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Abstract

Infrared-visible object detection (IVOD) seeks to harness
the complementary information in infrared and visible im-
ages, thereby enhancing the performance of detectors in com-
plex environments. However, existing methods often neglect
the frequency characteristics of complementary information,
such as the abundant high-frequency details in visible images
and the valuable low-frequency thermal information in in-
frared images, thus constraining detection performance. To
solve this problem, we introduce a novel Frequency-Driven
Feature Decomposition Network for IVOD, called FD?-Net,
which effectively captures the unique frequency representa-
tions of complementary information across multimodal vi-
sual spaces. Specifically, we propose a feature decomposi-
tion encoder, wherein the high-frequency unit (HFU) uti-
lizes discrete cosine transform to capture representative high-
frequency features, while the low-frequency unit (LFU) em-
ploys dynamic receptive fields to model the multi-scale con-
text of diverse objects. Next, we adopt a parameter-free com-
plementary strengths strategy to enhance multimodal fea-
tures through seamless inter-frequency recoupling. Further-
more, we innovatively design a multimodal reconstruction
mechanism that recovers image details lost during feature ex-
traction, further leveraging the complementary information
from infrared and visible images to enhance overall repre-
sentational capacity. Extensive experiments demonstrate that
FD?-Net outperforms state-of-the-art (SOTA) models across
various IVOD benchmarks, i.e. LLVIP (96.2% mAP), FLIR
(82.9% mAP), and M*FD (83.5% mAP).

Introduction

Object detection is a foundational topic in computer vision,
aiming to localize and identify diverse objects within images
or videos. It has extensive applications in autonomous driv-
ing, surveillance, and remote sensing (Fu et al. 2023b; Li
et al. 2023b). Nevertheless, visible object detection encoun-
ters substantial challenges in adverse conditions like rain,
fog, clouds, and poor illumination, primarily due to the in-
herent limitations of RGB sensors. As a result, alternative vi-
sual sensors, particularly infrared cameras, are increasingly
utilized to complement RGB cameras in overcoming these
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Figure 1: Illustration of the differences between our FD?-
Net and existing IVOD approaches. Our algorithm employs
frequency decoupling to separate high- and low-frequency
information in infrared and visible images, thereby effec-
tively leveraging multimodal complementary features to ex-
tract more discriminative and robust characteristics.

difficulties, thereby igniting substantial research interest in
Infrared-Visible Object Detection (IVOD).

However, current IVOD methods still have three weak-
nesses. Weakness 1: They tend to overlook the frequency
characteristics of object features within infrared and visible
images. Infrared imaging primarily captures low-frequency
thermal radiation, while visible imaging emphasizes high-
frequency details. Prevailing architectures (Li et al. 2023a;
Zhao et al. 2023c) often overlook this kind of intrinsic
property, and embed cross-modality information into a uni-
fied feature space, which results in the inability to extract
modality-specific features. Weakness 2: With a fixed re-
ceptive field, these methods only extract local information,
which makes it difficult to adapt to the positional biases
inherent in infrared and visible images. Moreover, models
with small kernels are inadequate for effectively capturing
long-range information, which is crucial as the surrounding
environment provides vital clues about object size, shape,
and other characteristics (Li et al. 2024). Weakness 3: Re-
cent IVOD approaches commonly employ downsampling
operations to mitigate visual noise and reduce computational



overhead, potentially resulting in the loss of object informa-
tion. Such degradation in feature representation significantly
hampers the localization and classification capabilities of the
detection head, ultimately compromising detection perfor-
mance. Our research explores a more rational paradigm to
address these challenges in cross-modality feature extraction
for IVOD tasks. Based on the aforementioned analysis, we
identify three critical countermeasures (CM):

CM 1: We revisit the feature extraction process from a fre-
quency perspective. Visible images furnish abundant high-
frequency information, such as edges and textures, whereas
infrared images deliver valuable low-frequency thermal ra-
diation information. As illustrated in Fig. 1 (I), conventional
methods depends solely on redundant cross-modality similar
clues, leading to the loss of crucial complementary features.
In contrast, we can capture discriminative complementary
information from infrared and visible images in a more con-
trolled and interpretable manner by limiting the frequency
space of feature extraction. As shown in Fig. 1 (II), adaptive
frequency decoupling facilitates the retention of more repre-
sentative low-frequency and high-frequency information in
both infrared and visible images.

