The objective of this work was to investigate the extent to which visual representations extracted from
a Vision Transformer can be exploited for class-agnostic object counting. More specifically, the goal was
to design a robust counting method capable of handling object variations, scale changes, and occlusions
without relying on annotated datasets or any task-specific training procedure.

To address this objective, we first reviewed the existing literature on class-agnostic object counting
and analyzed the main factors that differentiate current approaches, including their architectures, training
strategies, and feature extraction mechanisms. This analysis shows an interest in methods that reduce
or eliminate the dependence on supervised training and large annotated datasets, culminating in recent
training-free approaches such as CountingDINO [18], which leverage self-supervised visual representations
for object counting.

Building upon these observations, and particularly on the capabilities of DINOv2 [17], we proposed
a fully training-free object counting pipeline based on a self-supervised vision-only backbone. The pro-
posed method exploits the feature representations of both the input image and the provided exemplars to
construct similarity and convolution maps, each capturing complementary information about object pres-
ence and appearance. To effectively exploit these representations while remaining robust to object scale
variations, a graph-cut-based spatial refinement strategy was introduced for density map construction.
Furthermore, to address failure cases caused by extremely small templates, an LM-Fallback mechanism
was proposed, relying on the detection of local maxima within the convolution map to estimate the final
object count.

Experimental evaluations conducted on the FSC-147 [22] and FSCIndu [2] datasets demonstrated
that the proposed approach achieves competitive performance with respect to several fully supervised
methods while outperforming the previous state-of-the-art unsupervised and training-free approach. In
addition to these quantitative results, extensive ablation studies highlighted the contribution of the dif-
ferent components of the method, including graph-cut refinement, the LM-Fallback mechanism, and the
image resolution strategy. A detailed analysis of both successful and failure cases further provided in-
sights into the strengths and limitations of the proposed framework.

Additional experiments performed on subsets excluding images containing extremely small templates
revealed a stable behavior across object categories and datasets, suggesting a strong capacity for gen-
eralization. These results indicate that the proposed method could serve as a practical support tool in
industrial scenarios, where human validation may be incorporated when particularly challenging exam-
ples are encountered.

Overall, this work demonstrates that competitive class-agnostic object counting can be achieved solely
from self-supervised visual representations, without any task-specific training or density map prediction
network. These findings further highlight the potential of self-supervised Vision Transformers as a foun-
dation for future training-free object counting methods.
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