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Abstract

The introduction of Feature Pyramid Network (FPN) has sig-
nificantly improved object detection performance. However,
substantial challenges remain in detecting tiny objects, as
their features occupy only a very small proportion of the fea-
ture maps. Although FPN integrates multi-scale features, it
does not directly enhance or enrich the features of tiny ob-
jects. Furthermore, FPN lacks spatial perception ability. To
address these issues, we propose a novel High Frequency and
Spatial Perception Feature Pyramid Network (HS-FPN) with
two innovative modules. First, we designed a high frequency
perception module (HFP) that generates high frequency re-
sponses through high pass filters. These high frequency re-
sponses are used as mask weights from both spatial and chan-
nel perspectives to enrich and highlight the features of tiny
objects in the original feature maps. Second, we developed
a spatial dependency perception module (SDP) to capture
the spatial dependencies that FPN lacks. Our experiments
demonstrate that detectors based on HS-FPN exhibit compet-
itive advantages over state-of-the-art models on the AI-TOD
dataset for tiny object detection.

1 Introduction

Tiny Object Detection (TOD), a subtask of general object
detection, focuses on detecting tiny-sized objects that Al-
TOD (Wang et al. 2021) defines as being less than 16 x 16
pixels. TOD plays an important role in scenarios such as
traffic sign detection, scene monitoring, unmanned aerial
vehicle analysis, pedestrian detection, autonomous driving,
and maritime rescue.

Despite the development of deep learning bringing forth
many outstanding object detection frameworks that have
achieved impressive performance on regular-sized objects,
the performance of these frameworks drops significantly
when it comes to detecting tiny objects. Based on recent
reviews and surveys on tiny object detection (Cheng et al.
2023; Li et al. 2022; Tong and Wu 2022), we infer that the
performance decline can be attributed to three factors: tiny
objects have limited usable features, their features are eas-
ily interfered with, and general network architectures do not
adequately focus on tiny objects. Moreover, in recent years,
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large vision models (Zeng et al. 2023; Zhong et al. 2022)
have mostly been studied only on the general COCO dataset
(Lin et al. 2014), without giving extra attention to tiny ob-
jects. Due to these reasons, tiny object detection has gradu-
ally become a challenging research direction in the field of
computer vision.

Feature Pyramid Network (FPN) (Lin et al. 2017) has
already become an indispensable part of object detection
models (Ren et al. 2015). FPN leverages multi-scale feature
maps produced by the backbone network (typically ResNet
(He et al. 2016)), propagating the strong semantics of deep
feature maps to shallow feature maps, significantly enhanc-
ing the information content of the shallow features.

Although experiments have shown that FPN significantly
improves object detection performance, there are still some
challenges when it comes to detecting tiny objects, as de-
scribed below:

Tiny objects have limited usable features. Although
FPN integrates deep and shallow features, it does not di-
rectly increase the feature content for tiny objects. Due to
the small pixel area of tiny objects, frequent downsampling
by the backbone network continually compresses the feature
size of tiny objects, resulting in only a few pixels of feature
representation for tiny objects in the final feature map. Weak
feature responses are not enough for precise detection and
location.

Tiny objects lack network attention. The feature re-
sponses of tiny objects are relatively weak and susceptible
to interference, requiring extra attention. However, FPN ap-
plies the same processing method to features at each layer:
1 x 1 convolutions to reduce the number of channels, to-
down features fusion and 3 x 3 convolutions to integrate
outputs, without providing special treatment for tiny objects
features.

FPN lacks spatial perception ability. By merging upper
and lower layer features in a pixel-by-pixel addition man-
ner, FPN lacks spatial perception ability around tiny targets.
The pixel offset caused by recursive upsampling in FPN re-
sults in misalignment of tiny target features between upper
and lower layers. Therefore, it is necessary to enhance the
spatial perception ability of FPN and enrich the contextual
information of tiny target features.