CM 2: From a model design standpoint, larger kernels aid
in capturing more extensive scene context, thereby mitigat-
ing geometric biases between infrared and visible images.
However, employing large kernel convolutions may intro-
duce substantial background noise and overlook fine-grained
details within the receptive field, which can be detrimental to
the precise detection of small objects. Hence, we parallelly
arrange multiple depthwise dilated convolutions of varying
sizes to extract multi-granularity texture features across di-
verse receptive fields, thus fulfilling IVOD tasks.

CM 3: To combat the information loss resulting from re-
peated downsampling, many existing methods often employ
generative approaches such as image super-resolution to al-
leviate this issue. However, these methods not only require
constructing pairs of high-resolution and low-resolution
samples, but their generative processes often introduce spu-
rious artifacts. Conversely, we integrate a simple yet effec-
tive multimodal reconstruction mechanism into the IVOD
framework, leveraging complementary information from
both infrared and visible modalities to restore structural and
texture details lost during feature extraction.

In this paper, we design a novel paradigm for IVOD
tasks, i.e., Frequency-Driven Feature Decomposition Net-
work (FD?-Net), which decouples the frequency informa-
tion of infrared and visible images to efficiently extract rep-
resentative features and leverages the dominant frequency
characteristics of one modality to enhance the complemen-
tary features of the other. Specifically, we introduce a fea-
ture decomposition encoder, which comprises three main
parts: a high-frequency unit (HFU), a low-frequency unit
(LFU) and a parameter-free complementary strengths strat-
egy (CSS). HFU performs the discrete cosine transform, fol-
lowed by a lightweight module that learns a spatial attention
mask from multiple high-frequency components, thereby ac-
centuating the most representative high-frequency features.
LFU employs multi-scale convolutional kernels to capture
low-frequency structures of various objects and their con-
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textual information, effectively modeling the relationships
between objects and their surrounding environments. Sub-
sequently, CSS leverages the strengths of one modality to
achieve complementary enhancement in the other. Further-
more, we develop a cross-reconstruction unit (CRU) incor-
porating feature-level complementary masks. CRU further
learns complementary information from infrared and visible
features through both fine-grained and coarse-grained cross-
modality interactions, restoring the multimodal images. Our
contributions can be summarized as follows:

» We propose a novel paradigm for IVOD, termed FD?-
Net, which aims to improve detection performance by
effectively extracting valuable complementary features
from infrared and visible images.

* We design a high-frequency unit (HFU) and a low-
frequency unit (LFU) to effectively capture discrimina-
tive frequency information in both infrared and visible
images. Also, a complementary strengths strategy is de-
veloped to enhance multimodal features through seam-
less inter-frequency recoupling.

e We introduce a cross-reconstruction unit (CRU) to fa-
cilitate the fusion of complementary information across
modalities, thereby further enhancing feature representa-
tion.

» Extensive qualitative and quantitative experiments vali-
date the effectiveness of our FD2?-Net, achieving accu-
racies of 96.2% on LLVIP (Jia et al. 2021), 82.9% on
FLIR (F.A. Group 2018), and 83.5% on M?FD (Liu et al.
2022a).

Related work
General Object Detection

General object detectors can be broadly classified into two-
stage detectors and one-stage detectors. Faster R-CNN (Ren
et al. 2015) is a classic two-stage detector, consisting of a
Region Proposal Network (RPN), Region of Interest (Rol)
pooling, and detection heads. The RPN generates propos-
als based on features extracted by the backbone network.
The extracted image features and generated proposals are
fed into the Rol pooling operation to extract proposal fea-
tures. Finally, the proposal features are classified and re-
gressed by the detection head. To generate better region pro-
posals, various methods have been explored to enhance per-
formance, including architecture design (Cai and Vasconce-
los 2018), anchor box optimization (Jiang et al. 2018), and
multi-scale training (Singh, Najibi, and Davis 2018). How-
ever, two-stage methods necessitate filtering a large number
of proposals, leading to significant time and computational
overhead. In contrast, one-stage detection frameworks pre-
dict bounding boxes and classes directly from densely sam-
pled grids, thus achieving faster inference speeds. YOLOVI
(Redmon et al. 2016) is the first one-stage object detector
to achieve real-time object detection. Through years of con-
tinuous development, the YOLO detectors have surpassed
other one-stage object detectors (Liu et al. 2016; Lin et al.
2017) and become synonymous with real-time object detec-
tion. In this article, YOLO-based architicture is chosen as
the detector to reasonably balance speed and accuracy.



