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Abstract

Infrared unmanned aerial vehicle (UAV) images captured
using thermal detectors are often affected by temperature-
dependent low-frequency nonuniformity, which significantly
reduces the contrast of the images. Detecting UAV tar-
gets under nonuniform conditions is crucial in UAV surveil-
lance applications. Existing methods typically treat in-
frared nonuniformity correction (NUC) as a preprocess-
ing step for detection, which leads to suboptimal perfor-
mance. Balancing the two tasks while enhancing detection-
beneficial information remains challenging. In this paper,
we present a detection-friendly union framework, termed
UniCD, that simultaneously addresses both infrared NUC
and UAV target detection tasks in an end-to-end man-
ner. We first model NUC as a small number of param-
eter estimation problem jointly driven by priors and data
to generate detection-conducive images. Then, we incor-
porate a new auxiliary loss with target mask supervision
into the backbone of the infrared UAV target detection net-
work to strengthen target features while suppressing the
background. To better balance correction and detection,
we introduce a detection-guided self-supervised loss to re-
duce feature discrepancies between the two tasks, thereby
enhancing detection robustness to varying nonuniformity
levels. Additionally, we construct a new benchmark com-
posed of 50,000 infrared images in various nonuniformity
types, multi-scale UAV targets and rich backgrounds with
target annotations, called IRBFD. Extensive experiments
on IRBFD demonstrate that our UniCD is a robust union
framework for NUC and UAV target detection while achiev-
ing real-time processing capabilities. Dataset can be avail-
able at https://github.com/IVPLaboratory/UniCD.

1. Introduction

Unmanned aerial vehicle (UAV) detection based on infrared
imaging is an important perception technology for moni-
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Figure 1. Three main categories of methods for UAV target detec-
tion in nonuniformity conditions. (a) Direct: detection models [10]
are directly applied to nonuniformity degraded images. (b) Sepa-
rate: correction model [15] serves as a pre-processing step, cor-
recting images before passing them to detectors [10]. (c) Union:
correction and detection are processed simultaneously in a unified
framework. Previous methods solely concentrates on optimizing
one task. Our UniCD concurrently emphasizes the joint enhance-
ment of correction quality and detection accuracy.

toring UAV in both day and night scenarios. However, the
thermal radiation from the optical lens and the camera hous-
ing causes the acquired infrared UAV images to often suffer
from the temperature-dependent low-frequency nonunifor-
mity effects [15, 23, 26, 33] (See the left column of Fig. 1).
The optics-caused nonuniformity effect is also referred to
as the bias field, which reduces the image contrast. More-
over, the infrared UAV targets typically have weak features
and complex backgrounds [4, 5]. Nonuniformity bias field
further exacerbates the difficulty of UAV target detection.
Infrared nonuniformity correction (NUC) and target detec-
tion have achieved significant advancements in recent years
[2,4,5,17, 23, 28]. Previous methods focus on one aspect
of the tasks and address the two tasks independently. As
far as we know, no work considers the practical problem:
infrared UAV target detection under the nonuniformity con-
ditions.

To solve this problem, a simple strategy is to detect [10]
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UAV targets directly on the degraded bias field images (See
Fig. 1(a)), which easily leads to miss detection due to the
weakening of target information. Another typical approach
is the correction-then-detection paradigm (See Fig. 1(b)).
NUC methods [15, 22, 26] are first adopted to remove the
nonuniformity bias field, and the corrected images are then
passed to the target detectors [4, 5, 10]. However, the ex-
isting NUC methods have limitations. Specifically, model-
based NUC methods rely heavily on handcrafted features
to model the images and bias fields, making them prone
to overfitting the image content and thus struggle to han-
dle complex or severely degraded bias fields [26]. Deep
learning (DL)-based NUC methods depend on complex ar-
chitectures and a large number of real input-output image
pairs, which limits their practicality [2, 23]. Additionally,
the NUC lacks supervision from the detection module to
enhance detection-conducive information. Recently, joint
methods for processing low-level images and high-level vi-
sion have already been proposed [11, 12, 18]. However,
they are primarily designed for object detection under ad-
verse weather conditions.