In fact, many traditional methods for detecting tiny ob-
jects are based on frequency domain techniques (Achanta
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Figure 1: Target region after filtering out low-frequency components across different ranges (top), 3D surface representations
(down), and the SCR of the target (marked in red text). (a) The original image containing a tiny ship target; (b) The target
neighborhood image without filtering; (c - d) Filtering out low-frequency components in the top-left corner of the DCT results,
from the 0 x 0 to 100 x 100 region. It shows that the SCR first increases and then decreases as the filtering range is expanded.

et al. 2009; Zhang et al. 2011). For example, wavelet trans-
form can be used to separate the original image into low-
frequency and high-frequency components, and then thresh-
olding can be applied to the high-frequency components to
detect tiny objects (Zhao, Liu, and Mo 2012). Because low-
frequency components represent the overall contours and
large, smooth areas of the image, while tiny objects typi-
cally appear as details and edges, which correspond to high-
frequency components in the image’s frequency spectrum.
By filtering out the low-frequency components, tiny objects
can be highlighted. This can be achieved by using discrete
cosine transform (DCT) and a high-pass filter. The effec-
tiveness of this filtering can be quantified using the Signal to
Clutter Ratio (SCR), which reflects the degree of discrimi-
nation between the target and its surrounding background in
the local image region. A higher SCR value generally indi-
cates a more salient target. The SCR is mathematically de-
fined as:
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where p; is the average gray value of the target region (a
local image region of 40 x 40 pixels centered around the
target in this work), and p;, and oy, are the average and stan-
dard deviation of the gray value in the target’s neighborhood,
respectively. Figure 1 shows the target regions, their 3D sur-
face representations, and the SCR values after filtering out
low-frequency components across different ranges. The re-
sults indicate that moderate filtering of low-frequency com-
ponents can significantly improve SCR, making tiny objects
more prominent.

Inspired by the above, we firstly design a high frequency
perception module (HFP) to enhance the features of tiny ob-
jects by filtering out low-frequency components in the FPN
feature maps. HFP begins with a predefined high-pass fil-
ter to extract the high-frequency response of the input fea-
ture map. This high-frequency response is used to refine
the original feature map through both channel and spatial
branches. The channel path dynamically allocates weights
to each channel of the original feature map based on the
high-frequency response, highlighting channels with more
tiny object features. The spatial path allocates weights to

6897

each pixel in the original feature map based on the high-
frequency response, generating a spatial mask that directs
attention on the areas with tiny object features. Secondly, we
design a spatial dependency perception module (SDP) oper-
ated between adjacent upper and lower feature maps. SDP
calculates similarity at the pixel level and learns the spatial
dependencies between adjacent pixel in the upper and lower
feature maps, enriching tiny object features by leveraging
valuable spatial dependencies.

Experiments show that using ResNet50 as the backbone,
Faster R-CNN based on HS-FPN achieves an average preci-
sion (AP) of 20.3 on the AI-TOD dataset, compared to 18.3
with FPN. Similarly, Cascade R-CNN based on HS-FPN im-
proves AP from 20.2 to 23.6. Furthermore, HS-FPN has a
similar overall structure to FPN and can easily embedded
into any model that requires FPN.

The main contributions of this paper are as follows:

* We reveal three issues faced by current FPN-based object
detection models in detecting tiny objects.

* We propose a novel feature pyramid network, HS-FPN,
which addresses these issues mentioned above through
high frequency perception module and spatial depen-
dency perception module.

* We integrate HS-FPN into various detection models to
replace FPN, and evaluate its performance on multiple
tiny object detection datasets. Experiments indicate that
HS-FPN significantly improves performance compared
to FPN.

2 Related Work
2.1 Tiny Object Detection

Most of the research on TOD focuses on three main as-
pects: benchmark construction, better label assignment strat-
egy, and multi-scale learning.

Benchmark construction. Generally used datasets like
COCO (Lin et al. 2014) lack sufficient tiny object instances.
To address this, new datasets such as AI-TOD (Wang et al.
2021), SODA (Cheng et al. 2023), and AI-TOD-v2 (Xu
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Figure 2: The overall structure of HS-FPN and the details of
the lateral connection. HFP means high frequency percep-
tion module while SDP means spatial dependency percep-
tion module. For better visualization, convolution layers are
omitted. Please note that SDP dose not appear in Ps.

et al. 2022a) have been developed, including more tiny ob-
ject samples and effective evaluation metrics, advancing de-
tection techniques.

Better label assignment strategy. The Intersection over
Union (IoU) metric, commonly used for matching predicted
boxes with ground truth, is highly sensitive to location devi-
ations in tiny objects, significantly compromising label as-
signment quality in anchor-based detectors. There have al-
ready been some improvements to the IoU metric, meth-
ods such as Dot Distance (Xu et al. 2021), NWD (Xu et al.
2022a), and RFLA (Xu et al. 2022b), have demonstrated ef-
fectiveness in TOD.