Infrared-Visible Object Detection

Infrared-visible fusion can complementarily capture richer
object information, yielding more stable detection results.
The main focus of IVOD detectors has primarily been on ex-
ploring improved fusion techniques, for which several vari-
ant frameworks have been proposed. TINet (Zhang et al.
2023d) enhances the extraction of complementary informa-
tion by emphasizing the differences between infrared and
visible images. AR-CNN (Zhang et al. 2019) highlights that
visible images and infrared images are misaligned in the spa-
tial dimension. To align the regional features of two modal-
ities, it proposes a region feature alignment module to en-
hance detection performance. Furthermore, DMAF (Zhou,
Chen, and Cao 2020) designs an illumination-aware feature
alignment module that selects features based on illumina-
tion conditions and adaptively aligns features across modal-
ities. To effectively capture the complementary features of
infrared-visible images, APWNet (Zhang et al. 2023c) in-
troduces an image fusion loss to enhance the performance of
YOLOVS (Jocher 2020). SuperYOLO (Zhang et al. 2023a)
adds an image super-resolution branch to strengthen the fea-
ture extraction capability of the backbone. LRAF-Net (Fu
et al. 2023b) improves detection performance by fusing the
long-range dependencies of the visible and infrared features.
DFANet (Zhang et al. 2023b) introduces an antagonistic fea-
ture extraction and divergence module to extract the differ-
ential infrared and visible features with unique information.

In this paper, we propose a frequency-driven feature de-
composition network that can efficiently extract discrimina-
tive complementary information from infrared and visible
images, respectively. This extracted information is then uti-
lized to enhance feature representation, thereby improving
detection performance.

Proposed Method
Overall Architecture

As shown in Fig. 2, our FD?>-Net comprises three mod-
ules: 1) Feature Decomposition Encoder. Inspired by spec-
tral spectrum, this module introduces a two-branch architec-
ture to effectively extract valuable high-frequency and low-
frequency features through feature decomposition and fu-
sion. Subsequently, through the complementary advantage
strategy, the representative frequency features are reorga-
nized to improve the overall representation ability. 2) Mul-
timodal Reconstruction Mechanism. To enhance feature
learning, an asymmetric cross-maske strategy is applied to
the features from the final layer of the Encoder, compelling
each modality to obtain useful information from comple-
mentary modalities. Two cross-reconstruction units are then
used to restore the multimodal image by leveraging the com-
plementary features of infrared and visible images. The re-
construction process is constrained by the mean square er-
ror at the pixel level. 3) Multi-Scale Detection Heads. This
module constructs a Feature Pyramid Network (FPN) that
utilizes multi-scale features extracted at various stages of the
Encoder. At the highest resolution layer of the FPN, the re-
constructed multimodal features are integrated to further en-
hance detection. Finally, following YOLOv5 (Jocher 2020),
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three detection heads with different scales are configured to
accurately detect objects.

Feature Decomposition Encoder

Formally, let I € RF>*W and V' € R3*H*W be the in-
put infrared and visible images, where H x W represents
the spatial resolution. Initially, a 6 x 6 CBR block' is em-
ployed to reduce the resolution and extract shallow multi-
modal visual features { X7, X} € RO*"*®_Then, we first
split { X7, X} into two components in a ratio of , respec-
tively. One is expected to represent high-frequency compo-
nent, denoted as 7 = {XH XH} € Reexhxw | captur-
ing the spatial details such as edges and textures. The other
oL = {X}F XL} € RU-®)exhxw ig expected to learn low-
frequency content like context and structural information.

