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Abstract

Existing object counting methods relying on Density
Map Estimation (DME) struggle with large variations in
object size or input image resolution due to different imag-
ing conditions and perspective effects. Especially, discrete
grid representations of density maps result in information
loss with blurred or vanished details for low-resolution
inputs. To overcome these limitations, we design new
Scale-Invariant Implicit Neural Representations (SI-INR)
for counting to map arbitrary-scale input signals into a con-
tinuous function space, where function values over continu-
ous spatial coordinates indicate probabilities observing ob-
jects of interest. Extensive experiments on diverse bench-
mark datasets have validated that SI-INR achieves robust
counting performances with respect to changing input sizes,
leading to better or comparable object counting accuracy
compared to state-of-the-art methods. Our code is avail-
able at https://github.com/SiyuanXu-tamu/SI-INR.

1. Introduction
Understanding the distribution and abundance of people as
well as geographic entities such as buildings and cars be-
comes crucial for various “smart city” applications, such
as urban planning, traffic management and beyond. Object
counting holds promising potential for such tasks and has
also been studied in other fields, including crowd counting
for security [25, 37], animal crowd estimation in agricul-
ture [36], and cell counting in biomedicine [41]. Successful
counting methods have been developed by introducing deep
learning [10, 54] and self-attention [11, 28]. In recent years,
the best-performing methods are mostly based on training
Convolutional Neural Networks (CNNs) to generate Den-
sity Map Estimation (DME) over discrete grid image do-
mains [12, 28, 37, 51],

However, several challenges persist in applying current
deep learning methods for reliable counting: 1) Scale-
Dependence: CNNs [22] lack intrinsic scale equivariance,
leading to degraded performance when input sizes devi-

ate from those seen during training. This issue is par-
ticularly pronounced for inputs at resolutions differing
from the training set, as CNNs rely on fixed receptive
fields that cannot dynamically adapt to scale variations; 2)
Expressiveness-Bottleneck: Traditional grid-based density
maps approximate object distributions with Gaussian ker-
nels, imposing a fixed spatial structure that misaligns with
irregular object arrangements [50]. Gaussian smoothing
reduces noise but blurs local details, degrading fidelity in
dense and sparse regions, and limiting counting accuracy in
complex scenes.

To address these issues, we design a new object count-
ing framework named Scale-Invariant Implicit Neural Rep-
resentations (SI-INR) mapping arbitrary-scale discrete im-
ages into 2D continuous functions which are invariant to
the object or structure scales. This allows the model to pre-
serve the fine details and reduce potential information loss
for better counting accuracy and generalizability. Moreover,
the scale-invariance, an important property for the mapping
between input images and output density maps, is explicitly
introduced as the inductive bias of model itself to poten-
tially improve data efficiency and model robustness. Our
main contributions can be summarized as follows:

1. We propose Scale-Invariant Implicit Neural Representa-
tions (SI-INR), an object counting framework mapping
discrete grid signals into continuous 2D functions which
are invariant to image scaling.

2. SI-INR adopts existing transfer learning algorithm and a
novel deep neural operator based INR module to achieve
scale-invariance. A sampling-based optimization objec-
tive is then derived for efficient model training. SI-INR
can be easily integrated into existing methods, introduc-
ing scale-invariant properties to them.

3. We conduct extensive experiments to evaluate the effec-
tiveness of our SI-INR on object counting, demonstrat-
ing notable performance improvements over state-of-
the-art methods, especially on the remote sensing count-
ing dataset.
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2. Related Work
Object counting: Object counting, such as well-studied
crowd counting [29], has been developed by detecting
or segmenting individual objects in the scene. End-to-
end learning to directly map image features to object
counts has been the most successful counting strategy with
rapid advancements in deep learning Krizhevsky et al.
[21], Wang et al. [52], especially for object counting in
densely populated scenes [4]. Counting based on Den-
sity Map Estimation (DME) using convolutional neural net-
works (CNNs) [10, 24, 42, 44] to preserve translation-
invariant multi-scale image features has shown superior
performance over conventional object counting techniques.
More recent ASPDNet [11] and PSGCNet [12] have inte-
grated attention, deformable convolution, pyramidal scale
modules (PSM) to address challenges in counting such as
complex cluttered backgrounds, viewing perspective, object
appearance, and size variability. Besides, Huang et al. [15]
proposed an optimized global regression model EfreeNet,
which is more annotation-efficient. Yi et al. [57] introduced
a lightweight multiscale context fusion module (LMCFM)
and a lightweight counting scale pooling module (LCSPM)
to reduce the model complexity and computing cost. These
models have achieved state-of-the-art (SOTA) counting per-
formance on the RSOC (Remote Sensing Object Counting)
dataset [11].
Scale-equivariance and invariance: The concept of scale-
equivariance and invariance was first proposed in image
processing and computer vision [33, 34]. To handle varia-
tions in scale effectively, multi-scale features can be learned
by applying the convolutions to several rescaled versions
of the images or feature maps in every layer [17, 38] or
by rescaling trainable filters [55]. Cai et al. [3] proposed
a pyramidal structure to learn scale-dependent features,
which is widely used in object detection. Later, Gaus-
sian scale-space theory [30] and group theory [7] have been
used for achieving scale-equivariance and invariance. Lin-
deberg [31], Yang et al. [56] parameterized convolutional
filters as a linear combination of Gaussian derivative filters
with different scales, and achieved scale-equivariance in im-
age classification and segmentation tasks. Unlike models
rooted in Gaussian scale-space theory, Sosnovik et al. [47]
proposed a Scale-Equivariant Steerable Network (SESN),
which utilizes steerable filters parameterized by a trainable
linear combination of pre-calculated Hermite basis func-
tions. These models all first build a scale-equivariant model,
and use a simple pooling layer or rescale the outputs to
convert the model into a scale-invariant one [47]. How-
ever, such methods have significant demands on memory
and computational resources and can lose information in the
equivariance to invariance conversion. In 2023, Basu et al.
[2] proposed Equivariant Finetuning, which achieves equiv-
ariance by finetuning existing methods without the need to

