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Fig.1: Comparison of CAC Models with Different Training Strategies in
Real-World Images. Given the same query image with different references (anno-
tated by yellow bounding boxes), (a) the state-of-the-art CAC models (e.g., BMNet [18],
LOCA ) adopting the standard training setting upon the FSC-147 dataset fail to
distinguish the appearance of objects and gives wrong counts (i.e. the model does not
fire at the objects of the same class as references on the query image, but the objects
of majority. Noting that the dilation is applied on the density maps for best viewing).
Conversely, (b) our suggested recipe, which utilizes novel technique of integrating Mo-
saic Augmentation (MA) and Generalized Loss (GL), enables the models to effectively
discriminate different objects, thereby resulting in significantly better count prediction.

Abstract. Class agnostic counting (CAC) is a vision task that can be
used to count the total occurrence number of any given reference ob-
jects in the query image. The task is usually formulated as a density
map estimation problem through similarity computation among a few
image samples of the reference object and the query image. In this pa-
per, we point out a severe issue of the existing CAC framework: Given a
multi-class setting, models don’t consider reference images and instead
blindly match all dominant objects in the query image. Moreover, the
current evaluation metrics and dataset cannot be used to faithfully assess
the model’s generalization performance and robustness. To this end, we
discover that the combination of mosaic augmentation with generalized
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Fig. 2: More qualitative results of various CAC models upon real images. The
existing state-of-the-art CAC models such as (b) LOCA and (¢) CountTR |2]| have
problems on either counting all objects in the query image (and completely disregarding
the target objects showcased in reference images) or unintentionally detecting irrelevant
objects. In contrast, our proposed MGCAC model, featuring the multi-class training
scenario and the more feasible objective to CAC task, faithfully follows the guidance
from the references to achieve superior results of counting.

loss is essential for addressing the aforementioned issue of CAC models to
count objects of majority (i.e. dominant objects) regardless of the refer-
ences. Furthermore, we introduce a new evaluation protocol and metrics
for resolving the problem behind the existing CAC evaluation scheme
and better benchmarking CAC models in a more fair manner. Besides,
extensive evaluation results demonstrate that our proposed recipe can
consistently improve the performance of different CAC models. The code
is available at https://github.com /littlepenguin89106/MGCAC,

1 Introduction

Object counting is a popular research topic in the vision community with a wide
spread of applications, including visual surveillance, intelligent agriculture, etc.
It aims to count the occurrence number of target objects in an image. Object
counting methods can be classified into two major categories: class-specific ob-
ject counting and class-agnostic counting. Class-specific object counting usually
focuses on counting a specific category such as cars, animals, people, etc, whereas
among these applications, crowd counting, which aims to count the number of
people in an image, is well studied by . However, class-specific count-
ing requires training an individual model for each category with tremendous
efforts on collecting thousands of training images with annotations and fails to
work for unseen classes.
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In contrast, class-agnostic counting (CAC) studied by [13}[17,/23] arises re-
cently and aims to count any novel objects within the query image, especially
for those objects of unseen classes during the training stage. Ideally, CAC should
consider the appearance of K reference images and count occurrences of similar
objects in the query image. Nevertheless, in the existing evaluation protocol,
query images typically only contain objects from a single class (even with clean
backgrounds), which significantly differ from real-world multi-class cases. By our
examination of real-world examples, we observed that most prior works degen-
erate back to blindly capture objects without considering the references (Figure
a) and Figure. We term the problem as Reference Oversight (RO). To verify
RO, we propose a novel multi-class mosaic evaluation dataset for CAC.

Secondly, we disclose that current benchmarking protocols are not fair indica-
tions of model generalization. Given FSC-147’s greatly skewed per-image-object-
count distribution (noting that FSC-147 [17] is a popular and represenatative
dataset of CAC), we show that evaluation metrics such as Mean Absolute Error
(MAE) and Root Mean Square Error (RMSE) tend to strongly encourage models
to only optimize counting on images with high object counts while overlooking
the remaining images. To ensure fair and comprehensive comparisons, we also
incorporate metrics such as Normalized Absolute Error (NAE) and Squared Rel-
ative Error (SRE).

Through in-depth analysis, we pinpoint the root causes of RO problem: the
lack of variety of classes in each query image during the training stage inca-
pacitates the model’s need to differentiate among object classes. Additionally,
using pixel-wise losses (e.g., MSE) fails to accurately localize target objects and
still contributes to the model’s inability to differentiate objects effectively. To
address these challenges, we propose the Mosaic-based Generalized-Loss (MG)
recipe for CAC, which consistently allows different CAC models to effectively
capture variations in reference appearances and precisely localize target objects
as illustrated in Figure (b) and demonstrated by our extensive experimental
results. Finally, we also provide a strong CAC baseline by exploiting more ad-
vanced cross-attention modules from [5] as the backbone with our proposed MG
loss recipe for training, denoted as MGCAC. The proposed MGCAC achieves
the state-of-the-art results for CAC upon the original FSC-147 [17] and our pro-
posed mosaic evaluation dataset.