High-Frequency Feature Attention. Our goal is to ef-
fectively extract high-frequency components from infrared
and visible images, respectively. We thus introduce a High-
Frequency Unit, which can filter out the high-frequency in-
formation and direct model’s attention on more valuable in-
formation. The discrete cosine transform (DCT) has demon-
strated superiority in image compression, particularly in en-
hancing image details and textures while eliminating noise.
Based on this, we incorporate DCT into IVOD. This trans-
formation guides the convolution to extract diverse high-
frequency spatial features and effectively suppresses noises
such as Gaussian and thermal noise in infrared-visible im-
ages.

Discrete Cosine Transform (DCT). For an imgae = €
RH*XW  where H and W are the height and width of
z, Eq. (1) provides the definition of the standard two-
dimensional (2D) DCT, mathematically defined as:

= S Bl (1)
Bjjj” = cos(mh/H(i + 1/2)) cos(mw/W(j +1/2)), (2)

where f € R¥*W is the 2D DCT frequency spectrum, B
is the basis function of the 2D DCT, h € {0, H — 1} and
w € {0,W — 1}, and cos(-) represents the cosine function.
To simplify the notation, constant normalization factors in
Eq. (1) are omitted.

High-Frequency Unit. To adaptively modulate the em-
phasis on different frequency components for enhanced spa-
tial information discrimination, we leverage the 2D DCT
as a selective filtering mechanism. Specifically, the high-
frequency feature maps ® are divided along the channel
dimension into n segments. Each group ® where g €

{0,n — 1}, maintains the spatial dimensions of ® but has
only 1/n of channel length. A specific 2D DCT frequency
component, denoted as B, »,, is then assigned to each seg-
ment and then concatenate to obatain the modality-specific

high-frequency features, which is denoted as:
o = [‘I)H * Buugvgs o 7‘1)51—1 * Bu, y0,0), ()

'A 6 x 6 convolutional layer with a batch normalization (BN)
(loffe and Szegedy 2015) layer and a rectified linear unit (ReLU)

(Nair and Hinton 2010).



Feature Decomposition Encoder
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Figure 2: The architecture (top row) and core components (bottom row) of our FD2-Net. It has three components: (1) Feature
Decomposition Encoder, which effectively extracts high/low-frequency features in multimodal visual space. (2) Multimodal
Reconstruction Mechanism, which further learns the distinguishing and complementary features of each modality through the
reconstruction of multimodal images to enhance feature representation. (3) Multi-Scale Detection Head, which uses visual
features from (1) and (2) to complete object classification and localization.

where [ug,v,] represents the 2D frequency indices corre-
sponding to @f . The [+, -] is a concatenation operation. Here,
g serves as the control parameter for frequency components,
where a larger g value enables channels within the same con-
volutional layer to capture multi-frequency features, thereby
enhancing feature representation capability.

Next, we apply a spatial attention mechanism to adap-
tively learns a spatial mask to dynamically modulate differ-
ent frequency components during training. Mathematically,
this instantiation can be formulated as:

SAY = o (F2 !

[AvgPool(®1), MaxPool (®7)]),  (4)

where o denotes the sigmoid function. AvgPool(-) and
MaxPool(-) are average-pooling and max-pooling opera-
tions. 7271 is a 7 x 7 convolutional layer to transform the
features (with 2 channels) into one spatial attention map,
which facilitates information interaction among various spa-
tial descriptors.

The final output of the HFU module is the element-wise
product of the input feature &7 and SAY | as indicated be-
low:

o' — SAM @ oH. §))

We believe using more complex attention architectures, such
as (Behera et al. 2021; Bao et al. 2024), is of the potentials
to achieve higher improvements.