modify the architectures.
In SI-INR, we propose a scale-invariant framework by

utilizing a scale-equivariant model to learn deep represen-
tations that adapt to input scale variations. Additionally,
we introduce a scaling operator to transform the equivariant
mapping into an invariant one.
Implicit neural representations: Implicit Neural Repre-
sentations (INRs) allow for continuous flexible represen-
tations of complex objects and scenes [1, 39, 40, 53].
Together with positional encoding strategies [45, 49] and
end-to-end hypernetwork-based learning [9, 18, 23] that
help better capture high-frequency details, efficient model
training has been developed for different computer vision
tasks with complex natural signals. More recent Hierarchi-
cal Neural Operator Transformer (HiNOTE) [35] integrates
neural operators in implicit neural representations, which
can preserve more local information and improve the gen-
eralizability of INR models.

However, there is no scale-equivariant INR models to
our knowledge. Existing INR models typically require the
fixed-size inputs and their performances suffer when han-
dling significant scale variations in inputs. In SI-INR, we
adopt a lightweight INR implementation and replace the
traditional coordinate input by continuous latent variables,
which helps capture continuous representations of targets.
This can be viewed as a deep neural operator [20] for object
counting to map each object to a scale-invariant Gaussian
distribution, offering greater flexibility when incorporating
images of varying sizes during training.

3. Method

We develop a novel object counting framework, Scale-
Invariant Implicit Neural Representation (SI-INR), that
adopts continuous INR for robust object counting with scale
variations. We start the discussion by first presenting the
problems of existing methods in Section 3.1. Next, we de-
scribe the background of scale-invariance and equivariance
in Section 3.2. We then present the detailed construct of SI-
INR in Section 3.3 with the corresponding analysis. Lastly
in Section 3.4, we provide our sampling based model train-
ing for SI-INR on object counting.

3.1. Problem Statement

In many real-world object detection and counting problems,
input images can vary significantly in dimension and size.
This variation necessitates models that can adapt to different
input dimensions while maintaining accurate detection and
counting performance.

Recent works, such as Gao et al. [12] and Li et al.
[26], integrate multi-scale features to enhance information
extraction. However, no existing approach directly uti-
lizes scale-invariant features that remain consistent despite
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Figure 1. Schematic diagram of Scale-Invariant Implicit Neural Representation (SI-INR) compared to existing Density Map Estima-
tion (DME) methods. SI-INR learns scale-invariant continuous representations in two steps: first, a scale-invariant backbone is finetuned to
extract deterministic scale-equivariant features; then, an INR decoder converts extracted features into an invariant output, a continuous rep-
resentation of task targets. Visualization of continuous and discrete representations demonstrates that continuous representations preserve
more information, leading to better reconstruction of the continuous output.

changes in input resolutions. In this paper, we propose SI-
INR, a novel object counting framework that maps inputs
with varying resolutions into a consistent continuous repre-
sentation of density maps. Instead of forcing the model to
adapt to objects at different scales, SI-INR directly trans-
forms inputs of different resolutions into a unified scale-
invariant continuous feature space. This approach enhances
feature consistency, providing a more robust foundation for
detection while enabling models to handle varying input
resolutions more effectively. By mapping inputs into a uni-
fied continuous space, SI-INR also facilitates the extrac-
tion of richer and more informative features, improving the
model’s ability to capture fine-grained details and structural
patterns across different resolutions. Moreover, by leverag-
ing efficient transfer learning techniques, we demonstrate
that SI-INR can be seamlessly integrated into existing mod-
els.

3.2. Scale Invariance and Equivariance
Consider a Scale-Translation Group [47] consisting of a
Scaling Group GS and a Translation Group GT , H = {h =
(s, t) | s ∈ GS , t ∈ GT }, where h denotes an element of H
and represents one scale-translation operator, GS denotes
the Scaling Group, which accounts for transformations that
scale an object or function, and GT denotes the Translation
Group, which handles shifting the object or function within
its domain. Besides, s is the scaling parameter, indicating
how the input is stretched or compressed; t is the translation
parameter, specifying the shifting in the domain.

From the group theory, given an image Ia ∈ V1, a map-
ping Φ : V1 → V2 is scale-equivariant if

Φ(p1(h)(Ia)) = p2(h)(Φ(Ia)), ∀h ∈ H (1)

where V2 denotes the output domain, p1(·) and p2(·) de-
note the corresponding group actions of h acting on V1, V2.
If p2(h) is the identity mapping, the mapping Φ is scale-
invariant.

