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Abstract

Small object detection in real-world scenarios remains challenging due to two coupled
factors: severe scale imbalance and progressive degradation of fine-grained cues during
backbone downsampling. Under drastic scale variations, conventional detectors still rely
on static backbones whose fixed convolutional responses cannot consistently accommodate
the divergent spectral characteristics of large and tiny objects, leading to scale-mismatched
representations. Meanwhile, repeated strided operations reduce the sampling rate of
feature maps and tend to introduce aliasing, eroding the high-frequency details that are
critical for tiny objects. To address these issues, we propose Spectra-Net, a novel frequency-
aware detection framework that redesigns backbone feature encoding with explicit spectral
control. At its core, we introduce Dynamic Fourier Alignment (DFA), which performs
content-adaptive yet frequency-controllable modulation to reshape convolutional responses
in the spectral domain, aligning representations across scales and amplifying discriminative
cues for small objects. In addition, we develop Wavelet-Guided Spectral Downsampling
(WGSD), which conducts explicit sub-band decomposition via Haar wavelets to suppress
aliasing while selectively preserving informative high-frequency components during res-
olution reduction. Extensive experiments on VisDrone-2019 and TT100K, together with
comprehensive ablations, demonstrate that Spectra-Net consistently improves small object
detection performance under severe scale imbalance.

Keywords: small object detection; scale adaptation; Fourier alignment

1. Introduction
Object detection has achieved remarkable progress and has become a cornerstone

of modern computer vision, driven by classic frameworks such as Fast R-CNN [1] and
YOLO [2], as well as comprehensive surveys of the field [3]. More broadly, dense visual
perception tasks such as object detection and image segmentation have increasingly bene-
fited from task-specific representation learning, including probability-map-guided feature
modeling and physical-knowledge regularization for improving structural consistency
and semantic discrimination [4,5]. However, small object detection remains substantially
more challenging in real-world applications. In scenarios such as UAV-based aerial per-
ception [6,7] and autonomous driving or road obstacle perception [8–10], targets often
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occupy only a few pixels. These small objects provide limited discriminative cues, making
them highly susceptible to background interference and localization uncertainty [11,12].
Similar degradation is also observed in domain-specific small-target detection tasks, where
weak local structures and insufficient detail preservation often require dedicated detec-
tion heads or enhanced feature representations [13]. Contextual information and region
proposal strategies have been widely explored to mitigate these issues [14,15], yet robust
detection in complex environments remains an open problem. More importantly, practical
scenarios often exhibit severe scale imbalance, where tiny distant targets coexist with large
nearby structures. This imbalance amplifies the difficulty of learning consistent representa-
tions across scales [16], necessitating more sophisticated optimization strategies for anchor
design [17] and feature encoding.

To tackle these challenges, most detectors enhance small-object representations
via multi-scale aggregation, attention-based refinement, and cross-level feature fu-
sion [9,10,18,19]. Approaches such as the Extended Feature Pyramid Network (EFPN) [20]
and Cross-Layer Feature Pyramid Transformer [21] attempt to integrate multi-level se-
mantics. Recent works like HS-FPN further emphasize the importance of high-frequency
perception for tiny objects [22]. However, as illustrated in Figure 1, small objects are still
frequently missed under severe scale imbalance, suggesting that scale-mismatched back-
bone encoding remains a key bottleneck. These strategies are largely built upon a static
backbone, where convolution kernels have fixed receptive fields and largely invariant
effective frequency responses once training is completed. From a spectral perspective, large
objects are dominated by low-frequency structures, whereas small objects rely more on
weak and sparse high-frequency cues [23]. A fixed convolution operator therefore behaves
like a stationary filter and cannot consistently accommodate such divergent spectral charac-
teristics across scales. Consequently, deep features tend to favor low-frequency patterns of
large structures while progressively weakening high-frequency evidence critical for small
objects, leading to scale-mismatched representations.

Intuitively, this problem can be understood through an analogy with audio equal-
ization. In audio processing, an equalizer selectively amplifies or attenuates different
frequency bands to achieve a balanced sound profile. Similarly, in visual feature extraction,
large and small objects occupy different frequency bands of the feature spectrum: large
objects correspond to low-frequency components that capture overall shape and context,
while small objects correspond to high-frequency components that encode fine-grained
details and boundaries. A static backbone acts like a fixed audio filter that cannot adapt its
frequency response to the content—it uniformly amplifies certain frequencies regardless
of whether the scene is dominated by large structures or tiny targets. Just as an adaptive
equalizer dynamically adjusts frequency gains based on the audio content, a frequency-
aware backbone should dynamically modulate its spectral response based on the visual
content, amplifying high-frequency cues when small objects are present while preserv-
ing low-frequency context for larger structures. This analogy motivates our approach of
explicitly controlling the frequency response of convolutional kernels.

This observation suggests that improving small-object detection requires not only
multi-scale aggregation in the neck, but also an input-adaptive feature encoding mechanism
that can dynamically modulate its spectral response. While dynamic convolution generates
content-conditioned kernels to accommodate scale variations [24,25], directly predicting
spatial-domain kernels offers limited explicit control over frequency preference. It is diffi-
cult to regulate whether the adaptive kernel should emphasize low-frequency structures or
preserve high-frequency details. Recent studies have begun to explore spectral enhance-
ment for tiny object detection [26,27], indicating the potential of frequency-domain analysis.
Motivated by the interpretability of Fourier parameterization, we seek a mechanism where
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frequency emphasis can be adjusted explicitly. Therefore, we introduce Dynamic Fourier
Alignment (DFA) to realize content-adaptive yet frequency-controllable modulation, en-
abling the backbone to align cross-scale representations by steering its responses toward
the spectral components that best preserve tiny-object cues.

As illustrated in Figure 1, under severe scale imbalance, static backbones produce
scale-mismatched features that suppress weak small-object cues. Moreover, repeated
downsampling without spectral control tends to cause aliasing and erode high-frequency
details critical for tiny objects. Our Spectra-Net mitigates these issues via Dynamic Fourier
Alignment (DFA) for content-adaptive spectral modulation and Wavelet-Guided Spectral
Downsampling (WGSD) for detail-preserving anti-aliasing downsampling.

Figure 1. Scale mismatch and downsampling−induced aliasing in small object detection.

In addition to the scale mismatch induced by static convolutions, small-object cues are
further degraded by ubiquitous spatial downsampling operations in backbones, such as
strided convolutions and pooling [28]. Downsampling reduces the sampling rate of feature
maps; without spectral control, high-frequency components associated with tiny objects
can be distorted and folded into lower frequencies, resulting in aliasing and progressively
corrupting fine textures. Conventional anti-aliasing relying on generic low-pass filtering
may over-suppress high-frequency details indispensable for small objects. This calls for a
frequency-aware downsampling operator that controls aliasing while retaining informa-
tive high-frequency components. Inspired by Haar wavelet downsampling in semantic
segmentation [29], we propose to explicitly decompose features into wavelet sub-bands
before resolution reduction. This enables selective sub-band retention to suppress aliasing
without erasing tiny-object details.