Low-Frequency Context Refinement. To effectively
capture low-frequency information across multiple scales,
we construct a multi-granularity convolution by a set of par-
allel depth-wise convolutions (DWCs) with different kernel
sizes and dilation rates. For the i-th DWC, the expansion of
the kernel size k; and dilation rate d; are flexible, with the
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only constraint being:

ki + (k; — 1) x (d; — 1) < RF. (6)

However such a multi-branch structure invariably increases
computational cost, thereby prolonging inference times in
practical deployments. References (Ding et al. 2019, 2021)
point out that multiple parallel convolutional blocks can be
seamlessly consolidated into a single convolutional layer for
inference, optimizing computational efficiency. By leverag-
ing this equivalent transformation, we merge several small-
kernel branches into a unified large-kernel convolutional
layer, as shown in Fig. 2. This approach not only enhances
the extraction of multi-scale features within a single layer
but also maintains swift inference capabilities. Following the
ConvNeXt (Liu et al. 2022b) and RepLKNet (Ding et al.
2022), we set RF' = 7, kernels size is [7, 3, 3, 3] and dila-
tion rates is [1, 1, 2, 3]. Note that our LFU uses dilated con-
volution, thereby preventing the extraction of overly dense
feature representations.

To diminish information redundancy and improve the fea-
ture diversity, we employ a channel-mix strategy that per-
forms both inter-channel communications and spatial aggre-
gations. First, a Global Average Pooling (GAP) operation
collates channel statistics from low-frequency spatial fea-
tures. These features then undergo compression and restora-
tion via two sequential 1 x 1 convolution layers, reducing
feature similarity. A sigmoid function subsequently gener-
ates channel weights, refining the multi-scale spatial features
®” through weighted processing. This process is encapsu-
lated as follows:

' d—(1—a)C [ p(1—a)C—d
ot = ot o(FLTVFLGYT @),
where d is set as (1 — a)C/4.

)



Complementary Strengths Strategy. The function of
this strategy is to recouple the complementary features and
achieve efficient inter-frequency communication. we pro-
pose a parameter-free manner to add the low/high-frequency
features in cross-modality image to another features, where:

®)

Xt < xt +xF. )
For each of frequency features witthin one modality, we con-
catenate both and use a 3 x 3 convolution layer F(-) to ob-

tain the enhanced modality-shared features. The final output
is formulated as follows:

YP = F(x X)), (10)

Y¢ = F(x{ L X{). (11)
Fig. 2 shows a detailed illustration of the LFU, HFU and fu-
sion stragy, where we intuitively demonstrate how they work
by synergistically capturing high/low-frequency spatial in-
formation.

X = x4 x,

Multimodal Reconstruction Mechanism

As mentioned above, the Feature Decomposition Encoder
focuses on explicitly extracting valuable frequency informa-
tion. To take full advantage of complementary information,
we further integrate a Multimodal Reconstruction Mecha-
nism into our FD?-Net. It aims to learn the discriminative
and complementary features of each modality while aug-
menting the overall representation capability. As showcased
in Fig. 2, this mechanism has two components: feature-level
cross-maske and Cross-Reconstruction Unit (CRU).

Feature-Level Complementary Mask. To better utilize
the multimodal information, avoid the network always learn-
ing from a single image. We design an efficient feature aug-
mentation strategy to train FD?-Net. As shown in Fig. 2, we
perform an asymmetric mask of local information, which de-
noted as:

May =M, [ My, My [My =1, (12)

where M; and My represent the infrared mask and visible
mask, respectively. M,;; represents the total unseen area, ac-
counting for 30% of the feature map. Such a design allows
the network to only obtain valid information from the posi-
tion corresponding to the opposite modality of the masked
area.

Multimodal Image Reconstruction. As mentioned in the
introduction, the information loss caused by feature extrac-
tion leads to difficulties for the detector to localize and iden-
tify objects. To address the challenge, we introduce Cross-
Reconstruction Unit (CRU) to learn the complementary fea-
tures through fine-grained local and coarse-grained global
interactions. Note that CRU is a generic image reconstruc-
tion network, and we only take the visible image as an exam-
ple to explain the working of CRU. The process can be ex-
pressed as follows (where the Rectified Linear Unit (ReLU)
is omitted for brevity):

(13)

LTy = Conv3><3(xv)7
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2l = CA(zy, ;) + Fr(Convsxs(Fs([zy, xi]))), (14)

fo = Convyx1(Convyx1(TransConv(xl))), (15)

where CA(-) represents the cross-attention layer. Fg and F
are feature squeeze and excitation operations, same as (Hu,
Shen, and Sun 2018). For the infrared and visible image, the
outputs of CRU are f; and f,.