3.3. SI-INR
For a given image I, existing methods aim to establish a
mapping f : RdI → RdDgt from input image I ∈ RdI to
corresponding output Dgt ∈ RdDgt .

However, traditional convolution models are not scale-
invariant as they will generate different features for inputs of
different scales, where f(p1(h)(Ia)) ̸= f(Ia). This forces
existing methods to build larger and more complex models
to detect targets in different scales [8, 12, 26]. To address
this limitation, we propose SI-INR to model the mapping
for scale-invariant continuous signal representations. SI-
INR learns a mapping Ψ : I → F from input image space
I to the continuous function space F , given by

Ψ(p1(h)(Ia))(x) = Ψ(Ia)(x) = Dgt(x), (2)

where we emphasize that the input image space I here is
more flexible considering arbitrary normalized spatial co-
ordinates, x ∈ [0, 1]2, sampling from continuous image
domain. Ψ(Ia) denotes the predicted continuous represen-
tation of density maps for Ia. Dgt denotes a continuous
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ground truth which contains more information than discrete
density maps.

Following the above formulation, to achieve a scale-
invariant mapping from the image space I to the function
space F , we propose the SI-INR modular framework con-
sisting of two components: a scale-invariant encoder and an
INR decoder. The encoder is designed to extract determin-
istic scale-invariant features resilient to different resolutions
of inputs; then the INR decoder converts extracted features
into a scale-invariant output, which is a continuous repre-
sentation of density maps.

3.3.1. Scale-Invariant Encoder
Considering the fact that backbones pretrained on large
datasets offer higher-quality features and are less prone
to local optimization pitfalls compared to training from
scratch. Instead of directly designing a scale-invariant
model, SI-INR achieves scale-invariance through a two-step
process as shown in Figure 1: First, transfer a pretrained
backbone to a scale-equivariant one. Then, rescale scale-
equivariant features to a scale-invariant representation.

Inspired by Equi-Tuning [2], SI-INR applies transfer
learning to achieve scale-equivariance. Consider a non-
equivariant pretrained backbone B(·), we want to transfer
B(·) to a scale-equivariant one BH(·) by solving the fol-
lowing optimization problem:

min
BH(Ia)

∑
h∈H

∥∥pB(h−1)B(p1(h)Ia)−BH(Ia)
∥∥2
2

s.t. BH(p1(h)Ia) = pB(h)BH(Ia) for all h ∈ H,

(3)

where pB(·) denotes the corresponding group actions of h
acting on the feature domain. One solution to this con-
vex programming formulation is shown below in (4), via
Reynold’s operator [48] to B(·):

BH(Ia) =
1

|H|
∑
h∈H

h−1B(p1(h)Ia). (4)

As illustrated in Fig. 1, this approach modifies the train-
ing process by allowing the pretrained backbone to process
inputs at arbitrary scales and compute the average features.
This effectively enables a pretrained model to achieve scale-
equivariance without requiring architectural changes. Note
that within SI-INR’s scale-invariance framework, any scale-
equivariant module can be incorporated to ensure scale-
invariant feature extraction.

After getting a scale-equivariant backbone, SI-INR fur-
ther rescales the features into a fixed resolution by a scaling
operator S(·) to transform the scale-equivariant encoder to
a scale-invariant one. Since SI-INR maps any scale features
into a fixed resolution, we have

S(BH(p1(h1)Ia)) = S(BH(p1(h2)Ia)), ∀h1, h2 ∈ H.
(5)

In summary, our scale-invariant encoder E(·) satisfies
E(p1(h)Ia) = S(BH(p1(h)Ia)) = E(Ia). We now prove
the scale-invariance of our SI-INR for any scale-translation
action on Ia in Theorem 1.

Theorem 1 Given a scale-translation operation h and an
input image Ia, SI-INR is scale-invariant:

Proof:
Ψ(p1(h)(Ia))(x) = H(E(p1(h)(Ia)))(x)

= H(E(Ia))(x) = Ψ(Ia)(x).
(6)

where H(·) denotes our INR-based decoder. Based on the
transfer learning algorithm and scaling operator, any non-
invariant encoder can be transformed into a scale-invariant
one, enhancing its capability to process inputs of varying
scales.

3.3.2. INR-based Decoder
In counting, traditional DME-based methods tend to predict
a density map D to capture spatial distribution, handling
scale variations and cluttered scenes while enabling pixel-
level supervision for improved counting accuracy.

Given an image Ia, let the counting label (annota-
tion map) DI = {(mn, yn)}N1 where N is the num-
ber of labeled objects, mn denotes the normalized image-
coordinate-based position of the n-th object (typically its
center or head), mn ∈ [0, 1]2 and yn = n denotes the
corresponding object label. Then, the density map Dgt is
modeled as 2D stochastic processes in the continuous spa-
tial domain:

Dgt (x)
def
=

N∑
n=1

N
(
x;mn, σ

212×2

)
=

N∑
n=1

1√
2πσ

exp

(
−
∥x−mn∥22

2σ2

)
,

(7)

where x denotes the normalized spatial coordinates, x ∈
[0, 1]2, N

(
x;mn, σ

212×2

)
denotes the 2D Gaussian dis-

tribution with the mean mn and isotropic covariance matrix
σ212×2.