Multi-scale learning. As a classic multi-scale learn-
ing method, FPNs (Lin et al. 2017; Liu et al. 2018; Luo
et al. 2022) effectively integrates high-level semantics from
deeper feature maps with detailed information from shal-
lower ones through a top-down structure and lateral connec-
tions, significantly improving tiny object detection perfor-
mance.

2.2 Learning in Frequency Domain

Frequency domain analysis has long been a crucial tool in
image processing. With the breakthroughs in deep learning,
researchers have increasingly integrated frequency domain
information into deep learning methods (Xu et al. 2020). For
instance, Rao et al. (2023) used 2D discrete Fourier trans-
form and a set of learnable frequency filters to enable fre-
quency domain interactions between tokens, learning long-
term spatial dependencies in the frequency domain with log-
linear complexity. Qin et al. (2021) mathematically demon-
strated that the commonly used Global Average Pooling is
equivalent to the lowest frequency component in the DCT
and assigned weights to each channel of the feature map
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based on DCT. While these studies were not all specifically
focused on tiny object detection, they have inspired our re-
search.

3 Method

In this section, we detail the HS-FPN framework and its
components. As shown in Figure 2, the structure of HS-
FPN is similar to FPN, collecting four feature maps from the
backbone network and reducing their channel dimensions to
256 using 1 x 1 convolutions. These reduced-channel fea-
tures are named as {Cs, C5, Cy, Cs} which have strides of
{4, 8, 16, 32} pixels relative to the input image. The fea-
ture pyramid { P>, P5, Py, Ps} is generated by the top-down
pathway in HS-FPN. Each lateral connection in HS-FPN
contains two modules: high frequency perception module
(HFP) and spatial dependency perception (SDP) module.
HFP generates high frequency responses to enrich the infor-
mation of tiny objects in C; while SDP takes {C}, P11} as
inputs using pixel-level cross attention mechanism to learn
the relationships between pixels in {C;, P;11} and then us-
ing valuable spatial dependencies to enrich the features of
tiny targets. Please note that all laterals of HS-FPN contain
the HFP module, while only { P, P, P4} layers contain the
SDP module. Finally, the output features of HS-FPN at each
layer are obtained from {P», Ps, Py, Ps} through separate
3 x 3 convolutions for subsequent detection tasks.

3.1 High Frequency Perception Module

To address the issues mentioned in Section 1 that tiny ob-
jects have limited usable features and FPN does not pay ex-
tra attention to tiny objects, we propose the high frequency
perception module (HFP). As shown in Figure 3, HFP con-
sists of a high-frequency feature generator, a channel path
(CP), and a spatial path (SP). Assuming the input feature
C; has a size of R(C*HixW:i) HFP first applies a high-
pass filter to C; to obtain the high frequency responses F;
which has the same size of C;. Then F; is used respec-
tively as input for CP and SP to generate channel atten-
tion weights u©F € R(©*1*1) and spatial attention weights
uSP € ROXH:ixWi) These weights are broadcast along the
spatial and channel dimensions, respectively, and element-
wise multiplied with C;. Finally, the results from CP and SP
are added and then passed through a 3 x 3 convolution to
produce the output of HFP, denoted as C;HEP,

Channel Path. It is undeniable that each channel of
C; contributes differently to the representation of tiny ob-
jects. Therefore, we aim to identify the channels within C;
that contain more tiny object features and assign them dis-
tinct weights. General channel attention (Roy, Navab, and
Wachinger 2018; Woo et al. 2018) is typically calculated
across the entire feature map. However, since tiny object
features occupy a relatively small proportion of the origi-
nal feature map, the channel weights computed across the
whole map are easily influenced by low-frequency homoge-
neous background. By applying a high-pass filter to C;;, most
low-frequency components and homogeneous background
are filtered out, increasing the proportion of tiny object fea-
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Figure 3: The design ideas of HFP, which consists of a high frequency feature generator, a channel path (CP), and a spatial
path (SP). Please note that the high frequency feature extractor within the dashed box is implemented only in the { P2, P3} and

the two high frequency features in the diagram are identical. @ means Hadamard product, @ means feature cognate and @

denotes pixel-by-pixel summation. o refers ReLU function.

tures in the high-frequency responses F;. As a result, calcu-
lating channel attention at F; becomes more accurate.