Training Loss

The total loss function comprises the image reconstruction
loss L, and the detection loss £ 4.¢. The reconstruction loss
is computed using the mean squared error (MSE) loss be-
tween the original and reconstructed images, which is for-
mulated as follows:

Lre=1/2|fi = Iy +1/2[lfs =V, (16)
where f; and f, are the reconstructed infrared and visible
features, respectively. I and V' denote the input infrared and
visible images, respectively. The detection loss, consistent
with the previous algorithm, comprises classification loss
L5, localization loss Ly, and confidence loss Lop;:

ACdet = ‘Ccls + £bo:1: + ﬁobj- )
The overall loss function is defined as follows:
»Ctotal - Alﬁrc + )\2£det- (18)

The A\; and )\, are the hyperparameters to balance the two
losses during training.

Experiments
Experimental Settings

Datasets. The proposed model is evaluated against SOTA
methods using three IVOD benchmark datasets: (1) LLVIP
dataset (Jia et al. 2021) is a prominent large-scale pedes-
trian dataset specifically collected in low-light conditions,
predominantly showcasing extremely dark scenes. It en-
sures meticulous spatial and temporal alignment between
all infrared and visible image pairs, concentrating solely
on pedestrian detection. (2) FLIR dataset offers a highly
challenging multispectral object detection benchmark, en-
compassing both day and night scenes. In this study, we
utilized the “aligned” version (Zhang et al. 2020). It com-
prises 5,142 precisely aligned infrared-visible image pairs,
with 4,129 pairs allocated for training and 1,013 pairs re-
served for testing. The dataset encompasses three primary
object categories: People, Cars, and Bicycles. (3) M3FD
dataset (Liu et al. 2022a) comprises 4,200 pairs of RGB and
thermal images. It includes six categories of objects: Peo-
ple, Cars, Buses, Motorcycles, Lamps, and Trucks. Follow-
ing prior work (Zhao et al. 2023b), we employ a random
splitting method to delineate the training and validation sets.
Specifically, 80% of the images are allocated to the training
set, with the remaining images assigned to the validation set.



Methods  tF1  fPrecision {Recall 1mAPsy TmAPqs
Infrared  82.6 89.8 76.5 87.6 459
Visible 83.5 90.7 77.4 88.5 46.3

DensFuse  88.8 91.5 86.4 89.4 58.2
SDNet 88.8 90.5 87.2 90.8 63.1

U2Fusion  89.4 90.5 88.3 91.2 61.5

CDDFuse 90.9 90.5 91.3 93.6 65.7
MetaF 88.6 91.1 86.3 92.7 65.5

LRRNet 914 93.1 89.9 94.8 68.8
SegMiF  91.3 93.5 89.2 94.3 67.1
TarDAL  89.9 92.3 87.6 93.3 62.4
DDFM 90.9 93.0 88.9 94.1 64.6

CSSA 89.3 91.6 87.5 92.7 65.3
TFDet  91.5 92.5 90.4 95.4 68.9
Ours 91.7 94.2 89.4 96.2 70.0

Table 1: Comparison of FD?Net and SOTA methods on
LLVIP dataset. The best and second best performance are
highlighted in bold and underline.

Implementation Details. To ensure fairness, we follow
the same dataset processing approach as other mainstream
methods (Fu et al. 2023a). FD?Net is built upon the SOTA
detector YOLOVS5 (Jocher 2020). For evaluation, we report
F1-Score, Precision, Recall, and Average Precision, consis-
tent with prior research. Xavier initialization (Glorot and
Bengio 2010) is used to initialize parameters, and the model
is trained for 150 epochs using SGD (Robbins and Monro
1951) with an initial learning rate of 0.01, weight decay of
10~4, and momentum of 0.9.

Main Results

We compare our proposed FD*Net with several baseline and
SOTA methods, including SDNet (Zhang and Ma 2021),
TarDAL (Liu et al. 2022a), DensFuse (Li and Wu 2018),
U2Fusion (Xu et al. 2020), CDDFuse (Zhao et al. 2023b),
SegMiF (Liu et al. 2023), DDFM (Zhao et al. 2023c), MetaF
(Zhao et al. 2023a), LRRNet (Li et al. 2023a), CSSA (Cao
et al. 2023), and TFDet (Zhang et al. 2024). These methods
are built on the YOLOVS detector to measure their detection
performance.