Typically, annotation maps are converted into density
maps by convolving with Gaussian kernels. However, tradi-
tional methods produce only a discrete representation, lead-
ing to information loss and inconsistent results across dif-
ferent scale inputs.

To address this problem, we introduce a scale-invariant
continuous representation mapping H. For a query image
Ia, H maps the output of encoder into a continuous func-
tion ua : [0, 1]2 → R≥0, which means the corresponding
density value for arbitrary normalized query position x can
be predicted by evaluating the mapped continues function
at x: ua(x). Given an image Ia,

H(S(BH(Ia)),θINR)(x) = ua(x|za,θINR), (8)
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where θINR denotes the trainable parameters and the
INR model consists of LINR linear layers, θINR =
[W 1, b1 . . . ,WLINR

, bLINR
]. za denotes the scale-

invariance continuous features.
We assume that za encodes continuous information,

treating it as a continuous scale-invariant feature instead of
2D discrete arrays, which can fully utilize local details in
downstream analyses [35]. As shown in Fig. 1, our SI-INR
framework allows any arbitrary counting model to generate
scale-invariant continuous features, za, provide the flexibil-
ity to varing models that handling different targets.

For any query position x, we obtain zax by sampling from
za and use it as the input to the INR model. The INR model
then analyzes the spatial structure and content to predict the
density value D(x). We call this continuous-to-continuous
INR module a deep neural operator based INR.

With all these, the predicted value at position x can be
estimated as:

ua(x) = ϕINR
LINR

(
W T

LINR
. . .ϕINR

1 (W T
1 (z

a
x ) + b1) . . .

+ bLINR

)
.

(9)
where ϕINR(·) denotes the activation function.

In this way, SI-INR effectively models outputs as 2D
stochastic processes. This continuous representation not
only provides a unified space for inputs of different scales
but also enables the model to restore more detailed informa-
tion in density maps. Furthermore, SI-INR supports flexi-
ble training sample-based algorithms, enhancing the train-
ing process as discussed in Section 3.4.

Unlike traditional methods that rely on a fixed down-
sampling ratio, SI-INR leverages its continuous property to
generate outputs at arbitrary resolutions during inference.
By using a larger sampling grid, SINR × SINR, SI-INR
can produce more detailed density maps. Our experiments
in 4.3 show that higher-resolution density maps lead to im-
proved counting performance.

3.4. Training with Regional Sampling

To train a continuous representation of the density map, a
continuous ground truth is needed. We achieve this by di-
rectly constructing the likelihood function of any position x
given label yn as p (x | yn) = N

(
x;mn, σ

212×2

)
, which

models the density map Dgt as 2D stochastic processes in
the continuous spatial domain.

During the training, we randomly sample NS positions
x from the image domain and compute the correspond-
ing Dgt(x) through interpolation from the discrete density
maps. The counting loss function in SI-INR is:

L =
1

A

A∑
a=1

[
Ex∼ps(x)(

∥∥Dgt(x)−D(x)
∥∥2
2
)
]
, (10)

where ps(x) is any probability distribution of x which en-
ables our model to be trained using any existing stochastic
optimization algorithm.

The count predictions can be hereby obtained by sam-
pling uniformly over the normalized image domain and
computing the summation of D(x).

Building on these findings, we observe that adapting an
existing model to the SI-INR framework requires only the
integration of our scale-invariant fine-tuning and the addi-
tion of our lightweight INR module at the end of the model.
This approach is both efficient and easily applicable to any
existing method.

4. Experiments

4.1. Experimental Setup
Datasets. We evaluate the model’s performance on three
challenging datasets: (1) the Remote Sensing Object
Counting (RSOC) dataset [11]; (2) the Car Parking Lot
Dataset (CARPK) [14]; and (3) the Pontifical Catholic Uni-
versity of Parana+ Dataset (PUCPR+) [14]. Details on
the datasets and the train-test split are provided in Ap-
pendix 6.1.
Baselines. We compare SI-INR with four baseline methods:
ASPDNet [11], an attention-based network with scale pyra-
mid and deformable convolutions; PSGCNet [12], which
integrates pyramidal scale and global context modules;
eFreeNet [15], an ensemble of first-rank-then-estimate net-
works; and STEERER [13], which selects the most suitable
scale for patch objects to boost feature extraction.
Implementation. Our SI-INR can be seamlessly integrated
into any method requiring scale-invariance. To demon-
strate its effectiveness in handling inputs of varying scales,
we applied the SI-INR modification to two baseline mod-
els—PSGCNet [12] and STEERER [13]. We will call them
SI-INR(PSGCNet) and SI-INR(STEERER) later. Experi-
mental results confirm that SI-INR enhances these models’
ability to process scale-varying inputs.

