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Abstract

Thermal InfraRed (TIR) technology has emerged as a significant tool
in autonomous driving systems. Unlike natural images, TIR images are
distinguished by their enriched thermal and illumination information while
lacking chromatic contrast. Traditional object detection on natural im-
ages normally use deep neural networks based on convolutional layers
or attention modules. However, TIR-based object detection necessitates
high computational efficiency to eliminate the extraction of redundant
chromatic features. Furthermore, the robust space-frequency perception
and expansive receptive field are critical due to the distinct brightness and
contour features of TIR images. In this paper, we propose a novel net-
work, namely Lightweight-Fourier-Transform Detector (LFTDet), metic-
ulously designed to strike a balance between computational efficiency and
accuracy in TIR object detection. Specifically, our innovative Fourier
Transform-Efficient Layer Aggregation Network (FT-ELAN) backbone
takes advantage of Fourier Transform (FT) in synergy with deep neu-
ral networks. In addition, we propose the detection neck called Asymp-
totic Attention-based Feature Pyramid Network (AA-FPN), which in-
tegrates the SimA mechanism in the asymptotic structure to facilitate
the F'T-based operation. Extensive experiments conducted on FLIR and
LLVIP datasets demonstrate that LFTDet surpasses all baselines while
maintaining an extremely low computational cost. Code is available at
https://github.com/zeyuwang-zju/LFTDet.

1 Introduction

Object detection is the process of precisely locating and identifying objects
within images or videos. Current object detection methods have predominantly
relied on Red-Green-Blue (RGB) images as their primary input source, capi-
talizing on the advancements in deep-learning technology [1H13]. Nevertheless,



conventional RGB images usually fall short in providing high-quality visual
information for precise object detection under challenging environmental con-
ditions, such as low-light settings, dense fog, or snowy landscapes. In such
conditions, Thermal InfraRed (TIR) technology [14] emerges as an alternative
solution, which is capable of capturing thermal radiation across the wavelength
spectrum of 0.75-15um. Significantly, TIR technology can detect objects with
temperatures above absolute zero (-273.15°C'), which is insensitive to illumina-
tion variations. Unlike visible RGB images, which are characterized by high
chromatic contrast and visual realism, TIR images typically exhibit rich ther-
mal and illumination information, accompanied by distinct object edge contours.
Consequently, TIR technology has demonstrated its superiority across various
domains, including driver-assistance systems [15}/16], remote sensing [17H19],
person re-identification [20-22], intelligent detection [23H25], and an extensive
array of applications under low-light or complex conditions [2629).

Current research on TIR-based object detection typically involves the use
of multi-spectral RGB-TIR image pairs as the input source. Recently, we have
argued that multi-spectral object detection lacks robustness in modern driving
systems under complex environmental conditions and proposed the prior T2V
(Thermal-To-Visible) method for mono-modal TIR-based object detection [30].
Nonetheless, an inherent limitation remains: the T2V translation model still
relies on RGB-TIR image pairs during the pre-training phase, which can restrict
the scalability under challenging scenes.

On the other hand, applying conventional deep-learning methods to TIR im-
ages for mono-modal object detection presents several noteworthy challenges:
(1) Redundancy in Information Extraction: Traditional deep convolu-
tional or fully connected layers may inadvertently extract redundant features
due to the limited chromatic information in TIR images, hindering the efficiency
of information extraction. (2) Computational Overhead: Incorporating an
excessive number of layers in detection networks can lead to a surge in computa-
tional cost and parameters, posing practical challenges, particularly in modern
driving systems where real-time processing and resource efficiency are critical.
(3) Infrared Feature Prerequisites: TIR images display prominent bright-
ness and contour features, demanding object detectors with robust perception
capability and global receptive fields to effectively capture these distinctive fea-
tures.

In this paper, we address the above challenges by proposing a novel lightweight
model called LFTDet, specifically designed for object detection in TIR, images.
To overcome the challenges of information redundancy and computational over-
head, LFTDet adopts our FT-ELAN as the backbone, which leverages Fourier
Transform (FT) in conjunction with the deep neural network, enabling robust
spatial-frequency perception and global receptive field. To enhance the op-
eration of the FT-based detector, we introduce a novel detection neck called
Asymptotic Attention-based Feature Pyramid Network (AA-FPN). We conduct
extensive experiments on two benchmark datasets, namely FLIR [31}/32] and
LLVIP (33|, for TIR-based object detection. The experimental results demon-
strate that our LFTDet outperforms conventional object detectors while main-
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Figure 1: The workflow of the TIR-based object detection by our LETDet.

taining a minimal number of model parameters and low computational cost.
Notably, our LFTDet further surpasses the majority of multi-spectral methods
employing RGB-TIR image pairs on FLIR dataset, despite solely relying on TIR,
images as the mono-modal source.

To summarize, our main contributions in this work can be outlined as follows:

o Identification of the challenges associated with conventional object-detection
methods in TIR domain.

e Introduction of an efficient model called LFTDet for TIR object detection,
exclusively utilizing TIR images.

e Utilization of the Fourier Transform (FT) to form the innovative FT-
ELAN backbone, which enhances spatial-frequency perception and achieves
the global receptive field without introducing additional parameters.

e Development of a novel detection head called AA-FPN to facilitate the
operation of our FT-based object detector.

e Extensive experiments conducted on two benchmark datasets, illustrating
the advantages of our LFTDet and the proposed innovative components.