To address the above limitations, we propose Spectra-Net, a frequency-aware de-
tector that redesigns backbone feature encoding for robust small-object recognition un-
der severe scale imbalance. The core component of Spectra-Net is the Dynamic Fourier
Alignment (DFA) module, which enables input-adaptive spectral modulation to alleviate
scale-mismatched representations.Specifically, DFA generates content-conditioned con-
volutional responses by leveraging global frequency statistics, allowing the backbone to
dynamically adjust its effective frequency response. Complementary to DFA, we introduce
a Wavelet-Guided Spectral Downsampling (WGSD) module to mitigate downsampling-
induced degradation.WGSD performs Haar wavelet-based sub-band decomposition to
retain informative high-frequency details while reducing spatial resolution, and combines
it with spatially adaptive feature refinement to suppress background interference. By cou-
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pling adaptive spectral alignment with anti-aliasing-oriented downsampling, Spectra-Net
preserves and enhances small-object evidence throughout the backbone, leading to more
reliable multi-scale fusion and improved detection performance in challenging real-world
scenes such as VisDrone-2019 [30] and TT100K [31].

In summary, this paper makes the following contributions:

• We propose Spectra-Net, a novel frequency-aware detection framework for robust
small-object recognition under severe scale imbalance.

• We introduce Dynamic Fourier Alignment (DFA), a content-adaptive and frequency-
controllable modulation module that reshapes convolutional responses in the spectral
domain to alleviate scale-mismatched representations.

• We further develop Wavelet-Guided Spectral Downsampling (WGSD) to alleviate
downsampling-induced degradation by preserving informative wavelet sub-bands
and suppressing background interference.

• Extensive experiments on VisDrone-2019 and TT100K, together with ablation studies,
validate the effectiveness of Spectra-Net and demonstrate consistent improvements
compared with state-of-the-art methods.

The rest of this paper is organized as follows: Section 2 reviews related work on
small object detection and multi-scale feature learning. Section 3 describes the proposed
Spectra-Net architecture and its key components in detail. Section 4 presents and analyzes
the experimental results. Finally, Section 5 concludes the paper and discusses potential
future research directions.

2. Related Work
This section reviews representative small object detection methods from four perspec-

tives: data augmentation, anchor design, multi-scale feature learning, and context modeling.

2.1. Data Augmentation for Small Object Detection

Data augmentation is a simple yet effective strategy to enlarge the training set and im-
prove data diversity, which often benefits small object detection by increasing the frequency
of hard and rare samples [32,33]. Recent studies have explored tailored augmentation
schemes for challenging scenarios. For example, Wang et al. proposed an image enhance-
ment network (IENet) [34] with an adaptive joint filtering strategy to improve detection
under complex dynamic conditions. To explicitly generate difficult instances, Chen et al. fo-
cused on hard-sample augmentation by randomly erasing pixels within object regions [35],
which can improve robustness against partial occlusion and appearance corruption. Consid-
ering weather variations in outdoor scenes, Zhang et al. designed an image enhancement
module with exposure [36], hue, and brightness filters to enhance generalization under
diverse illumination and weather conditions. Overall, these augmentation methods im-
prove sample diversity and complexity, helping detectors better cope with real-world
disturbances and thus improving performance on small objects.

2.2. Anchor Design for Small Object Detection

For small objects, minor localization errors may cause a substantial drop in overlap
due to their limited spatial extent, making anchor matching and regression particularly
sensitive [12]. To improve the reliability of matching and post-processing, many works
optimize anchor-related components and localization metrics. Li et al. proposed SA-NMS
(Soft-Aware Non-Maximum Suppression) to reduce false positives and improve final detec-
tion quality [37]. Zhou and Zhu adopted distribution similarity [38] (e.g., Kullback–Leibler
divergence, KLD) as a localization measure to better reflect subtle shifts in small bound-
ing boxes, leading to improved localization stability. Chen et al. dynamically adjusted
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the number of candidate positive anchors for each ground truth by jointly considering
classification and regression losses during positive–negative assignment [39], alleviating
sample imbalance and improving detection accuracy. These anchor optimization strategies
enhance robustness for tiny objects, but they are often coupled with the representation
quality produced by the backbone features.

2.3. Multi-Scale Feature Learning for Small Object Detection

To mitigate the progressive loss of small-object cues across network stages, multi-scale
learning typically combines deep semantic information with shallow spatial details. For
instance, Zhao and Zhu designed an efficient feature extraction module using multi-kernel
convolutions [40] to parse features at different scales, improving scale coverage. Huang et al.
proposed a scale-aware weighted loss [41] that dynamically adjusts supervision weights
based on scale statistics, strengthening the learning of small objects. Li et al. utilized a
bidirectional feature pyramid network [42] to enhance cross-scale information flow and
significantly improve small object detection accuracy. Nevertheless, the gain from multi-
scale fusion still hinges on whether backbone representations across resolutions are properly
aligned and can retain the weak details of tiny objects.

2.4. Context Modeling for Small Object Detection

Since small objects often exhibit weak and ambiguous appearance cues, incorporating
surrounding context can substantially improve detection. With CNN-based detectors, many
studies integrate contextual cues around objects to enhance feature discrimination. Fu et al.
proposed I2D-Net [43], which aggregates semantic, spatial, and contextual information
to improve small defect detection in cluttered backgrounds. To preserve more spatial
information for small targets, Ran et al. used upsampled images as inputs to enhance
detector sensitivity to tiny objects [44]. Ma et al. designed an adaptive architecture to
capture contextual information [45] at sparse locations, strengthening the representation
of small objects. These results suggest that context modeling is effective, especially when
local appearance is insufficient.

2.5. Discussion and Limitations

While small object detection has seen notable progress, it still faces significant hur-
dles [3]. However, most existing methods focus on the feature fusion neck or training
strategies, while backbone encoding remains largely unaddressed and static. This leads to
scale-mismatched representations, especially under drastic scale variations, where strong
low-frequency signals from large objects suppress the weak high-frequency details of tiny
targets [15]. Moreover, standard downsampling without spectral awareness often causes
aliasing, further eroding the critical cues of small objects. Recent advances in 2025–2026
have seen growing interest in frequency-domain methods for detection. For instance, multi-
spectral object detection has been explored for frequency-aware aerial detection [27], and dy-
namic kernel networks have been proposed for adaptive feature extraction [25]. Lightweight
spectral transformers for UAV-based detection [19] and environment-aware Mamba archi-
tectures for road perception [46] further demonstrate the increasing trend toward spectral
and adaptive modeling in detection pipelines. However, these methods primarily focus
on the neck or attention mechanisms, while backbone-level spectral modulation remains
underexplored. To bridge these gaps, it is essential to develop a backbone that can explicitly
modulate its spectral response and preserve high-frequency details, which serves as the
primary motivation for our Spectra-Net.
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3. The Proposed Methods
3.1. Overall Architecture of Spectra-Net

The overall architecture of the proposed frequency-aware detector, Spectra-Net, is
illustrated in Figure 2. Designed specifically to tackle the challenge of high-frequency
information loss in small object detection, Spectra-Net follows a streamlined single-stage
detection paradigm. The framework comprises three primary components: a frequency-
enhanced backbone for feature extraction, a multi-scale feature fusion neck, and decoupled
detection heads.

Figure 2. The overall framework of the proposed Spectra-Net. It consists of three main parts:
the backbone embedded with Dynamic Fourier Alignment (DFA) and Wavelet-Guided Spectral
Downsampling (WGSD), a feature fusion neck, and detection heads.

Unlike traditional architectures that rely on static convolutions and lossy pooling, we
re-engineer the backbone by integrating two core spectral modules at each stage. Specifi-
cally, the Dynamic Fourier Alignment (DFA) module is employed to replace standard static
convolutions. It introduces a frequency-driven dynamic mechanism to align feature repre-
sentations across drastically different scales, thereby ensuring global context awareness.
Complementing this, the Wavelet-Guided Spectral Downsampling (WGSD) module sub-
stitutes standard spatial downsampling operations. By combining Haar wavelet analysis
with spatial attention, WGSD effectively separates and preserves high-frequency details,
which are crucial for small objects but typically discarded by standard max pooling.