To more effectively extract information from each chan-
nel, we chose to compress the spatial dimensions of F}, en-
suring that each channel of Fj is representative. Global Av-
erage Pooling (GAP) can integrate the spatial information
of the feature map to obtain an overall representation, while
Global Max Pooling (GMP) captures the maximum activa-
tion value in each channel. Therefore, we use both GAP and
GMP to process Fj, integrating its feature information to
facilitate the subsequent calculation of each channel’s im-
portance to tiny objects. Firstly, as shown in Figure 3, we
perform a GAP and a GMP on F; separately, resulting in
FEAP and FEMP 1t is important to note that we directly
pool F; into R(C*k*k) jnstead of pooling it to the same size
of u®F | as that results in a significant loss of information. In
this paper, k is generally set to 16, as when k is too small,
key information is lost in both GAP and GMP; when k is too
large, the effectiveness of both operations diminishes. Next,
we apply the ReLU function to both FFAP and FEME to
retain positive values, and then sum across each channel to
generate two one-dimensional feature vectors. These vectors
are then passed through separate 1 x 1 group convolutions
to generate different channel scores. These scores are then
concatenated and passed through another 1 x 1 group con-
volution, producing the final channel attention weights ¢ .

Spatial Path. The SP of HFP is designed to help the
model better focus on tiny object features within the spatial
range, achieving an effect similar to self-attention (Vaswani
et al. 2017). However, self-attention relies on similarity cal-
culations between feature pixels to emphasize important in-
formation. Given that tiny object features are weak and
FPN’s shallow feature maps contain noise, self-attention
may struggle to effectively highlight tiny object features and
could even amplify noise and background responses. With
the help of the high-pass filter, the low-frequency homoge-
neous background in F; is filtered out and tiny object fea-
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Figure 4: Tllustration of High-Pass Filter.

tures are enhanced. Therefore, we use F; as a spatial mask.
Specifically, a 1 x 1 convolution aggregates the channel-wise
information of F; to generate the spatial attention mask 17 .

High-Pass Filter. To highlight tiny object features in the
input feature map, we designed a high-pass filter in HFP,
as shown in Figure 4. The filter z has the same size of
F;, assumed to be R(C*HixWi) Since the low-frequency
components of the DCT spectrum are concentrated in the
top-left corner and the high-frequency components are dis-
tributed towards the bottom-right corner, we introduce a
hyper-parameter « to control the frequency band of the filter.
Specifically, the values of filter z are determined as follows:

,a €10,1]  (2)

z(u,v) =

{0 u<aH,v<aW

1 else

When o = 0, all values of filter z are 1, making F; identical
to C;. When a = 1, all values of filter z are 0, blocking
all frequencies. The high-pass filter z only works when «
is between 0 and 1, filtering out low-frequency components
from C; to generate high-frequency responses F;.
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feature blocks used in ViT.
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3.2 Spatial Dependency Perception Module

By merging upper and lower layer features in a pixel-by-
pixel addition manner, FPN lacks spatial perception ability
around tiny targets, as shown in Figure 5 (a). However, en-
hancing spatial perception is crucial. For instance, the pixel
offset caused by recursive upsampling in FPN results in mis-
alignment between features {C;, P, 11}, which greatly af-
fects the accuracy of tiny object features. Inspired by the
attention mechanism in Vision Transformer (ViT) (Doso-
vitskiy et al. 2020), we designed the spatial dependency
perception module (SDP) to capture the mapping between
pixels in {C;, P;+1}. The attention mechanism, proficient
at capturing long-range dependencies, enables pixels from
lower-level features C; to interact not only with pixels at the
same spatial location in P; 1, but also with a wider range of
pixels. Ultimately, we leverage the valuable spatial depen-
dencies captured before to enrich the features of tiny objects.

As shown in Figure 6, we first upsample P;;; to match
the size of C;, and name the upsampled feature P ;. Subse-
quently, we compute the Query (Q), Key (K), and Value (V)
matrices through three separate 1 x 1 convolutions, where Q
is derived from C; and K, V are derived from P}, ;. Next, we
divide the {Q, K, V} matrices into multiple feature blocks.