To implement the scale-equivariant backbone, we fine-
tuned the backbone of the baseline models. For computa-
tional efficiency, our rescaling operator S(·) utilizes bilin-
ear interpolation. The INR network comprises four fully
connected layers with residual connections, followed by an
additional fully connected layer with learnable parameters
to generate raw density maps. We use the Adam [19] op-
timizer for both our SI-INR and baseline models, and set
the learning rate to be 1e − 4. We initialize parameters
in SI-INR by random sampling from a Gaussian distribu-
tion N (0, 0.012). We follow the baselines’ setup when
generating density maps ground truth, σ = 8 for PSGC-
Net and ASPDNet, σ = 15 for STEERER. We evaluate
our SI-INR with baseline models on the RSOC dataset,
CARPK dataset, and PUCPR+ dataset. Data augmentation
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has been implemented during model training by randomly
flipping the input images horizontally. We select the mod-
els with the lowest RMSE and proper density maps in the
first 300 training epochs and report the results. We run
all our experiments with the fixed random seed 64 on a
workstation with a NVIDIA V100 32GB GPU. We adopt
two widely used metrics in object counting tasks follow-
ing previous work [11, 37] to evaluate baselines and our
model: the Mean Absolute Error (MAE) and the Root Mean
Squared Error (RMSE). We additionally compare SI-INR
with SOTA crowd-counting methods on the UCF-QNRF
dataset in Appendix 6.3.

4.2. Main Results

Quantitative Results. Our performance evaluation on dif-
ferent benchmark datasets with the reported experimental
results on RSOC in Table 1, and CARPK and PUCPR+
in Table 2, respectively. It shows that SI-INR improves
the MAE on all the datasets compared with our baseline
models. Note that the RSOC small-vehicle and RSOC ship
datasets exhibit the largest scale variations and the smallest
target objects within the RSOC dataset as we show in Ap-
pendix 6.1, the significant improvement on these datasets
shows that SI-INR makes PSGCNet and STEERER more
robust to scale changes of inputs. Compared with other
methods with fixed downsample ratio and can only gener-
ate fixed scale density maps, SI-INR improves the count-
ing performance by directly generating larger and clearer
density maps as we showed in Table 4. These results high-
light the significant advantages of SI-INR in handling tar-
gets across varying scales.
Visualization. Note that PSGCNet and STEERER follow
different setup when generate ground truth, we visualize
the predicted density maps generated by SI-INR(PSGCNet)
and SI-INR(STEERER) separately in Figure 2 and Figure 3,
excluding eFreeNet [15], as it is a regression-based count-
ing method.

In Figure 2, all four images are randomly sampled from
the RSOC dataset, with the first three from the RSOC
ship dataset and the last one from the RSOC small-vehicle
dataset. As shown, SI-INR(PSGCNet) delivers more accu-
rate counting performance, particularly when the objects’
appearance and scales are complex. In the first three im-
ages, SI-INR(PSGCNet) generates clearer density maps. In
the last image from the RSOC small-vehicle dataset, where
the cars are too small for the other SOTA methods to de-
tect, SI-INR(PSGCNet)’s scale-invariant property enables
it to produce higher-quality density maps and achieve better
counting accuracy. In Figure 3, SI-INR (STEERER) pro-
duces nearly identical Gaussian distributions for different
objects, a more stable output, whereas STEERER exhibits
more fluctuating brightness variations
Inference Efficiency. Thanks to the transfer learning algo-

rithm and the lightweight INR-based decoder, which con-
sists of only four linear layers, integrating SI-INR into exist-
ing methods does not significantly impact inference speed.
On the RSOC building dataset, ASPD-Net requires ap-
proximately 15.13 seconds for inference, PSGC-Net takes
around 2.47 seconds, eFreeNet runs in about 3.84 seconds,
and our SI-INR(PSGCNet) model completes inference in
approximately 2.67 seconds. This slight increase in infer-
ence time results in a more robust model that remains in-
variant to scale and resolution variations.
Generalization Results. In this section, we evaluate the
robustness of SI-INR(PSGCNet) and baseline methods to
the scale variation in testing data by testing models using
images with resolutions different from training images. To
further increase the scale variance inside the RSOC dataset,
we limit the training images in a fixed scale 512 × 512,
rescale test images into 5 different resolutions: 205 × 205,
307 × 307, 410 × 410, 512 × 512, 614 × 614, and test
our SI-INR(PSGCNet) as well as baselines on the rescaled
test images. The varying scales in the test set better reflect
real-world conditions, where input images appear at differ-
ent sizes due to changes in altitude, camera settings, or im-
age cropping. SI-INR(PSGCNet) significantly outperforms
the baseline models when the variation of resolution in test
image is presented. The performance advantages over base-
line models illustrate that our SI-INR(PSGCNet) is not only
more robust compared to other baselines when processing
images with unseen resolutions, but also more data effi-
cient. Especially on PUCPR+ dataset, SI-INR(PSGCNet)
reduces MAE by 70.9% and RMSE by 71.64% compared
with efREENet. Furthermore, as illustrated in Figure 4,
SI-INR(PSGCNet) achieves superior counting accuracy and
produces higher-quality density maps when facing differ-
ent resolution inputs even with extremely low resolution
like 104 × 104, demonstrating its enhanced ability to han-
dle scale variance compared to traditional methods. Al-
though the performances of all the models degrade with
small-scale inputs, our SI-INR(PSGCNet) can still produce
density maps with the objects well separated. Moreover, the
underestimation of object counts is much less severe in SI-
INR(PSGCNet) compared to the baselines, which demon-
strates the robustness of SI-INR(PSGCNet) under scale
variation.

4.3. Ablation studies

In this section, we test the sensitivity of the counting per-
formance of our SI-INR(PSGCNet) model with respect to
Sampling Rate SINR.