In the forward pass, given an input image I ∈ RH×W×3, the backbone progressively
processes the visual data through these modules. This process generates a hierarchy of
spectrally enriched feature maps, denoted as {Ck}5

k=2, where Ck represents the output
feature map at the k-th stage with a stride of 2k relative to the input image. These multi-
scale features are then fed into a feature-pyramid neck N (·), which performs top–down
and lateral fusion to produce semantically strong features {Pk}5

k=2. Finally, detection heads
H(·) are attached to each pyramid level Pk to predict category scores and bounding box
coordinates. This unified spectral design allows Spectra-Net to maintain the efficiency of
one-stage detectors while significantly enhancing robustness against scale variations and
feature degradation.

3.2. Dynamic Fourier Alignment

Standard convolutional neural networks rely on static kernels with fixed spatial recep-
tive fields and invariant frequency responses. While effective for local pattern extraction,
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this design becomes problematic when handling objects with drastic scale variations. From
a spectral perspective, large objects primarily occupy low-frequency components, whereas
small objects are dominated by high-frequency details. A fixed kernel thus acts as a station-
ary filter that cannot simultaneously accommodate such divergent spectral characteristics.
As a result, deep layers tend to over-smooth high-frequency cues essential for small ob-
jects while favoring larger structures, leading to the scale mismatch problem. To address
this issue, a feature extractor should be capable of dynamically modulating its frequency
response based on the input content.

Motivated by this, we propose the Dynamic Fourier Alignment (DFA) module. Unlike
conventional layers, DFA integrates adaptive multi-scale alignment in the spatial domain
with dynamic spectral modeling. By constructing convolution kernels conditioned on the
global frequency content of the input, DFA explicitly strengthens high-frequency responses
associated with small targets while suppressing background noise, ensuring robust feature
alignment across scales. Specifically, DFA decomposes the input feature into multiple
scale-aware branches and performs content-adaptive spectral modulation followed by
self-aligned fusion.

As illustrated in the bottom-left part of Figure 2, the DFA module performs frequency-
aware alignment through a multi-branch architecture, where each branch is responsible for
modeling spectral patterns at a specific spatial scale. For clarity, we describe the formulation
for a generic stage and omit the stage index l in the following notation. Given an input
feature Fin ∈ RH×W×C, we first project it via a 1 × 1 convolution and split it channel-wise
into three scale-aware branches, denoted as {F1, F2, F3}, where Fi ∈ RH×W× C

3 . To capture
hierarchical frequency patterns, each branch is assigned a distinct spatial receptive field
by using convolution kernels of sizes ki ∈ {3, 5, 7} for i = 1, 2, 3, respectively. This design
allows the network to simultaneously model high-frequency local details with small kernels
and low-frequency global structures with large kernels, forming the basis for cross-scale
feature alignment.

Rather than adopting standard static convolutions, each branch is implemented with a
content-adaptive convolution operator, termed Dynamic Fourier Convolution (DFC), which
enables input-dependent frequency modulation and will be detailed in the following. After
spectral modulation in each branch, the resulting multi-scale features are aggregated to form
a unified representation. The fusion process is performed by channel-wise concatenation
followed by a linear projection, as formulated below:

FDFA = Conv1×1
(

Concat(F̃1, F̃2, F̃3, Fin)
)
, (1)

where F̃i denotes the output feature of the i-th scale-aware branch after dynamic spectral
modulation, obtained by applying the Dynamic Fourier Convolution operator to the corre-
sponding input feature, i.e., F̃i = DFC(Fi). Concat(·) denotes channel-wise concatenation
of multi-scale features together with the original input feature Fin, enabling joint aggrega-
tion of dynamically modulated and original representations. Finally, Conv1×1 is applied to
fuse these aggregated representations and project the concatenated channels to the target
output dimension Cout, producing the refined feature map FDFA.

Dynamic Fourier Convolution. At the core of DFA lies a content-adaptive convolution
operation, which enables each branch to dynamically adjust its spectral response according
to the input. As shown in Figure 3, each branch is equipped with a content-adaptive
convolution mechanism to accommodate the distinct frequency characteristics of objects
at different scales. Instead of applying a fixed convolutional kernel, the convolution
operation in each branch is governed by a dynamically generated kernel whose response is
conditioned on both the input feature and learnable convolutional weights. This design
allows the convolution to flexibly emphasize high-frequency details or suppress low-
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frequency background components according to the input content. Formally, for the i-th
branch, the output feature F̃i is obtained by applying a content-adaptive convolution with
kernel Ki ∈ R C

3 ×
C
3 ×ki×ki to the branch feature Fi:

F̃i = Fi ⊛ Ki(Fi, Wi), (2)

where ⊛ denotes the convolution operation, Ki is dynamically generated based on the
branch feature, and Wi denotes a learnable base convolutional weight.

Figure 3. Structure of the Dynamic Fourier Convolution (DFC).

To realize such a content-adaptive kernel in a stable and controllable manner, the key
challenge lies in incorporating input-dependent information into the kernel generation
process without introducing training instability. Directly conditioning convolution kernels
on input features often leads to unstable optimization, as unconstrained kernel variations
can cause abrupt changes in the effective filter response, resulting in gradient explosion
and inconsistent feature transformations across samples. This instability not only hampers
convergence but also undermines the structural inductive bias of convolution, degrading
generalization performance.

To address this issue, we construct the dynamic kernel upon a well-conditioned base
kernel that preserves the structural properties of conventional convolution, while allowing
controlled input adaptivity. Specifically, input-dependent information is introduced only
through smooth amplitude-frequency modulation in the spectral domain, which constrains
kernel variations to be bounded and continuous, thereby ensuring stable optimization.
Under this formulation, we re-parameterize the convolutional weights using a Dirac-
residual scheme to obtain a stabilized base kernel:

Ŵi = diag(αi)I + diag(βi)
Wi

∥Wi∥2
, (3)

where I denotes the Dirac identity kernel, and αi and βi are learnable scaling vectors
whose diagonal forms diag(αi) and diag(βi) control the contribution of the identity and
normalized convolution kernels, respectively. The scaling vectors are initialized to 1.0
and 0.1.

Given the stabilized base kernel Ŵi, we further introduce input-dependent modula-
tion to generate the final dynamic convolution kernel. Specifically, for each scale-aware
branch, a compact global descriptor xi is extracted from the corresponding feature Fi via
adaptive average pooling followed by a mean operation, which summarizes the global
statistics of Fi under a fixed receptive field and provides a stable conditioning signal for
kernel modulation:

xi = Mean
(

AAPki
(Fi)

)
, ki ∈ {3, 5, 7}, i = 1, 2, 3. (4)

Here, AAPki
(·) denotes adaptive average pooling with receptive field size ki,

and Mean(·) computes the channel-wise mean.
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To enhance the expressive power and fitting capability of the convolution kernel,
the proposed Fourier convolution adopts a network structure based on multiplicative
filters. Let u denote a generic input variable. Following the formulation of Multiplicative
Filter Networks (MFN) [47], all nonlinearities are introduced through sinusoidal filter
functions applied directly to the input. The filter function at layer i is defined as

g(u; θ(i)) = sin
(
ω(i)u + ϕ(i)), (5)

where θ(i) = {ω(i), ϕ(i)} denote the frequency and phase parameters.
Given the stabilized base kernel Ŵi, the multiplicative modulation process is initial-

ized as
y(1)

i = g
(
Ŵi; θ(1)

)
. (6)