To overcome the above limitations, in this paper, we pro-
pose a detection-friedly union framework, termed UniCD,
that simultaneously tackles both infrared bias field correc-
tion and UAV target detection. On the one hand, because
of the spatially smooth nature of the bias field, we model it
by the high-order bivariate polynomial [16, 22, 26], which
can effectively fit the nonuniform bias field with different
scales. As a result, accurately estimating the optimal poly-
nomial coefficients is essential for ensuring the performance
of bias field correction. In this work, we formulate bias
field correction as a problem of predicting a small num-
ber of polynomial coefficients jointly driven by priors and
data, which can be easily learned by a very lightweight
network. The bias field has spatially continuous low-
frequency characteristics, making transformer-based archi-
tecture well-suited for modeling this component. Addi-
tionally, we also integrate convolutional neural networks
(CNNis) to capture the local details of the bias field. By in-
corporating parametric prior modeling and low-dimensional
data-driven prediction, our approach avoids dependence on
handcrafted features and real input-output data pairs, sig-
nificantly improving correction performance. On the other
hand, existing DL-based detection methods mainly focus on
designing complex model architectures for extracting fea-
tures [4, 5, 17, 19, 28, 31, 32]. We further introduce auxil-
iary loss with target mask supervision at different stages of
the backbone in the infrared UAV target detection network
without increasing computational complexity. Integrating
this loss enhances the discriminative features of UAV tar-
gets while suppressing the background, thereby improving
detection performance.

To balance correction and detection, we introduce a

detection-guided self-supervised loss to reduce feature dis-
crepancies between the correction and detection tasks. This
loss enforces feature similarity between the corrected im-
age and the reference image, both extracted by the detection
backbone, thus ensuring high correction quality while en-
hancing features that are beneficial for detection. Our NUC
model can also be flexibly integrated as a scalable module
with existing detectors for infrared image bias field correc-
tion. Furthermore, we construct the bias field benchmark,
IRBFD, consisting of 50,000 infrared images with vary-
ing nonuniformity types, multi-scale UAV targets, and rich
backgrounds with target annotations, called IRBFD. Exper-
imental results on the IRBFD demonstrate that UniCD out-
performs state-of-the-art (SOTA) combined correction and
detection methods in terms of precision and recall.

The contributions of this work can be summarized as:

* We propose a novel detection-friedly union framework,
termed UniCD, that can simultaneously deal with NUC
and infrared UAV target detection in an end-to-end man-
ner. To the best of our knowledge, this is the first work to
address both issues in a unified framework.

* We for the first time model nonuniformity bias field cor-
rection as a problem of predicting a small number of hy-
perparameters jointly driven by priors and data, which can
be easily performed with a very lightweight network.

* We establish the first large benchmark called IRBFD to
facilitate the research in the area of nonuniformity cor-
rection and infrared UAV target detection, which consists
of 50,000 manually labeled infrared images with various
nonuniformity levels, multi-scale UAV targets and rich
backgrounds with target annotations.

2. Related Work

2.1. Nonuniformity Correction in Infrared Images

NUC methods for removing the bias field are broadly di-
vided into two main categories: model-driven methods
and data-driven methods. Model-driven methods typically
leverage the prior constraints of the bias field and the images
to remove the nonuniformity effects [1, 15, 16, 22, 25, 26].
However, these methods rely on handcrafted features with
carefully tuned hyper-parameters, limiting their practical-
ity in real-world applications. Data-driven DL methods
[2, 14, 23] have gained increasing attention. However, DL-
based correction models are often complex and rely on large
amounts of training data with real correction labels, which
restricts their widespread application in practical scenarios
[6, 24, 27]. In contrast, we formulate a novel lightweight
correction model driven by both parametric priors and data,
which converges more easily.
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Figure 2. Overview of the proposed UniCD. Our UniCD integrates a bias field prediction network with an infrared UAV target detection
network. These two components are fused into a unified pipeline and trained end-to-end. The target enhancement and background sup-
pression (TEBS) loss is introduced to enhance UAV target features while suppressing the background. The bias robust loss is employed to

balance correction and detection.