2 Related Works
2.1 RGB Image Object Detection

Object detection on RGB images has been the focal point of computer vision,
with benchmark datasets such as Pascal VOC , ADE20K , and COCO-
Stuff serving as the foundational resources. Classical algorithms like R-
CNN [1], Fast R-CNN , and Faster R-CNN played a pioneering role
in the integration of deep learning into object detection. Subsequently, one-
stage approaches, including SSD and YOLO-series models ,
further facilitated the object detection process, delivering real-time performance
while maintaining accuracy. In these methods, Convolutional Neural Networks
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Figure 2: Hlustration of our LFTDet. (a) The model pipeline of LFTDet, which
consists of FT-ELAN backbone, AA-FPN neck, and decoupled head. DC—3x 3
denotes the the 3 x 3 Down-Sampling Convolution. (b) The Focus module. (c)
The FT-Module (FT-M). (d) The SPPF module.

(CNNs) were commonly employed as backbone models to extract semantic fea-
tures from images. Recently, the rise of innovative Transformer-based algo-
rithms has marked a paradigm shift in object detection. Notable works include
Vision Transformer , DETR , Deformable DETR , and ViTDet ,
which explore the integration of self-attention mechanism to enhance the
global-context interaction. In addition, with the development of popular large
language model, DetGPT emerges as a multimodal tool which automatically
locates the objects according to the user’s interest.

2.2 Intelligent Detection

Intelligent detection refers to the use of advanced technologies, such as artificial
intelligence, to detect, classify, and predict events or anomalies in various do-
mains. In recent years, there have been significant advancements in data-driven
methods for intelligent detection, driven by the availability of large amounts of
data, more powerful computational resources, and improved algorithms [441[45].
Deep learning models can automatically learn complex patterns and features
from data, making them highly effective for intelligent detection tasks. Mean-
while, an important development in data-driven methods for intelligent detec-
tion is the integration of multiple data modalities. By combining data from
different sensors and sources, researchers can improve detection performance
and robustness. Recent research on intelligent detection can also be applied to
various fault diagnosis , energy estimation , and thermal vision

processing [23H25].



2.3 Object Detection in TIR Domain

Currently, object detection in TIR domain typically relies on multi-spectral
RGB-TIR image pairs as the primary data source. It has shown promise in
applications such as nighttime driver-assistance systems with restricted visibil-
ity. Conventional multi-spectral methods have typically employed CNN-based
models, as seen in Zhang et al. and Fang et al.’s research on cross-modal fea-
ture fusion [32//50-52]. Prominent CNN models like VGG [53] and ResNet [54]
have commonly served as the foundational detection backbones for these meth-
ods. Recent SOTA approaches, including Transformer-based models such as
CMX [55] and IGT [56], have demonstrated significant potential in effectively
integrating cross-modality features from visible-thermal image pairs, which hold
promise for enhancing the accuracy and robustness of multi-spectral object de-
tection. We have argued that multi-spectral object detection faces limitations
in modern driving systems operating under complex environmental conditions,
and proposed the mono-modal method TIRDet which leverages prior Thermal-
To-Visible (T2V) translation [30], However, it is notable that the prior T2V
method still necessitates RGB-TIR image pairs during the training of the pre-
liminary T2V translation model. Therefore, our objective is to develop an ef-
ficient mono-modal TIR-based object detector that exclusively requires TIR
images for training and inference.

3 Methods

3.1 Overview

Fig. a) shows the model pipeline of our proposed LFTDet for TIR image
object detection. It is composed of three core components: the FT-ELAN back-
bone, the AA-FPN detection neck, and the decoupled detection head. Our FT-
ELAN backbone is ingeniously designed based on the Discrete Fourier Transform
(DFT), an approach that effectively exploits robust spatial-frequency percep-
tion and global-range receptive field. This architectural design plays a significant
role in enhancing the detection performance of our FT-based detector. To fa-
cilitate the training and operation of our FT-based backbone, we introduce a
novel detection head called the Asymptotic Attention-based Feature Pyramid
Network (AA-FPN), which employs an asymptotic structure with the SimA
mechanism [57] to enhance the multi-scale feature interaction. Finally, the de-
coupled detection head [58] is employed to obtain the detection results on TIR
images.

3.2 FT-ELAN backbone

The structure of our FT-ELAN backbone is shown in Fig. 2(a). The FT-ELAN
backbone is composed of five distinct stages, with Stage-1 referred to as the
Stem. In each of these stages, a down-sampling step is adopted to system-
atically reduce the feature size. The Stem comprises a single Focus module
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Figure 3: (a) Ilustration of the workflow of our FT-Layer (FT-L). SW-
DFT denotes Spatial-Wise Discrete Fourier Transform, while CW-DFT denotes
Channel-Wise Discrete Fourier Transform. (b) Simple illustration of the Dis-
crete Fourier Transform (DFT). (c¢) Illustration of the information interaction
in SW-DFT and CW-DFT.

in combination with a 3 x 3 convolution. Every other stage includes an FT-
Module (FT-M) and a 3 x 3 Down-sampling Convolution (DC — 3 x 3). The
FT-M is the key component of our FT-ELAN, utilizing cascaded FT-Layers
(FT-Ls) to effectively explore robust spatial-frequency perception and expand
the global receptive field. Stage-5 also contains a Spatial Pyramid Pooling -
Fast (SPPF) module (7] at the end, which substantially enlarges the receptive
field by employing a series of max-pooling layers.

3.2.1 Focus Module

As illustrated in Fig. b), the Focus module is employed to process information
from different pixels of the input TIR images, which has been widely utilized in
the YOLO-series models [7,[58]. It extracts values of the adjacent pixels from
the input TIR image, which conducts the spatial downsampling while expanding
the channels four times. After that, a 3 x 3 convolutional layer is followed to
extract the semantic information and increase the number of feature channels.