At each subsequent layer j = 1, . . . , k − 1, the intermediate representation is updated
via element-wise multiplicative interactions:

y(j+1)
i = σ

(
W(j)y(j)

i + b(j)) ◦ g
(
Ŵi; θ(j+1)) ◦ g

(
xi; θ̃(j+1)), (7)

where ◦ denotes element-wise multiplication, σ(·) is a nonlinear activation function,
and y(j)

i denotes the hidden representation at the j-th layer of the network.
After k layers of multiplicative modulation, the dynamic convolution kernel is obtained

by a linear projection:
Ki = Ŵ(k)

i y(k)
i + b(k). (8)

Since the element-wise product of sinusoidal functions can be rewritten as a linear
combination of sinusoidal bases, the above recursive formulation admits an explicit Fourier
expansion. Consequently, the resulting dynamic kernel can be equivalently expressed as

Ki =
T

∑
t=1

at

(
sin

(
ωtxi + ϕt

)
◦ sin

(
ω̃tŴi + ϕ̃t

))
+ b, (9)

where {ωt, ϕt, ω̃t, ϕ̃t} denote the effective frequencies and phase offsets induced by the
multiplicative expansion, at are the corresponding amplitude coefficients, and T is the
number of resulting sinusoidal basis components.

By using DFC as the fundamental unit of DFA, we introduce MFN-style Fourier
multiplicative modulation on a Dirac-residual–stabilized base kernel, with the frequency
and phase parameters conditioned on a global descriptor to generate content-adaptive
convolution kernels. This constrained frequency-domain modulation mitigates weight drift
and scale sensitivity, enabling cross-scale feature alignment while enhancing high-frequency
details of small objects and suppressing low-frequency background interference.

Novelty of DFA Compared with Existing Approaches. It is worth highlighting the
key differences between DFA and existing frequency-domain or dynamic convolution
methods. Standard dynamic convolution [24] generates input-conditioned kernels by re-
combining static weight bases, but it does not explicitly control the frequency response
of the generated kernel; the adaptivity is confined to the spatial domain without spectral
regularization. The Spectral Enhancement for Tiny Object Detection (SET) [26] applies
spectral enhancement at the feature level by reweighting frequency components of the
feature map, but the convolution kernel itself remains static. In contrast, DFA uniquely
combines content-adaptive kernel generation with explicit frequency control via multiplica-
tive filter networks: the kernel is dynamically generated while its spectral characteristics
are simultaneously constrained through sinusoidal basis functions. This dual mechanism
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ensures that the modulation is both input-adaptive and frequency-controllable, which is
fundamentally different from merely reweighting features or recombining spatial kernels.

3.3. Wavelet-Guided Spectral Downsampling

Spatial downsampling is a fundamental operation in convolutional neural networks,
essential for expanding receptive fields and reducing computational complexity. However,
standard pooling mechanisms impose critical limitations when processing small objects.
From a signal processing perspective, downsampling effectively reduces the sampling
rate of the feature map. According to the Nyquist–Shannon sampling theorem, if high-
frequency components characterizing small objects are not properly handled, the reduction
in sampling rate leads to aliasing. Specifically, Average Pooling functions as a low-pass
filter that indiscriminately blurs high-frequency details, causing small targets to fade into
the background. Conversely, Max Pooling performs non-linear sub-sampling by selecting
peak values. While this preserves strong activations, it disrupts the spatial continuity of
signals and induces severe aliasing artifacts, leading to structural distortion and the loss of
weaker but distinct spatial cues. Since small objects are inherently sparse high-frequency
impulses, these destructive operations result in irreversible feature loss in deeper layers.

To address this dilemma, we propose the Wavelet-Guided Spectral Downsampling
(WGSD) module, as illustrated in the bottom-right part of Figure 2. Departing from single-
operator pooling, WGSD introduces a hybrid downsampling strategy centered on Haar
wavelet spectral decomposition [29] and complemented by spatial attention. This approach
allows the network to explicitly separate and preserve critical high-frequency textures via
orthogonal wavelet transformation while actively highlighting salient object regions via atten-
tion, thereby achieving information-preserving reduction suitable for small object detection.

Let FDFA denote the input feature map from the preceding DFA module. To enable
efficient multi-branch processing, we split FDFA along the channel dimension into three
parts, i.e., Fwav, Fpool, and Fconv, written as Fwav, Fconv, Fpool = Split(FDFA). Specifically,
Fpool preserves half of the channels to retain stable structural cues, while Fwav and Fconv

each take one quarter for spectral-detail and spatial refinement, respectively.
Haar Wavelet Sub-band Decomposition. We employ the 2D discrete Haar wavelet

transform (DWT) on the first sub-feature Fwav to capture frequency-domain characteristics.
Unlike standard pooling which discards pixels, DWT performs a reversible orthogonal
transformation based on the low-pass scaling function ϕ and the high-pass wavelet function
ψ. As a result, Fwav is decomposed into four complementary spectral components:

FLL = (Fwav ∗ ϕr) ∗ ϕc, FLH = (Fwav ∗ ϕr) ∗ ψc,

FHL = (Fwav ∗ ψr) ∗ ϕc, FHH = (Fwav ∗ ψr) ∗ ψc,
(10)

where ∗ denotes the filtering operation via strided convolution with fixed Haar ker-
nels. Intuitively, FLL corresponds to the low-frequency approximation, whereas the set
{FLH , FHL, FHH} captures high-frequency components along the horizontal, vertical, and di-
agonal directions, explicitly preserving fine-grained boundary cues.

Spatially Adaptive Feature Refinement. Although the Haar decomposition in Equation (10)
preserves rich sub-band details, it may also retain undesired high-frequency clutter arising
from complex backgrounds. To suppress irrelevant responses while emphasizing spa-
tially salient regions during downsampling, we introduce a Spatially Adaptive Feature
Refinement mechanism. Notably, this mechanism operates directly on Fconv obtained from
channel partitioning, rather than on the wavelet sub-bands, thereby providing complemen-
tary spatial selectivity that is decoupled from the spectral decomposition.
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Specifically, we squeeze channel information of Fconv using average and max pooling
to form two spatial descriptors, which are concatenated to predict an attention map Ms:

Ms = σ
(
Conv7×7

([
Avgc(Fconv), Maxc(Fconv)

]))
, (11)

Fatt = Conv3×3(Fconv ◦ Ms), (12)

where Avgc(·) and Maxc(·) denote pooling along the channel dimension, ◦ is element-wise
multiplication, and σ(·) is the Sigmoid function. The stride-2 convolution aligns the output
resolution with other downsampling branches.

Complementary to the spatially adaptive refinement, the Fpool partition is processed
via a standard max-pooling operator to capture the most prominent local activations and
ensure translation-invariant cues, yielding Fmp = MaxPool2×2(Fpool). Unlike the attention-
based path that performs soft, spatially selective reweighting, max pooling functions as a
deterministic “winner-take-all” operator that preserves peak signal intensities regardless
of the learned attention weights. This mechanism is particularly effective when small
objects manifest as sparse but high-magnitude impulses that might otherwise be smoothed.
Finally, the WGSD module synthesizes a comprehensive representation by concatenating
the wavelet sub-bands, the attention-refined features, and the max-pooled salient responses
along the channel dimension:

FWGSD = Concat
(

FLL, FLH , FHL, FHH , Fatt, Fmp
)
. (13)

By unifying spectral decomposition with Spatially Adaptive Feature Refinement,
WGSD effectively mitigates feature degradation, ensuring that subsequent layers receive a
feature representation that is both compact and rich in high-frequency details essential for
small object recognition.