Our contributions are summarized as follows: Firstly, our research is pio-
neering in exposing the performance gap of CAC methods between the existing
evaluation protocol and real-world, multi-class scenarios. Our proposed mosaic
evaluation dataset emphasizes RO problem on all existing CAC models, even
the state-of-the-art methods (e.g. LOCA |21] or CounTR [2]|) have such critical
flaws (Figure[2(b) and[2c)). Secondly, to improve the robustness and localization
of CAC, we introduce MG, a recipe that proves generalizable to various CAC
models, and build a strong baseline, MGCAC. Our work underscores the impor-
tance of effective detection and discrimination of multi-class objects and hopes
to reveal the “devil” hidden under the details of the current CAC framework.
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2 Related Works

2.1 Class-specific Object Counting

Class-specific counting focuses on the task of counting the occurrence number
of the objects of specific classes, such as crowd counting. In addition, the task
is usually approached in two paradigms: detection-based and regression-based
methods. The detection-based methods, including the methods proposed by [79],
perform explicit object detection over the input image using visual object detec-
tors and then get the count. However, similar to the object detection methods,
their performances are also sensitive to situations when the objects are over-
lapped, occluded, or crowded. To address these problems, the regression meth-
ods proposed by [31/14}20] instead predict the density map of input images where
each pixel value can be interpreted as the fraction or the confidence level of the
target object present in the query image. The sum of these values is then used
as the estimated object count. In addition, the ground truth density maps for
training are generated by convolving point annotations of the training images
with properly selected Gaussian kernels. Although class-specific counting meth-
ods have achieved satisfactory results, they usually require training an individual
network for each class of objects and can only be applied for counting the classes
that have been seen in the training data.

2.2 Class-Agnostic Counting

Concerning class-specific object counting, class-agnostic counting aims to per-
form object counting for every class. In its setting, the models usually take a
query image and several reference images from the same class as inputs and pre-
dict the count of the class that appears in the query image through the density
map regression. Lu et al. [13] propose GMNet which is the first CAC frame-
work, where the reference and query feature maps are extracted independently
through the feature extractor based on the ResNet [6]. These features are then
directly exploited as a pixel-wise regression task to perform object counting. To
better capture the interactions between the query and the references during the
matching stage, Ranjan et al. |17] propose FamNet which introduces template
matching for the CAC task. FamNet enhances the matching framework by con-
volving the reference feature maps across query feature maps. Each pixel value in
the resulting query feature map represents the similarity between the query im-
age and reference images at that specified location and therefore supports better
localization. Building upon the existing structures, CFOCNet proposed by Yang
et al. [23] matches query and references feature maps from different stages of
backbone for multi-scale strategy. Moreover, CFOCNet integrates self-attention
to strengthen the distinct features of the query image. Shi et al. [18]| propose BM-
Net which adopts bilinear similarity for matching. The bilinear similarity is a
special case of generalized inner product and provides more flexibility for match-
ing than previous methods using convolution. SPDCN [12] introduces Scale-Prior
Deformable Convolution and Scale-Sensitive Generalized Loss to enhance the
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Fig.3: CAC Framework. The general pipeline of CAC models consists of a feature
extractor, matcher, and density head. Given a query image and K reference images
(i.e., K = 3 in this diagram), the model learns to predict a density map for counting.

model scale-awareness. CounTR proposed in introduces transformer-based
architecture into class-agnostic counting, which utilizes attention to capture the
similarity between the query and the references. Djukic et al. propose a low-
shot object counting network with iterative prototype adaptive (LOCA) which
introduces the object prototype extraction module (OPE). The OPE module
focuses on constructing strong object prototypes to improve object localization
accuracy and iteratively adapts shape information and object appearances into
object prototypes by recursively performing cross-attention operations.

With the progress of multi-modality, recent works [1] and [8] adopt CLIP
model to perform CAC with input prompts. Given a class description and a
query, by matching the extracted text features and the query features, the objects
that match the description in the query will be identified.

3 Deficiencies of Current CAC Training and Evaluation

In this section, we first introduce the general CAC framework. After that, we
outline the blindly counting problem and the biases of the prevalent benchmark.
We provide our solutions to resolve the problem in Section [5| and show their
effectiveness in Section [l

3.1 CAC Framework

As shown in Figure (3 standard CAC models comprise three components: (1) a
feature extractor for visual feature extraction from reference and query images,
(2) a cross-matching module for similarity map computation, and (3) a density
map estimator for counting. Given a query image X 2 RHx Wx 3 K reference
images Z = fzigl< |;z; 2 RHzi Wzi 3 and a ground truth label Y 2 RHx Wx
(in the form of density map), the CAC model minimizes the regression problem
to predict the number of the references occurring in the query image:

min Exc;zv)[LR (S (F (X);F (@) Y)l; (1)
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where F () is a pre-trained feature extractor, S (; ) computes the similarity
map, R () is the regressor or density map estimator, and_( ; ) is the loss func-
tion (e.qg., pixel-wise L2 loss).