We report the prediction accuracy and include the pre-
dicted density maps by our SI-INR trained with the loss es-
timated by sampling from the grids of different size SINR×
SINR in Table 4. In this section, we evaluate the count-
ing performance of SI-INR(PSGCNet) on the RSOC ship
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Table 1. Comparison of counting performances on the RSOC datasets.

Method Loss Building Small-vehicle Large-vehicle Ship
MSE. Bayes. MAE RMSE MAE RMSE MAE RMSE MAE RMSE

MCNN ✓ 13.65 16.56 488.65 1317.44 36.56 56.55 263.91 412.30
eFreeNet ✓ 6.99 9.61 195.86 463.62 14.55 19.77 65.34 85.45
PSGCNet ✓ 7.33 11.02 346.78 952.64 21.54 32.75 75.27 94.79
PSGCNet ✓ 7.18 10.98 196.25 360.15 14.47 26.19 72.07 98.06
ASPDNet ✓ 7.40 11.06 378.23 978.93 18.76 31.06 63.32 84.85
ASPDNet ✓ 7.59 11.07 365.69 1101.25 16.61 29.26 64.82 89.24
STEERER ✓ 6.60 9.95 84.18 197.65 9.96 15.76 38.38 55.13

SI-INR(PSGC) ✓ 6.54 9.80 157.18 306.43 12.61 21.78 59.76 81.79
SI-INR(STEERER) ✓ 6.81 10.31 78.06 192.83 8.56 15.33 33.40 46.39

Figure 2. Predicted density maps by SI-INR(PSGCNet) and its baselines for four test images from RSOC. The test images (Test Images)
and corresponding density maps (GT) are randomly sampled. The illustrated density maps are predicted by PSGCNet with MSE loss
(PSGCNet+MSE), PSGCNet with Bayesian counting loss (PSGCNet+Bayes), ASPDNet with MSE loss (ASPD+MSE), ASPDNet with
Bayesian counting loss (ASPD+Bayes), and SI-INR. Warmer colors denote higher values while cooler colors denote lower values.

Table 2. Comparison of counting performances on the CARPK
and PUCPR+ datasets.

Method Loss CARPK PUCPR+
MSE. Bayes. MAE RMSE MAE RMSE

MCNN [59] ✓ 24.95 39.63 21.86 29.53
eFreeNet [15] ✓ 46.42 52.34 18.98 23.03
PSGCNet [12] ✓ 11.07 14.55 3.87 4.86
PSGCNet [12] ✓ 7.71 10.28 3.17 5.27
ASPDNet [11] ✓ 10.01 12.84 4.21 5.02
ASPDNet [11] ✓ 9.98 13.19 4.48 5.93

SAFECount [58] ✓ 5.33 7.04 2.24 3.44
STEERER [13] ✓ 3.89 5.73 2.84 3.64

SI-INR(PSGCNet) ✓ 5.54 7.43 2.09 2.70
SI-INR(STEERER) ✓ 3.38 4.33 2.55 3.36

and small-vehicle datasets with SINR = 8, 16, 32, 64, 128.
The results show that SI-INR(PSGCNet) achieves better

Figure 3. Predicted density maps by SI-INR(STEERER) and its
baseline for test images from RSOC.
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Table 3. Counting performance of handling unseen scales images on the CARPK, PUCPR+, RSOC building datasets and RSOC large-
vehicle datasets.

Method Loss CARPK PUCPR+ Building Large-vehicle
MSE. Bayes. MAE RMSE MAE RMSE MAE RMSE MAE RMSE

eFreeNet ✓ 50.37 56.83 30.45 35.59 16.97 19.72 49.39 57.26
PSGCNet ✓ 39.36 54.13 49.51 77.05 11.56 16.43 28.74 46.22
PSGCNet ✓ 37.63 52.46 32.58 52.38 12.09 16.96 22.47 39.99
ASPDNet ✓ 41.28 53.62 46.31 75.18 11.31 15.60 26.86 40.17
ASPDNet ✓ 37.25 52.26 35.02 63.90 11.37 16.11 22.11 39.37

SI-INR(PSGCNet) ✓ 24.30 28.09 8.85 11.91 7.96 11.29 21.89 30.47

Figure 4. Predicted density maps by SI-INR(PSGCNet) and other baselines for two test images from RSOC. Two test images are rescaled
to 205× 205, 307× 307, 410× 410, 512× 512, 614× 614 before fed into the models.

counting performance as SINR increases from 8 to 128.
This effect is particularly pronounced for the RSOC small-
vehicle dataset, where SINR significantly impacts counting
accuracy. Since the targets are very small, training with a
higher SINR helps the model more accurately locate the
vehicles. Besides, this continuous property helps make it
easy to balance the computation costs and the counting ac-
curacy requirement. We further visualize several results in
Appendix 6.4.

Table 4. Effect of sampling rate SINR on object counting in SI-
INR(PSGCNet).