2.2. Infrared UAV Target Detection

In recent years, many methods have been developed to de-
tect infrared UAV targets [3-5, 19, 21]. Infrared UAV tar-
gets are challenging due to their weak imaging features and
complex backgrounds [7, 8, 29]. TAD [19] leveraged the in-
consistent motion cues between UAV targets and the back-
ground to detect potential targets. Fang et al. [3] formu-
lated the UAV detection task as a residual image predic-
tion by learning the mapping from input images to residual
images. DAGNet [5] introduced attention mechanisms to
adaptively enhance the network’s ability to discriminate be-
tween UAVs and the background. DANet [4] constructed a
dynamic attention network for UAVs to enhance feature ex-
traction capabilities. However, the above methods primar-
ily focus on designing complex network structures for im-
proving detection performance, while rarely exploring how
to better enhance feature representation without increasing
computational complexity. We focus on introducing new
auxiliary losses into the backbone to boost the model’s abil-
ity to represent UAV target features while suppressing the
background.

2.3. Joint Low-Level Image Processing and High-
Level Vision Tasks

Recently, joint approaches for image enhancement and ob-
ject detection have emerged to further improve detection
performance on low-quality images. One category of these
methods utilized encoder-decoder architectures for image
enhancement [12], but these modules are complex and hin-
der real-time performance. Another approach uses classi-
cal mathematical models for enhancement, replacing man-
ually designed parameters with predictions from deep net-
works. IA-YOLO [18] integrated an adaptive enhancement
strategy with YOLOV3 [20] via a differentiable image pro-
cessing module, improving detection in foggy conditions.
BAD-Net [11] introduced a dual-branch structure to mini-
mize the impact of poor dehazing performance on the de-
tection module. However, the above methods are developed
for visible light images degraded by adverse weather condi-

tions. To the best of our knowledge, no work has explored
handling both NUC and UAV target detection for infrared
imaging within a single framework. We propose an end-to-
end framework to simultaneously improve both correction
and detection performance.

3. Detection-Friendly Union Method
3.1. Overall Architecture

In this section, we propose a novel network architecture,
UniCD, as shown in Fig. 2. The UniCD leverages a
lightweight prediction network to estimate the bias field and
then passes the corrected image to a UAV detection net-
work tailored for UAV targets. Additionally, during the joint
training of image correction and detection tasks, we employ
a detection-guided self-supervised loss to minimize feature
discrepancies between the two tasks. Finally, we construct
a new dataset, IRBFD, to validate our approach.

3.2. Prior- and Data-Driven Nonuniformity Correc-
tion

Infrared UAV images captured by thermal detectors of-
ten suffer from low-frequency nonuniformity, which sig-
nificantly impacts target detection performance. Existing
model-driven correction methods often struggle to handle
complex non-uniformities, while deep learning-based meth-
ods suffer from high network complexity. To address these
issues, we propose a lightweight correction network that
combines parametric prior knowledge with the strong learn-
ing capabilities of deep neural networks. The network ar-
chitecture is shown in Fig. 2.

Generally, the degraded infrared image can be repre-
sented as follows [2, 16]:

Y=C+B, (1
where Y, C, and B represent the degraded image, the
clear image, and the bias field, respectively. Thus, once
B is available, the corrected image R can be obtained as
Y — B. Under ideal conditions, R is theoretically equiv-
alent to the clear image C. The bias field B possesses a
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spatially smooth property, allowing us to model it using the
following bivariate polynomial:
D D—t
B(xziy) =Y > arrly; =m'a, )
t=0 s=0
where (2;,y;), D, and m denote the image coordinates, the
degree of the polynomial, and the column vector holding the
monomial terms, respectively. The column vector a repre-
sents the coefficients of the polynomial formed by concate-
nating {a; s }. To reduce the redundancy of the basic plane
and the computational complexity of higher-order models,
we set the degree D to 3.

Accurate estimation of the polynomial coefficients a is
crucial for improving bias field correction performance. In
this work, we design a lightweight bias field prediction net-
work that can estimate the model parameters accurately and
efficiently.