3.2 Reference Oversight

A robust CAC model should accurately count and localize objects corresponding
to reference images in diverse query scenarios. However, most models are evalu-
ated on widely used CAC datasets (e.g., FSC-147 [18] and CARPK [7]), which
primarily feature a single-class. Such datasets lack real-life variability in object
distributions and backgrounds. This setting raises concerns about the model's
ability to precisely match target objects in multi-class scenarios. As shown in Fig-
ure [, we observe that most CAC models, including the current state-of-the-art
(SOTA) LOCA, tend to annotate all dominant objects in query images, neglect-
ing the similarity between objects in query and reference images. In contrast,
CounTR leverages mosaic augmentation and therefore better identi es target ob-
jects. However, CounTR fails to calibrate the correct count for reference images
due to inadequate localization information. With regards to supervised CAC
models, we hypothesize that: (1) The dominant issues are caused by training
with queries dominated by objects of a single class, which CounTR uses mo-
saic augmentation that alleviates the issue (2) Supervision with pixel-wise L2
loss is not sensitive to localization on the object-level and leads to unsatis ed
performance for CounTR.

3.3 Benchmarking

A well-designed evaluation protocol should encompass diverse scenarios and uti-
lize fair metrics. However, existing CAC datasets, as discussed in Sectidn 3.2,
often lack diversity of categories within a single query. Conversely, detection
datasets like COCO [11] include multiple classes but predominantly have a small
count of objects per image, failing to comprehensively assess the model's ability
to identify corresponding objects in queries.

Furthermore, the current CAC evaluation protocol evaluates model counting
performance by aggregating counting errors across all images. Given groundtruth
count ¢ and predicted count ¢ for theqlth image in the dataset with L images,

MAE = L = j& qjand RMSE = Ll'J I (& )2 are usually used. The
challenge arises from the long-tailed distribution of per-image object counts, in-
troducing bias towards large-count query images. Figurg J4 illustrates that only
two images featuring large counts in FSC-147 test dataset. By excluding the rst
two highest object-count query images from RMSE calculations on the FSC-147
test dataset (Table 1), we show signi cant impacts on the evaluation results (de-
tails in Appendix). Recently SOTA models (i.e., LOCA and CounTR) get worse
RMSE than BMNet+ when removing large-count queries. Those phenomena re-
inforce the need for an evaluation strategy that accounts for the distributional
characteristics of object counts, especially in datasets with varying count sizes.
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Fig. 4: Distribution of object count

in FSC-147 test dataset. We split the Fig. 5: Mosaic evaluation. Given di er-
test dataset into 10 bins. The x-axis is the ent references of the target class, the objec-
count range of the corresponding bin, y- tive is to count the corresponding objects
axis is the number of queries in log-scale. in the query.

Table 1: Comparison of the performance of CAC models on the full FSC-147
test dataset and the dataset without outliers (i.e., 1123.jpg and 7611.jpg).

(a) Full test set. (b) Test set after excluding outliers

MAE RMSE NAE SRE MAE RMSE NAE SRE
BMNet+ [18] 14.62 91.83 0.27 6.20 BMNet+ [18] 12.04 30.13 0.27 6.04
CounTR [2] 11.95 91.23 0.23 7.44 CounTR [2] 9.93 33.61 0.23 6.47
LOCA [21] 10.79 56.97 0.19 2.19 LOCA [21] 9.46 33.03 0.18 1.94

4 Proposed Evaluation Protocol

4.1 Mosaic Evaluation Dataset

Currently, there is a lack of real-world multi-class counting datasets for CAC
evaluation. We leverage the FSC-147 dataset as a foundation to create a multi-
class setting. As shown in Figure 5, for a synthesized mosaic collage, we randomly
select 4 query images of distinct classes from the validation and test sets of FSC-
147. These images are then randomly cropped to the size of 384 384 and put
together as size 768D 768. Each class in the collage will individually serve as
the reference class. Given the associated reference images, the model has to ac-
curately predict the number of target objects for the collage (i.e. predicted count
should equate to the ground truth count of the query image containing the target
class). In total, we generate 1,000 queries (i.e., 4,000 data pairs), facilitating a
comprehensive evaluation of the object recognition capabilities within the con-
text of mosaic collages. We name this dataset as FSC-Mosaic, which stands for
Few-Shot Counting Dataset with Mosaic Evaluation.
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