Novelty of WGSD Compared with Conventional Wavelet Downsampling. While
Haar wavelet downsampling has been previously explored for semantic segmentation [29],
WGSD differs from it in several key aspects. First, the conventional approach [29] retains
only the low-pass approximation (FLL) and discards high-frequency sub-bands as “noise,”
which is acceptable for segmentation where boundary precision is less critical but is detri-
mental for small object detection where high-frequency cues are indispensable. In contrast,
WGSD explicitly retains all four wavelet sub-bands (FLL, FLH , FHL, FHH), preserving both
low-frequency context and high-frequency boundary information. Second, WGSD further
integrates a Spatially Adaptive Feature Refinement mechanism and a max-pooling branch,
which work complementarily to suppress background clutter and highlight salient object
regions during downsampling. This hybrid design is specifically tailored for small object
detection and goes beyond simple wavelet-based resolution reduction.

3.4. Optimization Objective

Small object detection poses unique challenges, primarily due to the high sensitivity of
bounding box regression to minor offsets and the extreme imbalance between foreground
and background samples. To tackle these issues effectively, we train Spectra-Net using a
composite loss function that synergizes CIoU for robust localization and Varifocal Loss
(VFL) for quality-aware classification. For bounding box regression, we leverage the CIoU
loss LCIoU [48] to enforce precise spatial alignment. It is defined as:

LCIoU = 1 − IoU +
ρ2(b, bgt)

c2 + αv, (14)

where b and bgt denote the predicted and ground-truth boxes, respectively. ρ(·) represents
the Euclidean distance between their center points, while c is the diagonal length of the
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smallest enclosing box. The term v, which serves to penalize aspect-ratio inconsistencies, is
defined as:

v =
4

π2

(
arctan

wgt

hgt − arctan
w
h

)2

(15)

where it is modulated by the trade-off factor α.
In parallel, to mitigate class imbalance while prioritizing high-quality predictions, we

utilize VFL LVFL [49]. By defining p as the predicted score and q as the target IoU quality,
this loss is expressed as:

LVFL(p, q) =

−q
(
q log(p) + (1 − q) log(1 − p)

)
if q > 0,

−αneg pγ log(1 − p) if q = 0,
(16)

where the hyperparameters are set to γ = 2.0 and αneg = 0.75. Consequently, the total
objective function is formulated as a weighted combination of these two components:

Ltotal = λ1LVFL + λ2LCIoU, (17)

where the balancing coefficients are set to λ1 = 1.0 and λ2 = 2.5.

4. Experiments
This section details the adopted datasets and their corresponding evaluation metrics.

The results of ablation and comparison experiments are presented, analysed and discussed.
Visual illustrations are also provided to demonstrate the experimental outcomes intuitively.

TT-100K [31] traffic dataset consists of 9170 images of which 6105 images are used for
training and 3065 images are used for validation. The images have resolutions 2048 × 2048
and cover a variety of lighting and weather conditions. The traffic signs range in size
from 8 × 8 to 400 × 400 and occupy approximately 0.001% to 4% of the entire image.
To ensure that each category has enough data, categories with fewer than 100 instances
are disregarded following the operations in [31], resulting in a total of 45 categories in the
TT-100K dataset. The final dataset contains 45 categories, as shown in Figure 4.

Figure 4. Forty-five traffic sign categories in the TT-100K dataset, each with at least 100 instances
collected under diverse road conditions. pg: make way, wo...(the second sign): fog.

VisDrone-2019 [30] dataset consists of 8599 images captured by drone platforms at
various locations and altitudes. The dataset is characterized by small object sizes, dense
distributions, and potential partial obstructions. Additionally, different scenes exhibit
varying lighting and perspective effects. This dataset includes over 540,000 annotated
bounding boxes, divided into ten predefined categories: pedestrians, people, bicycles,
cars, vans, trucks, tricycles, awning tricycles, buses, and motorcycles. The training and
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validation subsets consist of 6471 and 548 images, respectively, from different locations but
set in similar environmental settings, as shown in Figure 5. Evaluation Metrics: Following
the COCO protocol, we report two primary metrics: (1) mAP50, the mean Average Precision
averaged over all categories at a fixed IoU threshold of 0.5; and (2) AP50:95, the standard
COCO metric computed as the average of AP over ten IoU thresholds from 0.5 to 0.95 with
a step size of 0.05. Size-specific metrics APs, APm, and APl are also reported following
the same COCO protocol (averaged over IoU 0.50:0.95) for small (<32 × 32), medium
(32–96 pixels), and large (>96 × 96) objects, respectively. For brevity, we use “mAP” to
denote mAP50 and “AP” to denote AP50:95 in all tables.

Figure 5. Ten object categories in the VisDrone-2019 dataset, featuring small, dense targets captured
by UAVs in complex urban scenes.

4.1. Datasets

Small Target Range: In the COCO (Common Objects in Context) dataset [50], the def-
inition of small targets is classified according to the area size of the target. Specifically,
the COCO dataset classifies targets into three size categories: small, medium, and large.
Among them, targets with an area smaller than 32 × 32 pixels are defined as small targets,
targets with an area smaller than 96 × 96 pixels are defined as medium targets, and the
remaining targets are defined as large targets. This classification is useful for evaluating the
detection performance of targets of different sizes, because targets of different sizes usually
show different detection difficulties in detection algorithms.

4.2. Implementation Details

The module framework in this paper is implemented using PyTorch 2.12.0, with exten-
sive reliance on its deep learning libraries for efficient computation. The dataset images are
uniformly resized to 640 × 640 to ensure consistency in the input dimensions. A batch size
of 6 is selected, balancing GPU memory utilization and computational speed. The train-
ing process is conducted on two NVIDIA TITAN RTX GPUs with 24 GB of VRAM each
(NVIDIA, Santa Clara, CA, USA), enabling parallel processing and speeding up model
convergence. For optimization, we use the Stochastic Gradient Descent (SGD) algorithm
with a momentum of 0.93 to accelerate gradient vectors in the correct direction and improve
convergence rates. All other optimizer parameters, such as dampening and weight decay,
are kept at their default settings in PyTorch. The initial learning rate is set to 1 × 10−4, grad-
ually decaying over time, and a weight decay of 1 × 10−5 is applied to prevent overfitting
by penalizing large weight values. The model is trained over 200 epochs, with early stop-
ping based on validation loss to prevent overfitting. Data augmentation techniques, such as
random horizontal flipping, scaling, and color jittering, are applied during preprocessing
to improve the model’s generalization ability.
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4.3. Comparison with State-of-the-Art Methods

To verify the effectiveness of this method in detecting small objects, it was compared
with several state-of-the-art recognition methods benchmarked on the VisDrone-2019
remote sensing dataset and the TT-100K traffic dataset. The cutting-edge small object
detection methods can be divided into four main categories: (i) Anchor-based small ob-
ject detection methods: DTSS [39], KLDet [38], SA-NMS [37]. (ii) Data augmentation-
based small object detection methods: TDOF [36], VATSD [34], CDFF [32], TSRSA [35].
(iii) Multi-scale learning-based small object detection methods: TS-DETR [51], CFPT [21],
SOD [42], FGE [41], CBPH-net [40], Yolo-cs [52], GMDRA [53], FBRT-YOLO [54]. (iv) Con-
text learning-based small object detection methods: CEASC [55], SDM [45], HRGiraffe-
Det [44], I2D-Net [43]. In addition, we include two recent 2026 methods for comparison:
SPAR-Det [56], a segmentation-guided and prior-aided routing detector, and CA-INR [57],
a coordinate-aware implicit neural representation method for UAV small object detection.
Figure 6 illustrates the overall mAP50 performance of the proposed method on TT-100K
and VisDrone-2019 datasets.