6900

For simplicity, let’s assume the dimensions of {Q, K, V} are
R(EXH:ixW:) Since the detection framework doesn’t con-
strain input image size, the feature block size must be ad-
justed based on the actual input image to avoid issues with
non-divisible dimensions. Please note that the input feature
maps in the feature pyramid {C3, C3, Cy, C5} are multiples
of each other in size, so making the feature block have the
same size with C5 could ensure a perfect division. Based
on this assumption, we partition {Q, K, V} into feature
blocks and reshape them into R(™*(HsxWs)xC) 'ywhere n =
IZIO X %o C is the number of channels in C;, Hs x Wi is the
resolution of Cj. It can be explained as: C; can be divided
into n feature blocks with each block containing Hs x Wj
feature points, and each point is represented as a C' dimen-
sional column vector. Then we extract corresponding feature
blocks g; and k;j (1 < j < n,q;,k; € R(HxWs)xCO)) from
{Q, K} and calculate their similarity and obtain the similar-
ity matrix a; € R((HsxWs)x(HsxWs)) Finally, each feature
point in the corresponding block v; from V is weighted by
a; to generate feature blocks rich in spatial dependencies
and high-level semantics.

(Qj X ij

3

/e 3)
After applying the cross-attention mechanism to each fea-
ture block of Q, the blocks are aggregated according to their
spatial locations to form a new feature rich in spatial depen-
dencies, which is then added to C;. This process effectively
enriches the feature content of tiny objects and infuses them
with the rich semantics of high-level features.

Please note that the attention calculation process in
SDP differs from that in ViT. First, ViT reshapes Q into
R(nx(HsxW5xC))  which means Q consists of n feature
points with each being a vector of dimensions (Hy X
W5 x C). Second, there is only one similarity matrix of
size R(*™) in ViT instead of n similarity matrices in SDP.
In summary, SDP computes cross-attention between pixels
within feature blocks, while ViT computes attention across
feature blocks. These differences can be intuitively under-
stood from Figure 5 (b, c).

a; = Softmax ),1<5<

n

4 Experiments and Analysis
4.1 Datasets and Metrics

Experiments are performed on two TOD datasets. The main
experiments are conducted on the challenging AI-TOD
(Wang et al. 2021), which provides a total of 700,621 in-
stances in 8 categories in 28,036 aerial images. The average
absolute instance size of AI-TOD is 12.8 pixels. Further-
more, we build a subset consisting of 10 categories named
DOT A inito from DOTA (Xia et al. 2018) and test our
method on it. This subset contains 410,305 instances, with
17.3% of the instances smaller than 16 pixels and 38.5%
smaller than 32 pixels. All metrics used in the experiments
follow the AI-TOD benchmark.

4.2 Experiments Settings

All of our experiments are implemented based on MMDe-
tection (Chen et al. 2019) and PyTorch (Paszke et al. 2019).
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Table 1: Effect of each component on AI-TOD test set.

« ‘ AP AP50 AP75 ‘ APvt A.Pt APS APm
0.00|21.7 493 155 | 97 232 264 299
025|224 504 161 | 121 239 26.1 315
0.50|22.1 499 159 | 103 23.6 258 31.3
0.75]1219 50.7 154 | 10.7 233 259 310
1.00 | 21.5 49.0 152 | 102 227 25.7 30.1

Table 2: Optimal studies of o on AI-TOD test set.

We train and evaluate the detectors on two NVIDIA 3080
Ti GPUs (one image per GPU). All detectors are trained us-
ing the Stochastic Gradient Descent (SGD) optimizer for 12
epochs with a momentum of 0.9 and weight decay of 0.0001.
The initial learning rate of two-stage models like Faster R-
CNN (Ren et al. 2015) and one-stage models like RetinaNet
(Lin et al. 2020) is set to 0.005 and 0.001 respectively, and
decays at the 8" and 11" epochs. Besides, the basic anchor
size is set to 2 for all anchor-based models.

4.3 Ablation Study

We analyze the effect of each proposed component of HS-
FPN on AI-TOD test subset. Results are reported in Table
1. We progressively incorporate the channel path (CP) and
spatial path (SP) of HFP and SDP into FPN. Baseline de-
tector is Cascade R-CNN (Cai and Vasconcelos 2018) with
ResNet50 (He et al. 2016) as backbone.

The effect of High Frequency Perception Module. We
implement HFP independently on each lateral layer of FPN.
Results show that naively added HFP to FPN can bring 2.2
AP points higher than baseline detectors, as well as A P; and
AP; achieve 2.6 points and 2.0 points higher than baseline,
respectively. This indicates that HFP has a positive effect on
improving the performance of TOD. As shown in Figure 7
(a, b), the tiny object features output by HFP are significantly
enhanced compared to the input features.