In our NUC module, we first downsample the degraded
image Y by a factor of two, resulting in the downsampled
image Ygown. Then, we utilize the global bias field encoder
(GBFE) and the local bias field encoder (LBFE) to extract
features at different granularities. The GBFE, inspired by
the RSTB [13] module, includes two Swin Transformer lay-
ers with the hidden layer channel dimension reduced to 16.
The LBFE consists of two spatial attention modules in se-
ries, allowing it to capture localized features more effec-
tively. The global and local features, Fyopar and Fiocal, are
fused to form the final feature representation Fiygeq:

Ffused = GBFE(YZiown) + LBFE(YVdown) (3)

Finally, the fused features Fjyeq pass through five 3 x
3 convolutional layers (Convs) and a fully connected (FC)
layer to predict the final coefficient vector a:

é = FC (COI’IV5 (Ffused)). (4)

This approach enables the network to adaptively adjust
to inputs with varying levels of degradation, effectively pre-
dicting the coefficient vector a for bias field correction.

Analysis. Compared to existing model-driven meth-
ods, our approach avoids reliance on hand-crafted fea-
tures. Compared to existing data-driven methods, our ap-
proach transforms the high-dimensional image space pre-
diction into a low-dimensional data-driven problem with
a few hyperparameters, effectively reducing computational
complexity and improving correction performance.

Loss Function. We calculate the mean absolute error
(MAE) loss between the predicted coefficients a and the
predefined coefficients a to minimize the discrepancy be-
tween them. The MAE loss is defined as:

1
Leor = /18 —all3, 5)

where N is the total number of elements in the vector a.
By minimizing this loss, we improve the accuracy of the
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Figure 3. Calculation of the proposed feature enhancement and
background suppression (TEBS) loss.

corrected image, making it closer to the ideal clear image.
This loss function is used to pre-train the NUC module sep-
arately, serving as the initial weights for the joint training of
correction and detection.

3.3. Mask-Supervised Infrared UAV Detector

We select DANet [4] as our baseline detector, which con-
structs a multi-scale dynamic perception network to address
the challenges of multi-scale variations in UAV targets. In-
frared UAV targets typically have weak features and com-
plex backgrounds, and existing methods often enhance fea-
ture extraction through complex model architectures. In this
work, we design an auxiliary loss function for further target
enhancement and background suppression (TEBS) with-
out increasing network complexity, as illustrated in Figs. 2
and 3.

Specifically, we first convert the bounding boxes of the
ground-truth into a binary mask M, assigning a value of 1
to the target region and 0 to the background region:

M(aj?y) :{

This mask is then used to compute a binary cross-entropy
loss with the feature maps F; from the i-th stage of the
backbone network. The TEBS loss Lrggs is obtained by
summing the losses from four stages of the backbone and
averaging:

1, if (x,y) € target region, ©)
0, if (x,y) € background region.

4
Lreps = i ; Leg(M, F), @)
where Lo g (-, -) denotes the cross-entropy loss.

The TEBS loss offers three key benefits: (1) Supervision
on the target regions helps the backbone network to quickly
focus on the feature learning of infrared UAV targets and en-
hance localization accuracy; (2) Supervision on background
regions effectively suppresses non-target features, thereby
reducing clutter and noise interference in the features; (3)
The loss enhances training efficiency by guiding the net-
work to learn target features more accurately, leading to
faster convergence.

The classification and regression losses are kept consis-
tent with the baseline method. The final detector loss is
written as:

Lget = Legs + L'r‘eg + ALTE'BS? 3

where ) is set to 1 for the first 20 epochs to accelerate con-
vergence and improve localization performance in the early
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stages. After 20 epochs, A is reduced to 0.01 to balance with
the gradually decreasing loss and avoid impacting classifi-
cation accuracy.

3.4. Balance Correction and Detection with Bias-
Robust Loss

Existing research [11, 18] shows that incorporating super-
vision losses from low-level vision tasks in joint training
can hinder high-level vision task performance. This is be-
cause low-level tasks focus on preserving fine image details,
while high-level tasks aim to extract target-specific features
and ignore irrelevant background information. This conflict
can hinder convergence during joint training, causing the
high-level vision task to settle into a local optimum.