3.2.2 FT-Module (FT-M)

Fig. c) provides the visual representation of our FT-M structure, which
greatly augments the model’s ability to capture global-context information while
maintaining the computational efficiency. To harness the power of the Discrete
Fourier Transform (DFT) in extracting long-range information of the features,
we integrate the cascaded novel FT-Layers (FT-Ls) in our FT-Ms. In Stage-i
(i € {2,3,4,5}), each FT-M is followed by one 3 x 3 Down-Sampling Convolu-
tion (DC — 3 x 3) with a stride of 2, which also increases the number of channels
twice.

The FT-M initiates with a 1 x 1 convolutional layer, maintaining the existing
channel count. Subsequently, the feature map is divided into two branches,



denoted as fiop and fpor, with an equal number of channels. It ensures that our
model can effectively leverage global-range information at a low computational
cost. The upper branch f;, is routed through a total of ns; blocks, where each
block consists of an FT-L and a 3 x 3 convolutional layer:

Flop = 03x3(FT-L(fi;,), 1 <1<y, (1)

where ftoop is set equal to f;,p. We use the symbol ¢ to denote the convolutional
layer for brevity, the same as below. Then, the outputs of all blocks and the
lower branch f;,; are concatenated and fed into a 1 X 1 convolutional layer to
compress the channels:

fout = Qslxl(c[f?op’ftlopa ey tréj;)ta fbot])7 (2)

where C[-] denotes the concatenation process along the channel axis. The output
feature, denoted as f,,;, maintains the same shape as the input feature f;,.

In specific, the workflow of our FT-L is illustrated in Fig. a). As it
processes an input feature with the shape of h x w x ¢, the following steps
are carried out: It firstly reshapes the three-dimensional input feature into a
two-dimensional format of hw X ¢, which flattens the spatial dimensions. Next,
we apply the Spatial-Wise Discrete Fourier Transform (SW-DFT) along the
spatial direction to enhance the global-range interaction. Afterward, the two-
dimensional feature is transposed to the dimension of ¢ X hw, and the Channel-
Wise Discrete Fourier Transform (CW-DFT) is performed to extract the in-
depth featural information. Finally, the feature is reshaped back to its original
shape h xwxc. The information interaction methods in SW-DFT and CW-DFT
are illustrated in Fig. [§[c).

In the process of the SW-DFT and CW-DFT operation, if the input two-
dimensional feature x contains N discrete latent vectors, the operation of DFT
[59] on it can be illustrated in Fig. [3(b) and formulated as:

N—-1
X =DFT(z) = Y ape” "™ 0<E<N-1, (3)
n=0

where n represents the number of sequential vectors, which ranges from 0 to
N — 1. For each value of k, the DFT operation computes a new representation
X as the summation of all the original input tokens z,, each weighted by
the complex exponential factor. In contrast to the conventional convolutional
layers, the DF'T layers can extract long-range information from the input tensors
without learnable parameters and additional computational cost.

By incorporating the cascaded FT-Ls into the FT-Ms, our FT-ELAN back-
bone gains the capability to effectively capture spatial-frequential information
from all locations and depths of the feature maps. In contrast to the ELAN
backbone [60], which relies on two consecutive 3 x 3 convolutions to perceive
a b x 5 region, our FT-ELAN leverages the power of the DFT to reduce com-
putational demands while achieving an even more extensive receptive field, as
shown in Fig. [d] In addition, it not only improves the model’s efficiency but also



(a) Two cascaded 3 x 3 Conv (b) FT-L + 3 x 3 Conv

Figure 4: Illustration of the information flow in feature extraction. Compared
to two consecutive 3 X 3 convolutions, which perceive a 5 x 5 region, our FT-M
leverages Fourier Transform to achieve a global-range receptive field.

Figure 5: (a) Illustration of the structure of ASFF-2. (b) Illustration of the
structure of ASFF-3. (c) Illustration of the workflow of ASF-H in ASFF-3.
In (a) and (b), the upward arrows represent down-sampling steps, while the
downward arrows represent up-sampling steps.

enables our LFTDet to process information from a more comprehensive view,
ultimately enhancing its stable performance in TIR-domain applications.

3.2.3 SPPF Module

The SPPF module is illustrated in Fig. d). The input feature f;, is firstly
sent into a 1 x 1 convolutional layer to obtain f0 = ¢1x1(fin): Then, it is fed
into a cascade of three max-pooling layers with the size of 5 x 5 and the stride
of 1:

fl'= Mazpoolsys(fi=1), 1<1<3. (4)

Afterwards, f0 and the outputs of all max-pooling layers are concatenated and
sent into a 1 x 1 convolutional layer:

fout = d1x1(C[£l]), 1€{0,1,2,3}. (5)

where the output f,,;: has the same shape as the input f,.



The SPPF module allows for the efficient feature extraction at multiple
scales. By performing the cascaded max-pooling operation, the SPPF module
optimizes feature extraction while minimizing the computational cost.

3.3 AA-FPN Detection Neck

Our AA-FPN is illustrated in Fig. [2(a), which takes features from Stage-
3, Stage-4, and Stage-5 of the FT-ELAN backbone as the input, denoted as
{F5, F4,F5}. The asymptotic structure incorporates ASFF modules [61] to
seamlessly integrate and extract multi-scale information. Simultaneously, we
leverage the SimA mechanism [57] (denoted as S,) to enhance feature aware-
ness of the detection neck, all without introducing any additional parameters.