Figure 6. Performance evaluation of different small object detection methods on standard dataset
based on mAP50 metrics.

According to the results reported in Table 1, the method proposed in this paper is more
competitive compared to other methods. Specifically, it achieves an mAP50 of 53.6% on the
VisDrone-2019 benchmark, which is 1.4%, 1.8%, 4.8%, 3.6%, 0.9%, 1.1%, 4.5%, 7.9%, 18.3%,
14.3%, 12.2% and 14.6% higher than other methods respectively. Notably, our method
outperforms the most recent 2026 methods (SPAR-Det and CA-INR) by 1.8% and 1.4%
in mAP50, demonstrating that the proposed frequency-aware backbone design remains
competitive against the latest approaches. Additionally, its AP50:95 metrics also surpass
other comparative methods. Focusing on different scales of target categories, it is evident
that for the crucial metric APs for small objects, this method achieves the best results.
Particularly, this method shows the smallest differences among various scales of targets,
reflecting its high adaptability to multi-scale targets.

To further validate the effectiveness and universality of this method, experiments were
conducted on the TT100K dataset. Given the larger and more similar categories included in
the TT-100K dataset, this extended experiment posed greater challenges and practicality.
The recognition accuracy results for different methods on the TT-100K traffic dataset are
shown in Table 2. This method is more competitive than others. Specifically, it achieves
an mAP50 of 91.1% on the TT-100K benchmark, which is 0.2%, 0.6%, 3.2%, 0.3%, 0.8%,
0.9%, 20.9%, 19.5%, 8.3%, 6.6%, 3.9% and 1.0% higher than other methods respectively.
The results confirm that our method also outperforms the latest 2026 approaches (SPAR-Det
and CA-INR) on this dataset. Additionally, to further demonstrate the effectiveness of
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the proposed method, the latest small object detection network GMDRA was chosen for
comparison with the detection results.

Table 1. Performance evaluation of different small object detection methods on the standard VisDrone-
2019 dataset. Bold fonts indicate the best results.

Method mAP50 AP50:95 APs APm APl Year

FGE [41] 39.0 23.4 13.0 35.6 41.4 2024
DTSS [39] 41.4 25.5 18.6 34.3 41.2 2024
CEASC [55] 39.3 20.7 11.4 31.1 39.5 2024
CBPH-net [40] 35.3 - 12.4 32.8 43.4 2023
SOD [42] 45.7 26.3 15.6 37.6 47.6 2024
HRGiraffe-Det [44] 49.1 30.2 21.3 42.0 43.3 2023
SDM [45] 52.5 30.2 22.6 39.6 39.8 2023
KLDet [38] 52.7 28.5 20.0 31.9 41.7 2023
CFPT [21] 50.0 29.7 19.7 41.9 48.0 2025
FBRT-YOLO [54] 48.8 30.7 19.4 41.7 45.3 2025
SPAR-Det [56] 51.8 32.1 21.5 42.5 47.0 2026
CA-INR [57] 52.2 32.5 21.9 43.0 47.2 2026
Proposed 53.6 33.8 22.8 43.7 48.1 -

Table 2. Performance evaluation of different small object detection methods on the standard TT-100K
dataset based on mAP50 metrics. Bolded fonts represent the best detection results.

Method Year mAP50 (%)

SA-NMS [37] 2024 90.1
YOLO-CS [52] 2024 84.5
VATSD [34] 2024 82.8
I2D-Net [43] 2023 71.6
TDOF [36] 2024 70.2
TSRSA [35] 2022 90.2
CDFF [32] 2023 90.3
GMDRA [53] 2024 90.8
TS-DETR [51] 2025 87.2
FBRT-YOLO [54] 2025 87.9
SPAR-Det [56] 2026 90.5
CA-INR [57] 2026 90.9

Proposed - 91.1

As shown in Figure 7, when using GMDRA for detection, some instances of missed and
false detections occur. In contrast, our method can effectively avoid such missed detections.
Using our approach, traffic signs can be accurately identified. These results demonstrate
that our method can effectively detect distant, tiny traffic signs, thereby ensuring that
autonomous driving systems can accurately plan traffic routes.

Evaluation on the DIOR Dataset. To further validate the effectiveness of Spectra-Net,
we conduct experiments on the DIOR dataset [58], a large-scale optical remote sensing
benchmark for object detection. The DIOR dataset is chosen as an additional evaluation
benchmark because it provides diverse object categories and scales in remote sensing sce-
narios, complementing the UAV-based VisDrone-2019 and the traffic-sign-focused TT-100K
datasets. Following the standard split, we train both the baseline and our method on the
DIOR training set and evaluate on the validation set. As shown in Table 3, Spectra-Net
achieves an mAP50 of 83.6%, outperforming the baseline by 2.1%. In terms of object scale,
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our method improves APs, APm, and APl by 1.8%, 4.0%, and 2.0%, respectively. The most
prominent performance gain is observed on medium-sized objects, while consistent im-
provements are also achieved on both small and large objects. This result demonstrates that
the frequency-aware backbone effectively enhances feature representations across all scales:
it delivers a particularly strong boosting effect on medium-scale targets, and meanwhile
effectively refines fine-grained feature representations critical for small object detection,
while maintaining robust performance on large objects in remote sensing scenarios.

Figure 7. The practical detection performance comparison between the proposed method and
GMDRA. For better observation, a magnified image of the detection region is shown in the upper
left corner.

Table 3. Performance comparison on the DIOR validation set. The best results are marked in bold.

Method mAP50 APs APm APl

Baseline 81.5 10.8 39.2 75.8
Spectra-Net (Ours) 83.6 12.6 43.2 77.8

Gain +2.1 +1.8 +4.0 +2.0

Comparison with Frequency-Aware and Dynamic Convolution Methods. To further
demonstrate the advantage of our DFA module, we compare it with two representative
approaches: SET [26], a recent spectral enhancement method for tiny object detection,
and DyConv [24], a standard dynamic convolution method. Specifically, SET [26] operates
at the feature level by reweighting frequency components of the feature map, while Dy-
Conv [24] generates input-conditioned kernels by recombining static weight bases in the
spatial domain. As shown in Table 4, all three methods improve detection performance
over the baseline, but DFA achieves the best results. Specifically, SET improves AP50:95
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by 0.9% and APs by 0.5% over the baseline by reweighting frequency components at the
feature level, but it does not modify the convolution kernel itself. DyConv improves AP50:95

by 0.6% and APs by 0.3% through input-conditioned kernel recombination, but lacks ex-
plicit frequency control. In contrast, our DFA achieves a AP50:95 improvement of 1.1%
and APs improvement of 1.0% over the baseline, outperforming both SET and DyConv.
This is because DFA uniquely combines content-adaptive kernel generation with explicit
frequency control, enabling the backbone to dynamically steer its spectral response toward
high-frequency cues critical for small objects.

Table 4. Comparison of DFA with SET and DyConv on VisDrone-2019. The best results are marked
in bold.

Method AP50:95 APs APm APl

Baseline 32.4 21.8 42.0 45.4
Baseline + SET [26] 33.3 22.3 42.8 46.5
Baseline + DyConv [24] 33.0 22.1 42.5 46.2
Baseline + DFA (Ours) 33.5 22.8 43.2 47.3

4.4. Ablation Study

To further verify the effectiveness of the main components of the proposed method,
including the DFA module, and WGSD module, this section conducts an ablation study.
This phase utilizes five metrics—AP50:95, mAP50, APs, APm, and APl—to comprehensively
evaluate each module. The results of the ablation experiments are shown in Table 5. This
experiment uses the standard single-stage target detection network Yolo as the baseline
module. Different components are then gradually added to verify their effectiveness.
Specifically, the performance of the following five modules was compared:

Table 5. Performance of mAP50 and AP50:95 metrics for ablation experiments on the VisDrone-2019
benchmark dataset. The best results are marked in bold.