To address this issue, we design a self-supervised loss,
named bias robust (BR) loss, to achieve detection-friendly
NUQG, as illustrated in Fig. 4. Specifically, during joint train-
ing, the clear image C' and the corrected image R obtained
via the NUC module are simultaneously fed into the back-

bone of the detection model. Let Fg ) and Fl(g ) represent
the feature maps from the ¢-th stage of the detection back-
bone, where @ = 1, 2, 3,4 denotes the four different stages.
Here, clear images are employed only for the joint training
of correction and detection on the synthetic dataset and are
not applied to NUC training on real infrared images.

To evaluate the alignment of the corrected image with
the clear image in the feature space, we compute the co-
sine similarity between the feature maps at each stage 7 as
follows:

() (9)
Cos_Sim(FY), F) = FCiFR() Q)
=] {15
The details of the cosine similarity calculation are placed in
the supplementary materials. The BR loss is obtained by
summing the cosine similarities across all stages and aver-

aging them:

4
1 i i
Lon=73 (1-Cossim(FP, FY)) . 10y
=1

The BR loss function is designed to maximize the con-
sistency between the feature representations of the clear and
corrected images, thereby enhancing the fidelity of the cor-
rected image within the feature space and ensuring that it
retains essential characteristics beneficial for detection. The
final union loss function for the joint training process L,;
is written as:

Luni = Ldet + LBR- (11)

As illustrated in Fig. 1, the union loss L,,,; ensures ef-
fective bias field correction while maximizing detection per-
formance by backpropagating through each part of the net-
work. Compared to separate training of NUC and detection
networks, this integrated approach enables a more balanced
optimization, leading to enhanced results in both correction
and detection tasks.

3.5. IRBFD Dataset

We construct a new benchmark called IRBFD, compris-
ing 30,000 synthetic nonuniformity infrared UAV images
(IRBFD-syn) and 20,000 real-world infrared UAV images
with nonuniformity field (IRBFD-real). The IRBFD-syn
subset provides paired degraded and clear images, with the
synthesis process based on Eqs. (1) and (2). The character-
istics of the dataset are summarized as follows. (1) Multiple
background types. The IRBFD includes multiple complex
scenes, such as dense clouds, buildings, forests, urban ar-
eas, and sea. (2) Multi-scale variations. The distance be-
tween the UAVs and the sensor ranges from 50 meters to
2 kilometers, resulting in multi-scale variations of the tar-
gets. (3) Multiple UAV types. Such as the DJI Inspire, Ma-
trice, Phantom, Mavic, and Mini series. All UAV positions
are manually annotated. IRBFD serves as a comprehensive
resource for evaluating the impact of non-uniformities on
UAV target detection in real-world environments. All im-
ages have a size of 640 x 512. Additional details can be
found in the supplementary material.

4. Experiment

4.1. Datasets and Evaluation Metrics

Datasets. We use two parts of the IRBFD dataset:
IRBFD-syn and IRBFD-real. IRBFD-syn consists of simu-
lated nonuniform infrared images, allowing us to train the
model with controlled background images and varying non-
uniformities. Training, validation, and testing sets are split
in an 8:1:1 ratio. We train on the simulated dataset and di-
rectly validate on real-world dataset to demonstrate the gen-
eralizability of our method.

Evaluation Metrics. For NUC, we use peak signal-to-
noise ratio (PSNR) and structural similarity index (SSIM)
as objective evaluation metrics. For target detection, we
evaluate the detection performance using precision (P) and
recall (R). Lastly, for real-time performance, we use frames
per second (FPS) as the evaluation metric. The signal-to-
clutter ratio gain (SCRGQG) is the ratio of SCR in the corrected
image to that in the original image, used to evaluate the im-
provement in target detectability achieved by the correction
method.
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Table 1. Quantitative comparison of the proposed method with
SOTA methods on the synthetic dataset IRBFD-syn. Bold and
underline indicate the best and the second best results, respec-
tively.