3.3.1 Asymptotic Structure

We use A and Az to denote ASFF-2 and ASFF-3, respectively. The AA-FPN
begins by employing a 1 x 1 convolution and stacked convolution-based blocks
(Block-i-j denoted as @;_;) to derive the latent features, denoted as {Fj, F, Fy}:

F, = ®1(¢1x1(F)), i€ {3,4,5). (6)

Subsequently, we utilize the ASFF-2 low-level feature aggregation module to
integrate Fy and Fy, namely Fy, Fy = Ay(Fy, Fy). Following this step, both Fj
and F, 41 are individually processed through the SimA modules and convolution-
based blocks:

F = 0o(Su(F), i€ (3.4) @)

The multi-scale features are then directed to the high-level feature aggrega-
tion module, ASFF-3, for adaptive spatial fusion: F?:/, FZ,F; = Ag(F?:, Féi, Fsl)
Finally, we apply the SimA modules, convolution-based blocks, and 1 x 1 con-
volution to process the features, generating {Ps, Py, Ps}:

P = ¢141(D:.3(Sa(F, ), i€ {3,4,5}, (8)

where the resulting features are subsequently utilized in the detection head to
produce the final results.

3.3.2 ASFF Module

The ASFF modules incorporate feature weighting mechanisms at various levels
to enhance the feature fusion. The weighting scheme proves particularly efficient
when reconciling potentially conflicting information in features with varying
scales. The workflows of ASFF-2 and ASFF-3 are illustrated in Fig. [f(a) and
Fig. b), respectively. Both ASFF-2 and ASFF-3 consist of ASF-Low (ASF-L),
ASF-Middle (ASF-M), and ASF-High (ASF-H) modules. In specific, ASF-H is
only included in ASFF-3.

To elucidate the workflow, we take the workflow of ASF-H in ASFF-3 as an
example (shown in Fig. [f|c)). Firstly, all features are resized to match the shape



of F, specifically, Fy = Downy4(F3) and F, = Downy2(F}). Subsequently, we
apply 1 x 1 convolutions separately on the features to derive the weights w; =
b1x1(F,)(i € {3,4,5}). Following this, the distinct weights w; are concatenated
and processed with a non-linear layer employing softmax activation:

w = softmax(hg(Clp1x1(F};)])), i€{3,4,5}, 9)
where w € R"*®*3 and hy represents a 3 x 3 convolutional layer to compress
the number of channels into three. Finally, the three channels of w serve as the
attention weight maps for the input features. An additional 3 x 3 convolutional
layer generates the resultant output Fj :

F. = ¢gus(Fy % w[0] + F, x w[l] + F, * w[2)]). (10)

A similar computational strategy is applied to ASF-L and ASF-M in both
ASFF-2 and ASFF-3, where the distinct attention weights are computed and
applied to the input features.

3.3.3 SimA Module

We employ SimA modules on the output features of ASFF-2 and ASFF-3 mod-
ules. The SimA module, as illustrated in Fig. [6] serves as a parameter-free
attention mechanism that infers 3-D attention weights for a feature map within
a given layer. For a given input feature x;, € R"*“X¢ and a scalar ), the
following steps are carried out:

We firstly calculate the channel-wise variance V(x;y,):

n

1
V(win) = — kz_:l (2 — u(zin))®, n=hxuw, (11)
where V(x;,) € RP*%*1 In this equation, z;, represents the elements of x,,

and p(z;y) is the mean along spatial dimensions. Then we obtain the attention
weight Attn:

T(.’L‘Zn)
4V(@in) + A)

where T (2;,) is the squared difference tensor between z;, and its spatial mean.
The scalar A and threshold are set to le—4 and 0.5 in this work, respectively.
Finally, we obtain the weighted output feature by element-wise multiplication
with the sigmoid form of Attn, namely z,u: = i © o(Attn).

In all, the SimA module involves calculating channel-wise variances in the
input feature and using them to compute attention weights, which are then ap-
plied to generate an attention-weighted feature. Combined with the asymptotic
neck structure, the dynamic attention mechanism enhances the model’s capac-
ity to emphasize significant semantic information without the introduction of
additional parameters.

Attn = + threshold, (12)

10
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Figure 6: Illustration of the workflow of SimA module. The symbol o(-) denotes
the sigmoid function.

3.4 Decoupled Detection Head

The decoupled detection head, depicted in Fig. [7} is an anchor-free detection
module. Incorporating features from the AA-FPN (P3, P4, and P5), it em-
ploys a 1 x 1 convolution operation to enhance the features and reduce the
channel dimension to 256. Subsequently, the feature map is split into two dis-
tinct branches, each consisting of two consecutive 3 x 3 convolutional layers. The
upper branch is dedicated to class determination (Cls.), responsible for assign-
ing the feature point to a specific object category. On the other hand, the lower
branch is accompanied by two parallel prediction layers: Reg. (Regression) and
ToU. (Intersection over Union). Reg. predicts the center point coordinates of
the detection box, along with the box width and height, whereas IoU. estimates
the likelihood that the predicted box encompasses a target object. Once the
outputs of all prediction branches are generated, we follow the training and
inference strategies in [58] to derive the final detection results.

3.5 Model Configurations

We have built an LFTDet-T as a tiny-size network with a model size of 5.30
M and the computational cost of 11.15 GFLOPs. In addition, we also build
LFTDet-B as a base-size network to make a competitive comparison, which
has the model size of 13.52 M and the computational cost of 29.99 GFLOPs.
The main differences in model configurations lie in: (1) The number of feature
channels after the Stem module (denoted as C'), which will be proportionally
amplified at each stage of the model. (2) The number of cascaded FT-L and
3 x 3 convolutions in FT-Ms (denoted as ny). (3) The number of convolutional
blocks in @39, Pyo, P3.3, Ps3, P53 in AA-FPN (denoted as depth). Once the
number of model parameters increases, the detection results will become better,
but at the same time, the computational efficiency will decrease. We also found
that in the TIR object detection task, the performance improvement brought
by increasing the calculation amount based on LFTDet-B is not substantial.
Hence, based on our original design objectives, we choose these two parameter

11
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Figure 7: Illustration of the decoupled detection head. C' represents the number
of object classes in the dataset.