Furthermore, we also report the contribution of CP and SP
within HFP. As shown in Table 1, when adding CP and SP
individually to FPN, AP both achieve 1.4 points improve-
ment as well as AP; and AP; are also improved. Moreover,
when CP and SP are combined in HFP, AP is improved by
2.2 compared to FPN, and by 0.8 compared to using only SP
or CP, demonstrating that the combination of CP and SP has
a synergistic positive effect.

In HFP, we use the parameter « to control the range of the
high-pass filter. To investigate the impact of different filter-
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(a) fput Feature

Figure 7: Visualization of the feature at the P; level after the
gradual addition of HFP and SDP in FPN.

ing rates on tiny object detection, we conducted optimiza-
tion experiments for . The results show that as « increases
from O to 1, detection performance first improves and then
declines, following a similar trend to the SCR depicted in
Figure 1. This confirms the effectiveness of the HFP mod-
ule and indicates that filtering out low-frequency informa-
tion within an appropriate range can enhance the detection
performance of tiny objects. Results are summarized in Ta-
ble 2. Finally, in this paper, « is set to 0.25 for both AI-TOD
and DOTAmiml().

The effect of Spatial Dependency Perception Module.
We implement SDP on each lateral layer of FPN indepen-
dently to evaluate its performance, resulting in an improve-
ment of AP by 1.1 points. When combined with HFP, the
AP increased by 3.4 points compared to FPN, 1.2 points
over HFP alone, and 2.3 points over SDP alone, showing the
benefits of their combination. As shown in Figure 7 (c), the
combination of HFP and SDP effectively enriches and en-
hances the features of tiny objects, while also suppressing
some of the high-frequency noise amplified by HFP.

4.4 Main Result

We evaluate HS-FPN on the AI-TOD and DOT A,.ini10
dataset, comparing its performance with the baseline model
and other state-of-the-art models. The results are presented
in Tables 3 and 4. By simply replacing FPN with HS-FPN,
nearly all baseline models show significant improvements in
AP. Even with a more powerful backbone, like ResNet101,
or a lightweight network like MobileNetV2, the AP on
Faster R-CNN still improved by 1.7 and 1.9 on AI-TOD, re-
spectively. Additionally, using advanced methods like NWD
and RLFA to optimize label assignment in anchor-based de-
tectors further enhanced HS-FPN’s performance, yielding
notable AP improvements in Faster R-CNN, Cascade R-
CNN, and DetectoRS.

4.5 Computational Costs

Table 5 demonstrates the computation increase of each com-
ponent of HS-FPN within the entire TOD framework. The
entire detection model is Cascade R-CNN with ResNet50 as