Modules Detection Metrics (%)

Baseline DFA WGSD AP50:95 mAP50 APs APm APl

✓ ✗ ✗ 32.4 52.0 21.8 42.0 45.4
✓ ✓ ✗ 33.5 (+1.1) 53.3 (+1.3) 22.8 (+1.0) 43.2 (+1.2) 47.3 (+1.9)
✓ ✗ ✓ 33.3 (+0.9) 53.1 (+1.1) 22.5 (+0.7) 43.0 (+1.0) 47.7 (+2.3)
✓ ✓ ✓ 33.8 (+1.4) 53.6 (+1.6) 22.8 (+1.0) 43.7 (+1.7) 48.1 (+2.7)

Baseline. This involves using a trained single-object detection network for detection,
serving as the benchmark model. As shown in Table 5, the baseline model applied directly
to the dataset produces the poorest test results with AP50:95 and mAP50 values of 32.4% and
52.0%, respectively. Focusing on different object scales, the results are APs, APm, and APl
at 21.8%, 42.0%, and 45.4%, respectively.

Analysis of DFA. To assess the impact of the DFA module, we first integrate it into the
baseline. As shown in Table 5, compared to the baseline and baseline with DFA, AP50:95

and mAP50 increase by 1.1% and 1.3% respectively. APs, APm, and APl improve by 1.0%,
1.2%, and 1.9%, respectively, demonstrating the effectiveness of DFA. This is due to the
global perspective of DFC, which improves scale invariance when processing objects of
different sizes. Analysis of WGSD. We then evaluate the effect of integrating WGSD into
the baseline. As observed in Table 5, compared to the baseline and baseline with WGSD,
AP50:95 and mAP50 increase by 0.9% and 1.1%, respectively. APs, APm, and APl improve by
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0.7%, 1.0%, and 2.3%, respectively, verifying the effectiveness of the WGSD. This is due to
the module’s ability to retain as much image information as possible during downsampling
and to enhance the model’s ability to capture small objects through Spatially Adaptive
Feature Refinement. Joint Effect of DFA and WGSD. This represents the complete model
proposed. As shown in Table 5, compared to the baseline, AP50:95 and mAP50 increase
by 1.4% and 1.6%, respectively. APs, APm, and APl improve by 1.0%, 1.7%, and 2.7%,
respectively, confirming the effectiveness of the designed small object detection network.
The design of the self-aligning module promotes effective fusion of features at different
scales, combined with the global perspective of Fourier convolution, enhancing scale in-
variance when processing objects of different sizes. Combined with the performance of the
Haar downsampling, this scale invariance and adaptability to complex scenes enable the
model to maintain stable performance in varying environments. Frequency-Domain Inter-
pretation of Ablation Results.To better understand why DFA and WGSD individually and
jointly improve small-object detection, we interpret the ablation results from a frequency
perspective. DFA enhances high-frequency responses associated with small objects while
suppressing low-frequency background components, which is directly reflected in the APs

gain (+1.0% over baseline). By dynamically steering the convolutional spectral response
toward high-frequency cues, DFA ensures that tiny targets retain discriminative features
even in deep layers. WGSD, on the other hand, preserves aliasing-free high-frequency
details during downsampling through wavelet sub-band decomposition, leading to better
localization of small objects (APs +0.7%). Without spectral control, standard downsampling
folds high-frequency components into lower frequencies, corrupting the spatial structure
of tiny targets. The joint effect of DFA and WGSD is complementary rather than redun-
dant: DFA aligns cross-scale feature representations before downsampling, while WGSD
protects these aligned features from further degradation during resolution reduction. This
sequential protection pipeline explains why the combined model achieves the highest APs

(22.8%) and the largest overall AP50:95 improvement (+1.4%), demonstrating that spectral
alignment and anti-aliasing downsampling address different stages of the same frequency
degradation problem.

Ablation Study of DFA.As DFA is a core component of Spectra-Net, we first conduct
an ablation study to analyze the contributions of its interaction part and the filtering block
(DFC). In the first experiment, we replace the filtering block with a standard convolution,
denoted as DFA (Conv), while keeping the interaction part fixed. As shown in Table 6,
DFA (Conv) improves AP50:95 from 32.4% to 32.8% and mAP50 from 52.0% to 52.6%. For
different object scales, APs, APm, and APl increase by 0.3%, 0.2%, and 1.0%, respectively,
indicating the contribution of the interaction part. When the standard convolution is
replaced with the proposed DFC (DFA (Ours)), mAP50 and AP50:95 further increase to
53.3% and 33.5%, respectively. Additionally, APs, APm, and APl improve to 22.8%, 43.2%,
and 47.3%, respectively, demonstrating that DFC provides the primary performance gain
by enhancing scale invariance through its global perspective on object sizes.

Table 6. Component-wise ablation of DFA. “Interaction” denotes the fixed interaction part inside DFA.
The best results are marked in bold.

Variant Interaction DFC AP50:95 mAP50 APs APm APl

Baseline ✗ ✗ 32.4 52.0 21.8 42.0 45.4
DFA (Conv) ✓ ✗ 32.8 (+0.4) 52.6 (+0.6) 22.1 (+0.3) 42.2 (+0.2) 46.4 (+1.0)
DFA (Ours) ✓ ✓ 33.5 (+1.1) 53.3 (+1.3) 22.8 (+1.0) 43.2 (+1.2) 47.3 (+1.9)
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To provide a more intuitive visualization of the ablation results, Figure 8 presents the
mAP50 and APs improvements from both the main ablation study (Table 5) and the DFA
component ablation (Table 6) as bar charts. The visual comparison clearly shows that the
full model (DFA + WGSD) achieves the highest performance across both metrics and that
the DFC filtering block contributes the primary gain within DFA.

Baseline +DFA
+WGSD

DFA+WGSD
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25
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35
32.4
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33.8

21.8
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Figure 8. Bar chart visualization of the main ablation results (AP50:95 and APs) on VisDrone-2019.
The full model with both DFA and WGSD achieves the best performance.

Depth Study of DFC. Building on the above findings, we further investigate the internal
design of DFC by varying its network depth while keeping all other settings constant.
We use AP50:95 and mAP50 as evaluation metrics and report the results in Table 7. The
performance of the single-layer network steadily improves during training, with AP50:95

increasing from 28.4% to 32.6% and mAP50 from 46.6% to 52.3%. Despite its simplicity and
limited capacity, this design is easy to optimize and helps reduce overfitting on smaller
datasets. The double-layer network follows a similar trend, with mAP50 increasing from
45.6% to 52.0%, but it performs slightly worse than the single-layer variant at 200 epochs.
This suggests that while increasing the model capacity, the double-layer network does not
significantly enhance feature capture in this setup. The triple-layer network achieves the
best performance, with mAP50 increasing from 46.0% to 53.2% and AP50:95 from 28.0%
to 33.4%. This demonstrates that a moderate network depth balances representation
power and generalization, allowing the model to capture more complex features without
overfitting. In contrast, the quadruple-layer network performs the worst, with mAP50 only
reaching 49.9%. This indicates that excessive depth leads to overfitting and reduces training
efficiency, likely due to the model learning noise rather than useful features. In conclusion,
the triple-layer design strikes the best balance between complexity and generalization and
is therefore adopted as the default configuration for DFC in DFA.