Table 1: Model configurations of LFTDet-T and LFTDet-B.
Configs
Model
ode C ‘ Nt ‘depth
LFTDet-T | 32 4 1 5.30 M 11.15 G
LFTDet-B | 48 6 2 13.52 M | 29.99 G

Params FLOPs

settings. The specific model configurations of LETDet-T and LFTDet-B are
listed in Table[dl

4 Experiments

4.1 Implementation

We employ PyTorch version 1.8.1 for the implementation of our proposed LFT-
Det, which is executed on an Intel(R) Xeon(R) Gold 5218 CPU operating
at 2.30GHz, paired with NVIDIA RTX A6000 GPUs equipped with CUDA
11.4. Our experimentation process is conducted using the MMDetection frame-
work [64,/65]. For training our TIRDet, we have utilized the Stochastic Gradi-
ent Descent (SGD) optimizer with an initial learning rate of 0.01, a momentum
value of 0.9, a weight decay of 0.0005. The batch size of 8 is configured. The
training process spans 300 epochs, and we close the Mosaic and Mixup data
augmentation after 200 epochs.

12



d LLVIP datasets.

Table 2: Quantitative results of conventional object-detection methods and our

LETDet on FLIR an
Model FLIR LLVIP Params(M) | GFLOPs FPS
MAP;nAP7s mAP mARmAPsgnAP7s mAP mAR| (40.10) (£0.20)

Faster RCNN [38] | 74.4 32,5 37.6 49.7|96.1 68.5 61.1 59.7 41.13 91.01 1.35
SSD (3] 65.5 224 29.6 44.3|90.2 579 53.5 573 24.01 137.53 1.54
RetinaNet [62] 64.5 20.3 28.3 44.4|93.7 49.3 50.9 60.6 36.15 82.04 1.14
YOLOV3 [5] 73.6 31.3 36.8 46.5 | 89.7 53.4 52.8 61.7 61.53 77.56 2.07
YOLOV5 [7] 73.9 357 39.5 4731946 722 61.9 59.5 46.52 109.14 | 1.87
YOLOF [§] 74.9 26.7 34.6 479 | 91.4 43.7 47.5 58.6 42.11 39.28 1.48
DDOD [63] 72.7 26.2 339 48.2]94.3 599 56.6 63.7 31.98 71.22 0.57
YOLOX [58] 80.9 375 42.0 522|957 715 623 68.3 54.15 77.66 1.20
YOLOVT7 [60] 75.6 322 382 49.0 | 955 67.7 594 62.5 36.49 103.51 | 1.60
YOLOv9 [12] 74.9 35.8 39.6 50.1 951 682 61.0 654 20.05 76.35 1.98

- LFTDet-T | 793 378 423 522|957 714 634 680| 530 | 11.15 |4.79
LFTDet-B 81.1 41.3 44.3 54.0| 96.2 72.7 63.8 69.0 13.52 29.99 2.32

GFLOPs are tested at 640x640 resolution with batch = 1. FPS is tested on an Intel(R) Xeon(R) Gold 5218 CPU
operating at 2.30GHz. The values marked in red denote the best results, while the values marked in blue denote the

second best results.

4.2 Datasets

We conduct extensive experiments on two benchmark datasets for TIR image
object detection, namely FLIR [31.[32] and LLVIP [33] datasets. The detailed
information of the two datasets is described as follows:

4.2.1 FLIR Dataset

FLIR is a multi-spectral road-scene dataset, which has three annotated cate-
gories: “person”, “bicycle”, and “car”. Later, a “clean-version” FLIR dataset
was proposed, which removed the mis-annotated thermal images [32]. In this
work, we adopt the “clean-version” FLIR dataset to conduct the experiments,
which contains 4,129 training images and 1,013 testing images.

4.2.2 LLVIP Dataset

LLVIP is a newly introduced multi-spectral dataset for nighttime pedestrian
detection. It encompasses 12,025 training images and 3,463 testing images.
The TIR images in the dataset are captured across the wavelength of 8—14um
in exceptionally low-light environments with high image clarity.

4.3 Evaluation Metrics

We adopt standard metrics in object detection for quantitative evaluation, in-
cluding mean Average Precision (mAP), mAP5o, mAP75, and mean Average

13



Table 3: Quantitative results of multi-spectral methods and our LFTDet on
FLIR dataset.

Model ‘ Source | Backbone |mAPsg mAP;5 mAP mAR
CFR-3 [32] V+T VGG16 72.4 - - -
GAFF [50] V4T | ResNetl8 | 72.9 329 375 -
GAFF [50] V+T | VGG16 | 727 309 37.3 -

YOLOFusion [52] V4T VGG16 76.6 - 39.8 -
CFT [51] V4T CFB 787 355 402 525
InfusionNet [66] V+T Infusion 79.1  35.2 403 -
CMX [55] V4T | SwinT | 822 371 423 -
IGT [56] V4+T | SwinT | 85.0 369 436 -
TIRDet 30] | TV | CSPD53 | 814 411 443 540
~ LFTDet-T | T | FT-ELAN | 793 37.8 423 522
LFTDet-B T FT-ELAN | 81.1 41.3 44.3 54.0

V denotes the visible input, while T denotes the thermal input. T—V denotes the
prior Thermal-To-Visible Translation method.

Table 4: Quantitative results of multi-spectral methods and our LFTDet on
LLVIP dataset.