Module Metrics
Strategy NUC Detection Pub’Year |[PSNR SSIM P R FPS
Deformable DETR ICLR’21 0.614 0.630 24
DINO ICLR’23 0.904 0.640 26
Direct DAGNet TII'23 0.994 0.635 43
mree LESPS CVPR23 0.033 0.446 12
MSHNet CVPR’24 0.407 0.421 41
YOLOI1L 2024 0.963 0.602 42
. YOLOI1L A 0.898 0.574 <1
Liu DAGNet IPT'16 |16.800 08289 /o0 o' o0 =)
YOLOIIL ; 0.923 0550 35
DMRN DAGNet GRSL'19124.467 08600 556 505 36
) YOLOIIL ; 0.924 0455 <1
Separate| Shi DAGNet AO’22 (13.974 0.7783 0.966 0472 <1
YOLOT1L ) 0.131 0.020 29
TV-DIP DAGNet IPT'23 {13397 06374 o0 050 30
YOLOIIL ; 0.825 0.080 <1
AHBC DAGNet TGRS'24|13.954 0.6763 "7 0 o =
Union UniCD - 31.961 0.9827 0.999 0.822 32

Table 2. Quantitative comparison of the proposed method with
SOTA methods on the real dataset IRBFD-real.

Strategy NUC  Detection SCRG P R

DINO 0.971 0.660
Direct - YOLOIIL - 0.966 0.843
DAGNet 0.992 0.871

YOLOI1L 0.521 0.024

Separate TV-DIP et 412 0,663 0.026
Appc YOLOIIL™ " 70940 0633
DAGNet ——— 0.986 0.699

Union UniCD 1.286 0.994 0.901

4.2. Implementation Details

We use Adam as the optimizer, with a learning rate of 0.001.
The training lasts for 50 epochs, with a weight decay of
10~* and a batch size of 4. During training, we only ap-
ply random horizontal flipping for data augmentation. Our
experiments are conducted on an NVIDIA RTX 4090 with
CUDA 12.4 and PyTorch 1.7. For NUC, we select Liu [15],
Shi [22], and AHBC [26] as the traditional bias field correc-
tion methods; DMRN [2] and TV-DIP [14] as the DL-based
correction methods. They are all designed for infrared im-
ages. For target detection, we select YOLO11L [9] (large
version), DAGNet [5], LESPS [28], and MSHNet [17] as
the convolutional neural network (CNN)-based target detec-
tion methods. DAGNet, LESPS, and MSHNet are designed
for infrared target detection. Deformable DETR [34] and
DINO [30] are the representative Transformer-based detec-
tion methods.

4.3. Quantitative Results

As shown in Tab. I, the existing detection methods obtain
low P and R values when detecting directly on the degraded
bias field images. DAGNet has a high P value of 0.994 but
a low recall. This indicates that the bias field has an adverse
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Figure 5. P-R curves of our UniCD and other correction-then-
detection methods on the IRBFD-syn. The area values under the
curves are placed after the method names.

effect on the UAV target detection. For the separate strat-
egy, the DL-based method DMRN enhances image quality,
achieving notable improvements in PSNR and SSIM. Other
correction methods, such as Liu, Shi, and AHBC, are less
effective for severely degraded images, which further im-
pacts detection accuracy. Table 2 shows that the three de-
tection methods achieve high P and R when directly detect-
ing on real images with low degradation levels. YOLOI11L
and DAGNet have lower P and R values for images cor-
rected by TV-DIP, as TV-DIP not only lacks corrective ef-
fects but also deteriorates the image content. In contrast,
the proposed UniCD achieves the best performance in terms
of all the evaluation metrics compared with SOTA methods
in Tab. | for the synthetic dataset and Tab. 2 for the real
dataset. Specially, our UniCD achieves a real-time process-
ing speed of 32 FPS. We also plot the R-R curves for our
UniCD and other correction-then-detection methods on the
IRBFD dataset shown in Fig. 5. Higher values of the area
under the curve indicate better performance. It can be seen
that our UniCD achieves the largest area under the curve
among all correction-then-detection methods.