Method RSOC-ship RSOC-small-vehicle
MAE RMSE MAE RMSE

SINR=8 127.14 173.21 277.50 1017.56
SINR=16 65.49 93.03 273.78 1016.11
SINR=32 62.97 86.81 255.12 821.21
SINR=64 62.26 83.98 243.66 731.51
SINR=128 59.76 81.79 157.18 306.43

5. Conclusions

In this paper, we introduce SI-INR, a novel scale-invariant
INR implementation that maps discrete grid image signals
into continuous 2D function space, maintaining invariance
to scaling variation of the input signals. For object count-
ing, SI-INR achieves SOTA performance, our experiments
demonstrate that SI-INR makes existing methods excep-
tionally more robust and flexible, capable of processing im-
ages of unseen resolutions during testing and effectively
handling images of various scales during training. This
flexibility allows SI-INR to learn and capture more detailed
features from different input training images. SI-INR can
be easily applied to other image analysis tasks to achieve
arbitrary-scale SOTA performance robustly with respect to
input image size/resolution. Future work will focus on ap-
plying SI-INR to multi-task scenarios.
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[22] Yann LeCun, Léon Bottou, Yoshua Bengio, and Patrick
Haffner. Gradient-based learning applied to document recog-
nition. Proceedings of the IEEE, 86(11):2278–2324, 1998.

[23] Doyup Lee, Chiheon Kim, Minsu Cho, and WOOK SHIN
HAN. Locality-aware generalizable implicit neural represen-
tation. Advances in Neural Information Processing Systems,
36, 2024.

[24] Victor Lempitsky and Andrew Zisserman. Learning to count
objects in images. Advances in Neural Information Process-
ing Systems, 23, 2010.

[25] Yuhong Li, Xiaofan Zhang, and Deming Chen. CSRNet:
Dilated convolutional neural networks for understanding the
highly congested scenes. In Proceedings of the IEEE Con-
ference on Computer Vision and Pattern Recognition, pages
1091–1100, 2018.

[26] Zhaoxin Li, Shuhua Lu, Yishan Dong, and Jingyuan Guo.
Msffa: a multi-scale feature fusion and attention mechanism
network for crowd counting. The Visual Computer, 39(3):
1045–1056, 2023.

2316



[27] Dingkang Liang, Wei Xu, and Xiang Bai. An end-to-end
transformer model for crowd localization. In European Con-
ference on Computer Vision, pages 38–54. Springer, 2022.

[28] Hui Lin, Zhiheng Ma, Rongrong Ji, Yaowei Wang, and Xi-
aopeng Hong. Boosting crowd counting via multifaceted at-
tention. In Proceedings of the IEEE/CVF conference on com-
puter vision and pattern recognition, pages 19628–19637,
2022.

[29] Sheng-Fuu Lin, Jaw-Yeh Chen, and Hung-Xin Chao. Esti-
mation of number of people in crowded scenes using per-
spective transformation. IEEE Transactions on Systems,
Man, and Cybernetics-Part A: Systems and Humans, 31(6):
645–654, 2001.

[30] Tony Lindeberg. Scale-space theory: A basic tool for analyz-
ing structures at different scales. Journal of applied statistics,
21(1-2):225–270, 1994.

[31] Tony Lindeberg. Scale-covariant and scale-invariant gaus-
sian derivative networks. Journal of Mathematical Imaging
and Vision, 64(3):223–242, 2022.

[32] Chengxin Liu, Hao Lu, Zhiguo Cao, and Tongliang Liu.
Point-query quadtree for crowd counting, localization, and
more. In Proceedings of the IEEE/CVF International Con-
ference on Computer Vision, pages 1676–1685, 2023.

[33] David G Lowe. Object recognition from local scale-invariant
features. In Proceedings of the seventh IEEE interna-
tional conference on computer vision, pages 1150–1157.
Ieee, 1999.

[34] David G Lowe. Distinctive image features from scale-
invariant keypoints. International journal of computer vi-
sion, 60:91–110, 2004.

[35] Xihaier Luo, Xiaoning Qian, and Byung-Jun Yoon. Hierar-
chical neural operator transformer with learnable frequency-
aware loss prior for arbitrary-scale super-resolution. arXiv
preprint arXiv:2405.12202, 2024.

[36] Zheng Ma, Lei Yu, and Antoni B Chan. Small instance detec-
tion by integer programming on object density maps. In Pro-
ceedings of the IEEE Conference on Computer Vision and
Pattern Recognition, pages 3689–3697, 2015.

[37] Zhiheng Ma, Xing Wei, Xiaopeng Hong, and Yihong Gong.
Bayesian loss for crowd count estimation with point super-
vision. In Proceedings of the IEEE/CVF International Con-
ference on Computer Vision, pages 6142–6151, 2019.

[38] Diego Marcos, Benjamin Kellenberger, Sylvain Lobry, and
Devis Tuia. Scale equivariance in cnns with vector fields.
arXiv preprint arXiv:1807.11783, 2018.

[39] Lars Mescheder, Michael Oechsle, Michael Niemeyer, Se-
bastian Nowozin, and Andreas Geiger. Occupancy networks:
Learning 3d reconstruction in function space. In Proceedings
of the IEEE/CVF Conference on Computer Vision and Pat-
tern Recognition, pages 4460–4470, 2019.

[40] Michael Oechsle, Lars Mescheder, Michael Niemeyer, Thilo
Strauss, and Andreas Geiger. Texture fields: Learning tex-
ture representations in function space. In Proceedings of the
IEEE/CVF International Conference on Computer Vision,
pages 4531–4540, 2019.