Model | Source | Backbone |mAP5) mAP7s mAP mAR
YOLOV5-VT [7] | V4T | CSPD53 | 958 714 623 63.1
CFT [51] V4T CFB 97.5 729 636 684
InfusionNet [66] | V+T Infusion 98.6 73.3 64.6 -
TIRDet [30] T—V | CSPD53 | 963 731 642 694
~ LFTDet-T | T | FT-ELAN | 95.7 714 634 680
LFTDet-B T FT-ELAN | 96.2 727 63.8 69.0

Recall (mAR). mAP and mAR are computed as the average values across all
categories, using Intersection over Union (ToU) thresholds ranging from 0.50 to
0.95, with an interval of 0.05. Meanwhile, mAP5q and mAP75 are calculated at
ToU thresholds of 0.50 and 0.75, respectively. The mAP score can be calculated
as:

AP fol p(r)dr
N N
where p = TP/(TP + FP) denotes the precision, r = TP/(TP + FN) denotes
the recall, and IV is the number of categories. Meanwhile, TP, F P, and F'N rep-
resent True-Positive, False-Positive, and False-Negative elements, respectively.

mAP (13)
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Figure 8: Qualitative comparison between the baseline methods and our
LFTDet-B on FLIR dataset, where the red, blue, and green boxes denote the
detected objects “person”, “car”, and “bicycle”, respectively. Better viewed in
color and zoomed in.

4.4 Quantitative Results

The quantitative results of conventional object-detection methods and our LFT-
Det on FLIR and LLVIP datasets are shown in Table[} All of them adopt TIR
images as the input source for mono-modal object detection. For the YOLO-
series models, we adopt the large-version variants for evaluation. Notably, the
parameters (M) and GFLOPs exhibit a slight margin of error, approximately
+ 0.10 and £+ 0.20, respectively, due to the different object categories incor-
porated within the classification head. From the comparison, we can see that
our LFTDet-B stands out by achieving the most outstanding results across
all metrics, demonstrating superior performance on both the FLIR and LLVIP
datasets. It achieves the remarkable 44.3% mAP and 54.0 % mAR on FLIR
dataset, and 63.8% mAP and 69.0 % mAR on LLVIP dataset, respectively,
with a minimal parameter count of 13.52 M and a computational cost of 29.99
GFLOPs. Furthermore, our LFTDet-T secures the second-best position in
terms of mAP75, mAP, and mAR on FLIR dataset, as well as the second-
best mAP on the LLVIP dataset, at an extremely low number of parameters
and GFLOPs required. These results underscore the efficacy of our LFTDet,
which harnesses zero-parameter Fourier-Transform operation to extract global-
range information. Meanwhile, we also test the Frames Per Second (FPS) on
our Intel(R) Xeon(R) Gold 5218 CPU to verify our LFTDet’s ability in mobile
low-light applications. Remarkably, our LFTDet-T and LFTDet-B models ex-
hibit exceptional performance, which achieve the FPS rates of 4.79 and 2.32,
respectively, showing the practicality and efficiency of our approach.

On the other hand, the quantitative results of multi-spectral methods and
our LFTDet on FLIR and LLVIP datasets are presented in Table 3] and Ta-
ble respectively. The multi-spectral methods adopt the RGB-TIR image
pairs as the input, while our LFTDet is a mono-modal TIR object detector.

LAll quantitative results in the tables are recorded in (%).
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Figure 9: Qualitative comparison between the baseline methods and our
LFTDet-B on LLVIP dataset, where the red boxes denote the detected ob-
jects “person”. Better viewed in color and zoomed in.

From Table [3| it is evident that our LFTDet-B maintains its exceptional per-
formance by achieving the highest mAP75 (41.3%), mAP (44.3%), and mAR
(54.3%) on FLIR dataset, even in the absence of input visible images. Overall,
TIRDet, which also adopts the TIR images as the mono-modal input, outper-
forms the multi-spectral methods, matching the best mAP and mAR, achieved
as our LFTDet-B. However, TIRDet still integrates a prior Thermal-To-Visible
translation model, which necessitates access to RGB-TIR image pairs during
the pre-training phase, consequently introducing additional parameters into the
model. From Table [l we observe that our LFTDet-T and LFTDet-B exhibit
slightly lower performance compared to the multi-spectral methods, especially
InfusionNet. This discrepancy can be attributed to the fact that LLVIP dataset
contains high-quality visible images, whereas our method exclusively utilizes
TIR images as the mono-modal input source.

Overall, our proposed LFTDet outperforms conventional object detectors
that rely solely on TIR images. Although LFTDet eliminates visible images
as the input source, it still surpasses the performance of most multi-spectral
methods, underscoring its practical applicability in modern driving systems low-
light remote sensing.

4.5 Qualitative Results

In Fig. [§land Fig. [0] we present the qualitative detection results to evaluate the
performance of our LFTDet-B and the competitive baseline methods, including
Faster R-CNN, YOLOF, DDOD, YOLOX, YOLOv7, and YOLOvV9. The results
are meticulously obtained by employing a confidence score threshold of 0.5 .
Overall, the models’ performance on LLVIP dataset is better than that on FLIR
dataset, since FLIR dataset has more object categories and complex background.
Obviously, our LFTDet-B stands out by virtue of its exemplary performance
in accurately detecting pedestrians, cars, and bicycles within TIR images. Its
precision in identifying objects in challenging TTR scenarios demonstrates its

16



Table 5: Ablation study on our LFTDet-T and LFTDet-B.
FLIR LLVIP
mAP mAR | mAP mAR

Complete 42.3 52.2 | 63.4 68.0

Model

LETDet-T
¢ w/oSimA | 40.0 511 | 61.7 659
w/o SPPF | 41.7 515 | 63.0  66.9
FT-L— ¢3y5 | 405 514 | 619  66.8
| _Complete | 44.3 54.0 | 63.8 69.0
wjo FT-M | 412 501 | 60.4  64.5
LFTDetn | W/OFTL | 424 510 | 613 648

w/o SimA 43.0 529 | 628 68.3
w/o SPPF 43.3 535 | 63.2 68.6
FT-L— ¢3x3 | 429 53.0 | 625 68.0

“FT-L— ¢3x3” denotes the variant model which replaces FT-Ls
with 3 x 3 convolution.

applicability. In contrast, several of the methods encounter significant difficulties
in identifying minuscule objects, such as the diminutive bicycles and pedestrians
in the second row of TIR images on FLIR dataset. Furthermore, YOLOvVT7 tend
to produce redundant detection boxes in intricate scenes, especially on LLVIP
dataset, where pedestrians are in close proximity to one another. In addition,
the latest method YOLOVO still generates some wrong results or miss the key
objects on the two datasets. The noteworthy advantage of our LFTDet-B is its
efficient use of model parameters and computational resources while maintaining
a high level of precision and delivering consistently accurate detection results.
The qualitative advantages position our model’s ability in the domain of TIR-
based object detection, particularly for applications that demand both efficiency
and reliability, such as nighttime driving and remote sensing.