Table 7. Performance metrics at different epochs for different network layers. The best results are
marked in bold.

Layer 1 Layer 2 Layer 3 Layer 4

Epoch AP50:95 mAP50 AP50:95 mAP50 AP50:95 mAP50 AP50:95 mAP50

50 28.4 46.6 27.7 45.6 28.0 46.0 26.8 43.8
100 31.6 50.9 31.5 50.7 31.6 50.9 29.8 48.3
150 32.2 51.8 32.2 51.8 32.8 52.5 30.8 49.6
200 32.6 52.3 32.3 52.0 33.4 53.2 31.0 49.9
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4.5. Visualization Analysis

In this section, we utilize visualizations to qualitatively compare the detection results
with the baseline. As shown in Figure 9, our method can identify difficult objects more
effectively than the baseline. Since most objects in the VisDrone2019 [47] images are
typically small, we have enlarged some samples for clearer display. The results demonstrate
that, facing different complex scenes, this method is relatively more effective and robust
compared to the baseline. For example, as shown in the enlarged part of the first row,
the baseline model overlooks the largest bus, but our method perfectly adapts to this
scale change, paying attention to the bus while ensuring the accuracy of other target
identifications. In the second row, the baseline incorrectly identifies a van, whereas our
model accurately recognizes the type of vehicle. The baseline neglects pedestrians on
the roadside, while the proposed method also gives sufficient attention to smaller, more
peripheral targets. These visual results prove that the proposed method enables the
detector to better face challenges brought by scale changes and retains enough feature
information to help the detector better understand difficult targets, thereby improving
detection performance.

Figure 9. Some result comparison between the proposed and the baseline method on the validation set
of VisDrone-2019. Dotted boxes indicate that our method exhibits outstanding performance in chal-
lenging areas, adapts better to scale variations, and can precisely locate and identify difficult objects.

Heatmaps are an important visualization tool mainly used to represent the spatial
distribution of specific types of information in images. They utilize different colors to
indicate varying intensities of signals, aiding in the understanding and analysis of image
data. As shown in Figure 10, we present a heatmap comparison between our method
and the baseline. We have also enlarged some samples for clearer display. The results
show that, facing different complex scenes, this method has stronger effectiveness and
robustness compared to the baseline. For instance, as shown in the enlarged part of the
first row, the baseline model overlooks the largest bus because it does not give sufficient
attention to it. This is reflected in the heatmap, where the bus receives less attention
compared to smaller targets like cars, but our method perfectly adapts to this scale change,
giving it sufficient attention in the heatmap. In the second row, the baseline overlooks
pedestrians on a distant overpass, while our model accurately focuses on these targets.
The third row compares the recognition of occluded targets; unlike the baseline, our method
recognizes motorcycles obscured by trees, demonstrating its superiority in identifying
occluded targets. These heatmap visualizations prove that the proposed method allows
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the detector to dynamically focus on targets of various scales and locations, adapting to
challenges brought by scale changes.

Figure 10. Heatmap visualizations of some challenging areas reveal why the proposed method adapts
better to scale variations and accurately identifies potential targets.

4.6. Computational Cost Analysis

Since the proposed frequency-aware operations (DFA and WGSD) introduce additional
computational modules, it is important to evaluate their impact on model complexity and
inference efficiency. Table 8 reports the number of parameters, FLOPs (floating-point
operations per second), and inference FPS (frames per second) for the baseline and the
full Spectra-Net model, measured on a single NVIDIA TITAN RTX GPU with an input
resolution of 640 × 640.

Table 8. Computational cost comparison between the baseline and the proposed Spectra-Net. The
best results are marked in bold.

Model Params (M) FLOPs (G) FPS

Baseline 26.08 113.0 68
Spectra-Net (Ours) 30.65 130.8 56

Change +17.5% +15.8% −17.6%

As shown in Table 8, Spectra-Net introduces a moderate computational overhead
compared with the baseline, increasing the number of parameters and FLOPs by 17.5%
and 15.8%, respectively. Meanwhile, the inference speed decreases from 68 FPS to 56 FPS,
corresponding to a 17.6% reduction. Despite this additional cost, Spectra-Net still maintains
real-time inference capability while providing improved detection accuracy.
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5. Conclusions
We presented Spectra-Net, a frequency-aware framework for small object detection un-

der severe scale imbalance. By redesigning backbone feature encoding from a spectral per-
spective, Spectra-Net strengthens high-frequency cues critical to tiny objects via Dynamic
Fourier Alignment (DFA) and alleviates downsampling-induced aliasing through Wavelet-
Guided Spectral Downsampling (WGSD) with wavelet sub-band decomposition and selec-
tive retention of informative high-frequency components. Experiments on VisDrone-2019
and TT100K demonstrate consistent improvements over strong baselines, achieving 53.6%
mAP50 and 91.1% mAP50, respectively, with clear gains on small-object subsets.

Technical Findings. Our key technical findings are threefold. First, static convolutional
backbones inherently suffer from scale-mismatched representations because their fixed
frequency responses cannot accommodate the divergent spectral characteristics of large
and small objects simultaneously. By introducing DFA, which generates content-adaptive
kernels with explicit frequency control via multiplicative filter networks, the backbone can
dynamically align its spectral response to preserve high-frequency cues for small objects
(+1.0% APs on VisDrone-2019). Second, conventional downsampling operations (e.g., max
pooling, average pooling) cause aliasing that irreversibly corrupts fine-grained details of
tiny targets; our WGSD module addresses this by retaining all wavelet sub-bands and
refining them with spatial attention, yielding aliasing-free high-frequency preservation
(+0.7% APs). Third, DFA and WGSD are complementary: DFA aligns features before
downsampling, while WGSD protects the aligned representations from further degradation,
and their joint application achieves the best performance (+1.4% AP50:95).

Practical Implications. The consistent improvements on VisDrone-2019 and TT100K,
which represent challenging UAV-based aerial perception and autonomous driving scenar-
ios, respectively, demonstrate that Spectra-Net is well-suited for real-world deployment.
The model runs at approximately 56 FPS on a single TITAN RTX GPU, meeting real-time
requirements for traffic sign recognition and aerial surveillance. The frequency-aware
design is particularly beneficial in environments where small objects are prevalent and
scale variations are extreme, such as urban traffic monitoring, drone-based search and
rescue, and infrastructure inspection.

Limitations. Despite the encouraging results, Spectra-Net has several limitations.
First, while the moderate computational overhead (+17.5% parameters, +15.8% FLOPs) is
acceptable for GPU-based deployment, it may still be too heavy for resource-constrained
edge devices. Second, the model’s performance degrades under extreme occlusion scenarios
where small objects are almost entirely obscured, as the spectral cues become too weak to
be recovered. Third, very low-resolution inputs (e.g., below 32 × 32 pixels) pose challenges
even for the frequency-aware modules, as the high-frequency information is inherently
limited at such resolutions.

Future Directions. Several promising directions remain for future research. First, we
plan to extend Spectra-Net to video-based small object detection, where temporal informa-
tion can complement the spectral cues and help recover occluded targets. Second, model
compression techniques such as knowledge distillation and neural architecture search will
be explored to reduce the computational overhead and enable deployment on lightweight
platforms. Third, integrating Spectra-Net with multi-object tracking frameworks could
enable end-to-end perception pipelines for autonomous systems. Finally, evaluating the
framework on additional datasets and domains (e.g., satellite imagery, underwater detec-
tion) would further validate its generalizability.
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