Method | Backbone | AP APsy AP:s| AP, AP, AP, AP,
ATSS (Zhang et al. 2019) R-50 + FPN 15.5 382 10.1 | 40 145 21,5 319
MENet (Zhang et al. 2024) R-50 + FPN 20.4 50.0 129 | 89 214 232 31.0
RetinaNet* (Lin et al. 2020) R-50 + FPN 13.7 315 94 | 5.8 157 15.0 16.6
Cascade RPN (Vu et al. 2019) R-50 + FPN 18.1 449 11.2| 7.1 188 223 279
Grid R-CNN (Lu et al. 2019) R-50 + FPN 18.4 38.7 146 | 12.1 19.0 21.8 25.5
Faster R-CNN (Ren et al. 2015) R-50 + FPN 18.3 447 113 | 94 194 224 27.0
Faster R-CNN w/NWD (Xu et al. 2022a) |R-50 + FPN 19.4 473 12.5| 8.0 204 227 28.6
Faster R-CNN w/RFLA (Xu et al. 2022b) | R-50 + FPN 20.9 50.8 13.0| 81 21.2 259 32.7
Faster R-CNN (Sandler et al. 2018) MobileNetV2 + FPN 15.6 392 92 | 9.8 169 18.7 20.5
Faster R-CNN R-101 + FPN 18.8 458 11.6 | 11.1 19.7 229 279
Cascade R-CNN R-50 + FPN 20.2 474 138 | 99 21.3 24.1 303
Cascade R-CNN w/NWD R-50 + FPN 214 49.1 15.1| 94 224 25.1 31.5
Cascade R-CNN w/RFLA R-50 + FPN 21.9 50.6 159 | 83 21.9 269 34.7
DetectoRS (Qiao, Chen, and Yuille 2021) | R-50 w/SAC + RFP 22.8 514 16.9 | 10.7 23.7 274 32.3
DetectoRS w/RFLA R-50 w/SAC + RFP 23.9 546 17.8 | 9.8 24.0 289 374
RetinaNet* R-50 + HS-FPN 15.0[+1.3] 335 10.8| 74 174 158 16.7
Cascade RPN R-50 + HS-FPN 19.3[+1.2] 46.3 12.7 | 10.5 204 23.9 30.1
Grid R-CNN R-50 + HS-FPN 19.3[+0.9] 40.6 157 | 11.3 21.0 21.6 26.6
Faster R-CNN R-50 + HS-FPN 20.3[+2.0] 48.8 13.3 | 11.6 22.0 255 27.8
Faster R-CNN w/NWD R-50 + HS-FPN 21.7[+2.3] 51.5 147 | 11.0 23.7 23.8 28.8
Faster R-CNN w/RFLA R-50 + HS-FPN 23.1[+2.2] 543 155| 99 238 274 33.6
Faster R-CNN MobileNetV2 + HS-FPN | 17.5[+1.9] 42.0 113 ] 99 19.2 209 229
Faster R-CNN R-101 + HS-FPN 20.5[+1.7] 489 134|122 22.1 239 274
Cascade R-CNN R-50 + HS-FPN 23.6[+3.4] 523 174 | 11.6 252 27.0 31.6
Cascade R-CNN w/NWD R-50 + HS-FPN 24.3[+2.9] 54.8 17.9 | 12.7 252 28.8 32.9
Cascade R-CNN w/RFLA R-50 + HS-FPN 24.6[+2.7] 546 18.6| 9.2 25.0 28.6 359
DetectoRS R-50 w/SAC + HS-FPN |24.2[+1.4] 54.5 17.8 | 13.1 25.8 27.6 33.2
DetectoRS w/RFLA R-50 w/SAC + HS-FPN |25.1[+1.2] 55.7 19.1 | 12.1 25.3 299 369

Table 3: Main results on AI-TOD. Models are trained on the train-val set and evaluated on the test set. Note that RetinaNet*
means using P2-P6 of FPN. The relative improvements of AP are shown in parenthesis. « is set to 0.25. ”w/” means with.

Method ‘AP AP50‘AP25 APS APm
RetinaNet* + FPN 38.2 68.1[13.7 31.8 44.9
Faster R-CNN + FPN 46.9 74.2 |18.6 38.5 54.3
Cascade R-CNN + FPN 49.4 74.2 |18.1 40.0 58.1
RetinaNet* + HS-FPN 40.1 71.1 {15.9 32.9 47.0
Faster R-CNN + HS-FPN [48.4 75.7 |121.7 40.3 55.9
Cascade R-CNN + HS-FPN|50.9 76.6 |22.2 41.8 59.0

Table 4: Results on DOT A,,ini10- < is set to 0.25.

Method | AP AP, AP, |FLOPs(G)|Params(M)
Baseline (FPN) (20.2 21.3 24.1| 162.34 68.95
only CP 21.6 23.0 25.7| 193.67 71.34
only SP 21.6 23.1 254 193.69 71.31
only HFP 224 239 26.1| 193.69 71.34
only SDP 21.3 23.1 25.3| 169.32 69.35
HS-FPN (ALL) | 23.6 25.2 27.0| 200.65 71.73

Table 5: FLOPs and parameters comparison for HS-FPN
components.
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the backbone and an input size of (800, 800). The Params
and FLOPs for HFP mainly come from the 3 x 3 convo-
lutions in Figure 2, which results in similar computational
costs for CP and SP. Given the context of the entire detection
framework, HS-FPN slightly increases computational cost
but significantly improves performance compared to FPN.

5 Conclusion

In this paper, we propose a high frequency and spatial per-
ception feature pyramid network (HS-FPN) to enhance the
detection performance of tiny objects. Given the small scale
and low-quality feature representation of tiny objects, we de-
signed a high frequency perception module (HFP) to im-
prove feature representation from the frequency domain.
Additionally, we introduced a spatial dependency perception
module (SDP) to capture the spatial dependencies between
adjacent pixel points in the upper and lower feature maps,
enriching the features of tiny objects. Extensive experiments
on two tiny object detection datasets validate the effective-
ness of our proposed method.

Extended version. Additional motivation and details are
provided in the extended version'.

"https://arxiv.org/abs/2412.10116
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