4.6 Ablation Study

To demonstrate the effectiveness of the core components within our LFTDet
model, we conduct a comprehensive ablation study and present the experimen-
tal results in Table|sl The results obviously highlight the superior performance
of the complete LFTDet-T and LFTDet-B models compared to their variant
counterparts. Among the variants, the most notable performance drop is ob-
served in the model referred to as “w/o FT-M”, which exhibits a significant
decrease of 5.3% in mAR on the LLVIP dataset compared with LFTDet-T.
This striking decrease underscores the critical importance of the FT-Ms within
the model backbone. Additionally, variants that remove the FT-Ls or replace
them with 3 x 3 convolution also demonstrate varying degrees of performance
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drops. This observation underscores the pivotal role that FT-Ls play in en-
abling the model to capture long-range interaction effectively. Furthermore,
the model denoted as “w/o SimA” still displays a substantial performance de-
crease, emphasizing the significant contribution of SimA modules in enhancing
the LFTDet model’s performance. The lack of SPPF module exerts a relatively
minor influence on the performance, leading to a marginal drop in mAP from
0.4% to 1.0% and a drop in mAR from 0.4% to 1.1%.

In summary, it is evident that each of the key components within our LFTDet
model plays a vital role in achieving its high performance, with the FT-L and
FT-M standing out as the most crucial elements.

4.7 Effectiveness of FT-ELAN and AA-FPN

To provide a more comprehensive illustration of the advantages of our FT-
ELAN and AA-FPN compared to conventional detection backbones and necks,
we have conducted a series of experiments as follows: We have trained and tested
our detectors using three different backbones: ResNet50 [54], CSPDarknet53
[7], and E-ELAN [60], all integrated with our AA-FPN neck. Simultaneously,
we have replaced the AA-FPN neck with three alternatives, namely FPN [67],
BiFPN [68], and PAFPN [58], in our LFTDet-B model.

The results of these experiments are summarized in Table [f} From the
comparison, we can see that our LFTDet-B (FT-ELAN + AA-FPN) exhibits
the most compelling quantitative results on the two datasets. Notably, the
detector employing the CSPDarknet53 backbone in combination with our AA-
FPN neck has also shown impressive performance, achieving a mAP of 43.5%
and a mAR of 53.4% on the FLIR dataset, as well as a mAP of 63.3% and a
mAR of 68.6% on the LLVIP dataset. In contrast, when we replace the AA-FPN
neck with the standard FPN, there is a noticeable decline in performance, with
mAP dropping by 1.6% on the FLIR dataset and 1.0% on the LLVIP dataset.
In summary, our FT-ELAN backbone consistently outperforms conventional
backbone models across both datasets, and the AA-FPN neck plays a vital
role in enhancing its performance further. These results highlight the efficacy
of our FT-ELAN and AA-FPN components in achieving superior quantitative
outcomes in comparison to traditional detection architectures.

4.8 Effectiveness of FT-L

The ablation study clearly demonstrates that the absence of FT-L or FT-M
results in a significant decline in the performance of our LFTDet model. To
further investigate the effectiveness of our proposed FT-L, we conducted a vi-
sualization analysis of the features within the FT-ELAN backbone. Fig.
showcases the visualized features after the Stem, Stage-2, and Stage-3 for illus-
trative purposes.

Upon observing the features after the Stem, it becomes evident that they
predominantly focus on the illuminated regions of the TIR images, such as the
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Table 6: Quantitative results of the variant models with different detection
backbones or_necks.

Backbone Neck

FLIR LLVIP
mAP mAR|mAP mAR

ResNet50 [54] | AA-FPN | 431 535 | 62.9 682
CSPD53 [7] | AA-FPN | 435 534 |63.3 68.6
E-ELAN [60] | AA-FPN | 43.0 53.1 | 62.8 684
FPN [67] | 42.7 52.9 | 62.8 67.9
BiFPN [68] | 43.1 53.0 | 63.2 67.7
PAFPN [58] | 43.3 535 | 63.0 68.1

FT-ELAN

The models keep the same model configurations as
LFTDet-B.

ground in the second TIR image from the FLIR dataset. This observation in-
dicates that the Focus module in the shallow layer has not sufficiently learned
the target regions and objects. In contrast, the features after Stage-2 exhibit a
reduced emphasis on illumination and a heightened attention towards the target
objects and their edges. This shift in focus suggests that the model is starting to
learn and capture relevant information about the objects of interest. Moreover,
the features after Stage-3 clearly demonstrate a stronger focus on the target
objects and a better establishment of global-range interactions. This indicates
that our FT-L effectively improves the detection ability of the model while still
maintaining its low computational cost. In summary, the gradual enhancement
of target attention and long-range perception through the FT-L highlights its
ability to efficiently improve the detection performance of our LFTDet model.
This is achieved without compromising on computational efficiency. The con-
tinual refinement of target attention and long-range interactions is crucial for
advancing the capabilities of our model.