Comparison Results on LLVIP. The results presented in
Table 1 demonstrate that our method effectively fuses sim-
ilar and complementary features in infrared and visible im-
ages, significantly enhancing the network’s representational
capability. Compared to single-modality methods, FD?Net
outperforms both Infrared and Visible, with substantial im-
provements of 8.6% and 7.7%, respectively. Furthermore,
when compared to other SOTA networks, FD?Net consis-
tently surpasses them, showing an improvement in mA Ps
by 1.4%-6.8%. These results indicate that our proposed
method markedly enhances IVOD tasks performance.

Comparison Results on FLIR. As illustrated in Table
2, FD2Net demonstrates exceptional performance, estab-
lishing new SOTA benchmarks for mAPsy and mAPr5 at
82.9% and 41.9%, respectively. Specifically, our method
surpasses CDDFuse and SegMiF by +2.1% and +1.4% in
terms of mAPsg. When the threshold is increased to 0.75,
the miss rate for other methods rises more significantly than
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Methods People Car Bicycle 1tmAPsg 7TmAPrs
Infrared 77.2 85.2 57.9 73.7 34.0
Visible 65.6 73.8 48.7 62.7 25.9
DensFuse  78.7  85.8 61.4 75.3 35.0
SDNet 81.0 873 64.2 77.5 33.1
U2Fusion  82.7  87.8 67.7 79.4 36.5
CDDFuse  82.3 87.2 72.9 80.8 394
MetaF 833 89.2 71.1 814 40.7
LRRNet 83.3 88.8 69.7 80.6 41.0
SegMiF 853 869 72.8 81.5 40.9
TarDAL 85.1 85.3 69.3 79.9 37.9
DDFM 84.5 87.9 71.5 81.2 40.2
CSSA 832  86.7 68.6 79.4 37.2
TFDet 852 875 71.9 81.7 41.3
Ours 853 89.9 73.2 82.9 42.5

Table 2: Comparison of FD?>Net and SOTA methods on
FLIR dataset. The best and second best performance are
highlighted in bold and underline.

Methods Peo Car Bus Mot Lam Tru 1mAPs
Infrared 80.6 88.7 78.6 637 699 66.2 74.6
Visible 694 906 78.7 693 862 714 77.6
DensFuse 763 91.8 793 727 77.0 725 78.4
SDNet 79.5 926 81.0 67.1 842 694 79.0
U2Fusion 77.3 913 81.1 73.0 851 728 80.1
CDDFuse 81.1 932 823 740 877 727 81.9
MetaF 81.6 933 819 748 873 70.8 81.6
LRRNet 79.7 92.0 804 736 865 68.8 80.2
SegMiF 824 934 818 757 86.7 71.1 82.2
TarDAL  81.0 932 815 712 87.0 682 80.6
DDFM 82.0 93.1 822 73.6 879 71.0 81.7
Ours 83.7 936 827 781 878 738 83.5

Table 3: Comparison of FD?Net and SOTA methods on
M3FD dataset. The best and second best performance are
highlighted in bold and underline.

for FD?Net, indicating our method’s superior detection ac-
curacy. For instance, it achieves 42.5% m A Pr5, improving
by 1.5% over the previous best model, LRRNet.

Comparison Results on M3FD. The comparative results
on the M?FD dataset are summarized in Table 3. Our pro-
posed method achieves a mAPsy of 83.5%), establishing
new records. In addition, we present the detection accuracy
for each category. Notably, in the “People” and “Motor-
cycle” categories, FD*Net achieves improvements of 1.3%
and 2.4% over the previous best method. This suggests that
our method possesses a superior ability to detect weak and
small objects.

Visual Comparisons. The qualitative results are depicted
in Fig. 4. The green boxes are detection results, while the
red dashed boxes mark missed objects (false negatives). It
is evident that the predictions made by previous methods
suffer from missed detections, especially for small and oc-
cluded objects in images. FD*Net effectively captures robust
shared and discriminative specific information related to de-
tected objects, resulting in superior performance across var-
ious challenging scenarios.
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Figure 3: Visual comparison of FD*Net with 10 SOTA meth-
ods. Green boxes are detection results, while red dashed
boxes mark missed objects (false negatives).