[41] Joseph Paul Cohen, Genevieve Boucher, Craig A Glaston-
bury, Henry Z Lo, and Yoshua Bengio. Count-ception:

Counting by fully convolutional redundant counting. In Pro-
ceedings of the IEEE International Conference on Computer
Vision workshops, pages 18–26, 2017.

[42] Viresh Ranjan, Hieu Le, and Minh Hoai. Iterative crowd
counting. In Proceedings of the European conference on
computer vision (ECCV), pages 270–285, 2018.

[43] Jihye Ryu and Kwangho Song. Crowd counting and indi-
vidual localization using pseudo square label. IEEE Access,
2024.

[44] Vishwanath A Sindagi and Vishal M Patel. Ha-ccn: Hierar-
chical attention-based crowd counting network. IEEE Trans-
actions on Image Processing, 29:323–335, 2019.

[45] Vincent Sitzmann, Julien Martel, Alexander Bergman, David
Lindell, and Gordon Wetzstein. Implicit neural representa-
tions with periodic activation functions. Advances in Neural
Information Processing Systems, 33:7462–7473, 2020.

[46] Qingyu Song, Changan Wang, Zhengkai Jiang, Yabiao
Wang, Ying Tai, Chengjie Wang, Jilin Li, Feiyue Huang, and
Yang Wu. Rethinking counting and localization in crowds:
A purely point-based framework. In Proceedings of the
IEEE/CVF International Conference on Computer Vision,
pages 3365–3374, 2021.

[47] Ivan Sosnovik, Michał Szmaja, and Arnold Smeulders.
Scale-equivariant steerable networks. arXiv preprint
arXiv:1910.11093, 2019.

[48] Bernd Sturmfels. Algorithms in invariant theory. Springer
Science & Business Media, 2008.

[49] Matthew Tancik, Pratul Srinivasan, Ben Mildenhall, Sara
Fridovich-Keil, Nithin Raghavan, Utkarsh Singhal, Ravi Ra-
mamoorthi, Jonathan Barron, and Ren Ng. Fourier features
let networks learn high frequency functions in low dimen-
sional domains. Advances in Neural Information Processing
Systems, 33:7537–7547, 2020.

[50] Jia Wan and Antoni Chan. Adaptive density map generation
for crowd counting. In Proceedings of the IEEE/CVF Inter-
national Conference on Computer Vision, pages 1130–1139,
2019.

[51] Jia Wan, Ziquan Liu, and Antoni B Chan. A generalized loss
function for crowd counting and localization. In Proceedings
of the IEEE/CVF conference on computer vision and pattern
recognition, pages 1974–1983, 2021.

[52] Chuan Wang, Hua Zhang, Liang Yang, Si Liu, and Xiaochun
Cao. Deep people counting in extremely dense crowds. In
Proceedings of the 23rd ACM international conference on
Multimedia, pages 1299–1302, 2015.

[53] Yuehao Wang, Yonghao Long, Siu Hin Fan, and Qi Dou.
Neural rendering for stereo 3d reconstruction of deformable
tissues in robotic surgery. In International Conference on
Medical Image Computing and Computer-Assisted Interven-
tion, pages 431–441. Springer, 2022.

[54] Longyin Wen, Dawei Du, Pengfei Zhu, Qinghua Hu, Qilong
Wang, Liefeng Bo, and Siwei Lyu. Detection, tracking, and
counting meets drones in crowds: A benchmark. In Proceed-
ings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition, pages 7812–7821, 2021.

[55] Yichong Xu, Tianjun Xiao, Jiaxing Zhang, Kuiyuan Yang,
and Zheng Zhang. Scale-invariant convolutional neural net-
works. arXiv preprint arXiv:1411.6369, 2014.

2317



[56] Yilong Yang, Srinandan Dasmahapatra, and Sasan Mah-
moodi. Scale-equivariant unet for histopathology image seg-
mentation. arXiv preprint arXiv:2304.04595, 2023.

[57] Jun Yi, Zhilong Shen, Fan Chen, Yiheng Zhao, Shan Xiao,
and Wei Zhou. A lightweight multiscale feature fusion net-
work for remote sensing object counting. IEEE Transactions
on Geoscience and Remote Sensing, 61:1–13, 2023.

[58] Zhiyuan You, Kai Yang, Wenhan Luo, Xin Lu, Lei Cui, and
Xinyi Le. Few-shot object counting with similarity-aware
feature enhancement. In Proceedings of the IEEE/CVF Win-
ter Conference on Applications of Computer Vision, pages
6315–6324, 2023.

[59] Yingying Zhang, Desen Zhou, Siqin Chen, Shenghua Gao,
and Yi Ma. Single-image crowd counting via multi-column
convolutional neural network. In Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition,
pages 589–597, 2016.

[60] Fushun Zhu, Hua Yan, Xinyue Chen, Tong Li, and Zhengyu
Zhang. A multi-scale and multi-level feature aggregation
network for crowd counting. Neurocomputing, 423:46–56,
2021.

2318


	Introduction
	Related Work
	Method
	Problem Statement
	Scale Invariance and Equivariance
	SI-INR
	Scale-Invariant Encoder
	INR-based Decoder

	Training with Regional Sampling

	Experiments
	Experimental Setup
	Main Results
	Ablation studies

	Conclusions
	Supplementary information of experiments
	Data
	Baselines
	Comparison on UCF-QNRF dataset
	Visualization the influence of SINR to SI-INR