4.4. Qualitative Results

As demonstrated in Fig. 6, we show qualitative results from
various separate correction-then-detection methods and our
UniCD on the IRBFD-syn dataset across three distinct sce-
narios: buildings, hillside, and clouds. As can be seen,
even in severe degraded bias field situations, our UniCD
can still perform high-quality image correction while accu-
rately detecting the UAV targets. This is because the pro-
posed NUC correction module integrates parametric mod-
eling and a small number of model parameter predictions,
enabling more accurate parameter estimation. Meanwhile,
our detection network introduces auxiliary loss with target
mask supervision into the backbone to enhance the features
of UAV targets while suppressing the background, thereby
improving detection performance. Conventional correction
methods, such as Liu and AHBC, have limited modeling
capabilities and are prone to producing bias field residuals.
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Figure 6. Visual comparison of results from separate correction followed by detection methods and our UniCD on the IRBFD-syn dataset.
Closed-up views are shown in the left bottom corner. Boxes in green and red represent ground-truth and correctly detected targets,

respectively.

Miss Detection Miss Detection

Miss Detection Miss Detection

Miss Detection Miss Detection

Degraded Image TV-DIP + YOLOI11L TV-DIP + DAGNet

M Detectipn

Mo

AHBC + YOLOI11L AHBC + DAGNet UniCD

Figure 7. Visual comparison of results from separate correction-then-detection methods and our UniCD on the IRBFD-real dataset.

Table 3. Ablation study of polynomial degrees.

Degree Number of coefficients PSNR SSIM P R

2 6 13.5279 0.7590 0.991 0.433
3 10 39.050 0.9970 0.997 0.810
4 15 31.744 0.9890 0.997 0.788
5 21 29.070 0.9830 0.997 0.787

The corrected image from DMRN exhibits block artifacts.
Existing detection methods produce false alarms or miss de-
tections on the above-corrected images; similar results are
observed in Fig. 7 for scenes degraded by real bias fields.
See the supplementary material for more visual results.

4.5. Ablation Study

In this section, we report ablation study results.

Impact of polynomial degrees. We conduct experi-
ments to determine the optimal polynomial degree, as de-
scribed in Tab. 8. The results indicate that the highest values
for all correction and detection metrics are achieved when
the degree is set to 3. Compared to higher-order polyno-

Table 4. Ablation study of the LBFE and GBFE modules.
LBFE GBFE Params (M) FLOPs (G) PSNR SSIM FPS

X X 0.3786 0.1192  27.218 0.9808 555
Vv X 0.3812 0.2747  30.242 0.9877 370
X v 0.3940 1.5159 37.888 0.9961 151
4 v 0.3966 1.6809  39.050 0.9970 116

mials, a third-order polynomial has lower complexity and
less redundance. A lower degree implies weaker modeling
capability, resulting in poor correction performance.
Impact of the LBFE and GBFE components. As pre-
sented in Tab. 4, when using only LBFE or GBFE, we can
see that the PSNR of the correction model already achieves
30.242 and 37.888, respectively, surpassing the 27.218 of
the baseline. When combined with LBFE and GBFE, fur-
ther improvements can be achieved, reaching 39.050 with
only 1.6809G FLOPs and 0.3966M parameters on an image
size of 640 x 512. Additionally, the SSIM value has also
shown some slight improvements. This suggests that the
Transformer architecture combined with the CNN structure
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Table 5. Ablation study of the auxiliary TEBS loss.

TEBS Loss P R
w/o 0.993  0.762
w 0.997 0.810

w/o TEBS Loss

-

w TEBS Loss

o n-

Stage 1 Stage 2 Stage 3 Stage 4

Figure 8. Comparison of feature maps from the detection back-
bone at different stages with and without TEBS loss.

Table 6. Ablation study of BR loss on the synthetic dataset
IRBFD-syn. Here, the direct and separate strategies utilize the
correction and detection modules proposed in UniCD.