Freq-Dec Encoder  Cross-Rec Module

HrU LFU CRU — Mask | |mAPs0 | tmAPzs
T - - - - 90.9 62.7
i v 92.4 64.4
I v v - 94.7 66.3
v v v v - 95.6 69.6
Ours | v 7 7 7 96.2 70.0

Table 4: Ablation study of FD?>Net components. HFU: High-
Frequency Unit, LFU: Low-Frequency Unit, CRU: Cross-
Reconstruction Unit. Mask: Complementary Mask Strategy.

Ablation Study

In this section, we present the ablation study results on the
LLVIP dataset to evaluate the relative effectiveness of dif-
ferent components in FD?Net.

Architecture of FD?*Net. Compared to the baseline
(Exp.I), the introduction of HFU (Exp.II) and LFU (Exp.III)
for enhanced feature extraction improves mAPsq by 1.5%
and 2.3%, respectively. Incorporating the multimodal image
reconstruction strategy CRU (Exp.IV) into FD?Net results in
a 0.9% improvement in mA Psg. Notably, m APy exhibits
a substantial improvement of 3.3%, indicating that object
position perception can be significantly enhanced through
image reconstruction. The feature representation capability
can be further enhanced by employing an asymmetric fea-
ture mask, leading to increases of 2.6% in APy and 1.8%
in AP75. These ablation results show the effectiveness of the
major components in the proposed method.

Effect of HFU and LFU. Our Feature Decomposition
Encoder (FDE) comprises two components: high-frequency
attention (HFU) and low-frequency refinement (LFU). To
evaluate their effectiveness, we replaced the C2f blocks in
YOLOvV5n with either HFU or LFU. As shown in Table 5,
using HFU (YOLOv5n+H) or LFU (YOLOv5n+L) alone re-
sulted in performance drops of 3.2% and 2.8%, respectively,
indicating that neither component alone effectively captures
the complementary features of infrared-visible images. We
further explored three integration strategies: sequential high-
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| Description | |Params. | JFLOPs | tmAPs
1 YOLOV5n 3.01 M 8.1G 90.9 %
II | YOLOv5Sn+H 2.72M 7.6 G 91.5 %
III | YOLOv5n+L 273 M 177G 91.9 %
IV | YOLOvSn+H +L 2.77TM 8.0G 92.8 %
V | YOLOv5Sn+L +H 2.77TM 8.0G 92.6 %
VI | YOLOvSn+H & L 275 M 7.8 G 94.7 %

Table 5: Expermental results with different combination
methods of LFU and HFU on LLVIP dataset.

= -l B
REREREER E R R0

Figure 4: Left: Features from the original YOLOV5n, Right:
Features from the proposed FD?Net.

to-low (H+L), sequential low-to-high (L+H), and parallel
(H&L). The parallel combination achieved the best perfor-
mance, significantly improving mA Ps of 94.7 %, with re-
duced parameters and FLOPs. Thus, we adopt the parallel
(H&L) design for FDE to maximize model performance.

Feature maps visualization. To investigate the feature
representation capabilities of the proposed FD?Net, we vi-
sualize the feature maps from the second stage of both the
original YOLOVS5 and FD?Net. As illustrated in Fig. 4, the
feature patterns produced by FD?Net are significantly en-
riched compared to the original YOLOVS. This approach not
only reduces redundant features but also strengthens and di-
versifies representative features.

Conclusion

In this paper, we introduce a Frequency-Driven Feature De-
composition Network (FD?Net) specifically designed for
infrared-visible object detection tasks. It efficiently models
high-frequency and low-frequency features, thereby facili-
tating the extraction of valuable complementary informa-
tion. Furthermore, aided by the multimodal reconstruction
mechanism, the complementary information within multi-
modal images is more effectively exploited. Extensive quali-
tative and quantitative experiments demonstrate that the pro-
posed network attains state-of-the-art performance across
competitive infrared-visible object detection benchmarks.
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