4.9 Effectiveness of SimA

To thoroughly investigate the advantages of the SimA modules over conventional
attention modules in our LF'TDet, we replace the SimA modules in our LFTDet-
B with various attention modules, including CA (Channel Attention) [69], SA
(Spatial Attention) [70], CBAM (Convolutional Block Attention Module) [70],
and SK (Selective Kernel) [71]. The experimental results are presented in Table
i}

Analyzing the results, it is evident that our model with the integrated SimA
modules consistently outperforms the variant models with other attention mod-
ules. Notably, the CBAM and SK modules demonstrate superior performance
compared to the CA and SA modules. In fact, the model incorporating the
CBAM module achieves the same highest mean Average Precision (mAP) of
63.8% as our LFTDet-B on the LLVIP dataset. However, there is an excep-
tion where the model with SA attention modules performs even worse than the
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Figure 10: (a) The input TIR images. (b) Visualization of the feature maps after
Stem. (c) Visualization of the feature maps after Stage-2. (d) Visualization of
the feature maps after Stage-3.

model without any attention modules, particularly on the LLVIP dataset. It
suggests that the SA module’s attention mechanism might not appropriately
capture the in-depth relevant information. On the contrary, the SimA modules
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Table 7: Comparison between SimA and other attention modules.

Module FLIR LLVIP
mAP mAR mAP mAR
None 43.0 52.9 62.8 68.3
~ SimA | 44.3 54.0 | 63.8 69.0
© CA69] | 430 531 | 629 683
SA [70] 433 534 | 626  67.9
CBAM [70] | 43.9 536 | 63.8  68.7
SK [71] 441 536 | 635 686
The variant models keep the same model configurations as
LFTDet-B.

consistently achieve the best performance due to their dynamic attention mech-
anism within the asymptotic neck structure. Remarkably, the SimA achieves
this without introducing any additional learnable parameters, thus maintaining
efficiency of our model. Overall, these experimental results clearly demonstrate
that the SimA modules in our LFTDet offer distinct advantages over conven-
tional attention modules.

4.10 User Study

FLIR LLVIP
W Faster RCNN

m YOLOX

YOLOv7

16.7%
16.7%

36.7% 33.3% LFTDet-B

Figure 11: Results of user study: voting percentages from 30 volunteers.

To demonstrate the practical effectiveness of our method, we conducted a
user study involving 30 volunteers. Prior to the experiments, we gathered the
inference results and chose 120 consecutive images to create 30-second videos
from the FLIR and LLVIP datasets. To compare our LFTDet-B with other
methods, namely Faster R-CNN, YOLOX, and YOLOv7, each volunteer simul-
taneously watched the four videos and selected the one they believed to be the
best. The results of voting percentages are illustrated in Fig. The re-
sults indicate that our LFTDet-B received the highest number of votes on both
datasets, with 36.7% on FLIR and 33.3% on LLVIP. YOLOX also achieved sig-
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nificant popularity, while Faster R-CNN performed well on LLVIP but poorly
on FLIR. Overall, the user study further validates the practical effectiveness of
our proposed LFTDet method.

5 Discussion

In this section, we aim to discuss the strengths and weaknesses of our proposed
LFTDet.

5.1 Strengths

To our knowledge, this is the first work that applies Fourier-Transform (FT)
to Thermal InfraRed (TIR) vision tasks. In this work, we propose the FT-
ELAN network as the backbone model using the FT strategy to enhance ef-
ficiency and performance. The proposed AA-FPN aims to facilitate the op-
eration of the FT operation. In contrast to previous algorithms that utilized
the Fourier Transform in deep learning, our FT-ELAN method delves into the
efficacy of the Discrete Fourier Transform (DFT) in facilitating interaction be-
tween spatial-wise and channel-wise information, which effectively explores ro-
bust spatial-frequency perception and global-range receptive field. Earlier algo-
rithms, including FNet [59], Fast Fourier Convolution (FFC) in LaMa [72], and
EFDMs (73], primarily focused on one-dimensional signal processing or concen-
trated on one-dimensional aspects of multidimensional features.

5.2 Weaknesses

Due to its utilization of the Fourier Transform (FT) strategy, there may be chal-
lenges related to efficiency when running on certain specialized hardware setups.
Notably, our LFTDet-T and LFTDet-B models have showcased impressive per-
formance, achieving frame-per-second (FPS) rates of 4.79 and 2.32, respectively,
on the Intel(R) Xeon(R) Gold 5218 CPU. However, when deployed on unconven-
tional hardware devices such as those utilized in aerospace or satellite systems,
the efficiency of FT operations may diminish. Therefore, addressing the issue
of hardware adaptability for Fourier Transform becomes imperative in ensuring
optimal performance across various hardware environments.

6 Conclusion

In this work, we propose a lightweight TIR object detector called LFTDet. It
leverages our innovative FT-ELAN backbone, which employs Fourier Transform
to capture in-depth information and establish long-range interaction within TIR
images. In addition, we propose the AA-FPN neck, featuring an asymptotic
structure with the SimA mechanism, designed to enhance the detection perfor-
mance of LFTDet. The extensive experiments on FLIR and LLVIP datasets

22



demonstrate that our LFTDet-T and LFTDet-B significantly outperform con-
ventional object detectors, such as Faster R-CNN, YOLOX, YOLOv7, and
YOLOvVY9, while also maintaining a minimal number of parameters and low
computational cost. Meanwhile, the ablation studies and additional experi-
ments further validate the effectiveness of our FT-ELAN backbone and AA-
FPN neck. In all, these results highlight the suitability of LFTDet for modern
driving systems and remote sensing applications. Moving forward, we plan to
explore potential enhancements to the training methods of LFTDet, such as in-
corporating contrastive learning, to further improve its detection performance.
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