Strategy Correction Detection BR Metrics

loss loss loss PSNR SSIM P R
Direct X Vv X - - 0.998 0.694
Separate V4 Va X 37.722 0.9960 0.999 0.793
Union Vv Vv X 33.024 0.9827 0.998 0.791
Union X Vv X 17.940 0.8910 0.989 0.811
UniCD X V4 v/ 31.961 0.9827 0.999 0.822

can effectively model bias fields, significantly improving
performance while maintaining high real-time efficiency.

Impact of the auxiliary TEBS loss. As shown in Tab. 5,
the auxiliary TEBS loss added to the backbone of the UAV
detection network leads to improvements in both P and R
performance. The TEBS loss imposes strong constraints
on the target and background masks for the backbone fea-
tures, enhancing target features while suppressing the back-
ground, thus improving detection performance, as depicted
in Fig. 8. In the absence of TEBS loss, the targets are gen-
erally weak and there is considerable residual background.

Impact of BR loss. As shown in Tab. 6, the direct detec-
tion results in low P and R. The correction-then-detection
separate method without BR loss in the second row obtains
high PSNR, SSIM and P, but with low R because of the
independent processing of the two tasks. The union of cor-
rection and detection without BR loss in the third row leads
to a decrease in PSNR, SSIM, P, and R due to the conflict
between the two tasks. The union of correction and detec-
tion without correction and BR losses in the fourth row sig-
nificantly reduces PSNR and SSIM owing to the detection
module’s sole constraint. Our UniCD achieves the highest
R value and P value exceeding 0.99, demonstrating that our
union framework effectively balances correction and detec-
tion through the self-supervised BR loss.

Effectiveness of UniCD on real dataset. As shown in
Tab. 7, we use the NUC module weights trained on the
IRBFD-syn and directly test them on the IRBFD-real. This
configuration is referred to as UniCD*. The direct and sep-
arate methods with the modules in UniCD achieve a high P

Tal?le 7. Ablation study of our aple 8. Ablation study of vary-
UniCD on the IRBFD-real. ing levels of nonuniformity.

Strategy SCRG_P R K-value PSNR SSIM
Direct - 0992 0.887 > 29119 09891

S 120 098 031 i o
n : : - 12 38361 0.9968

Table 9. Ablation study of the union of our scalable NUC module
with existing detection methods.

Our NUC Detection P R FPS
YOLO11L 0.835 0.075 42

DAGNet 0.711 0.036 43

LESPS 0.007 0.122 12

MSHNet 0.284 0.221 42

YOLOIIL 0.977(40.142) 0.657(40.582) 31
v DAGNet  0.997(40.286) 0-722(40.686) 31
LESPS  0.007(40.000) 0-459(40.337) 11
MSHNet 0.776(4.0.492) 0.701(40.450) 31

but a low R. Our UniCD obtains the highest R value and
P value exceeding 0.99, thereby validating the effective-
ness and generalization of our union framework on the real
dataset.

Generalization of the NUC Module. In Tab. 8, we
test the UniCD on images with various degrees of non-
uniformity degradation without retraining the NUC module.
We control the severity of degradation using the formula
Y = C + k x B, where the k-value determines the level
of degradation. The correction results at different k-values
indicate that the NUC module generalizes well to various
degradation levels.

Scalability of the NUC Module. From Tab. 9, we ob-
serve that, except for the P value of LESPS, introducing our
correction module significantly boosts the detection perfor-
mance of several recent general and infrared target detec-
tion methods. This indicates that our NUC module can be
flexibly integrated as a scalable component into existing de-
tectors to enhance infrared images for detection purposes.

5. Conclusion

In this paper, we propose UniCD, an end-to-end framework
that simultaneously addresses bias field correction and in-
frared UAV target detection. We develop a NUC mod-
ule that removes bias fields and restores clear images with
parameters adaptively predicted by a lightweight network.
Additionally, we introduce auxiliary losses with mask su-
pervision to enhance UAV target features and suppress the
background. We also present a self-supervised feature loss
to improve the robustness of detection to varying bias levels.
Moreover, we construct a new dataset IRBFD to facilitate
future research. Experimental results show that our UniCD
outperforms previous approaches in both synthetic and real-
world scenarios. Furthermore, our method shows great
potential for deployment on resource-constrained edge de-
vices.
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