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1. Overview
In this supplementary material, we provide additional de-
tails and more experimental results to further validate the
proposed UniCD framework. The structure of this material
is organized as follows.

Details of the IRBFD Dataset. In Section 2, we de-
scribe the construction of the IRBFD dataset, including the
synthetic process for generating nonuniformity bias fields in
IRBFD-syn and the characteristics of real-world scenes in
IRBFD-real. These datasets aim to comprehensively bench-
mark nonuniformity correction (NUC) and UAV detection
methods.

Further Validation Results of the UniCD Framework.
In Section 3, we detail the training process of UniCD, in-
cluding both separate and union training phases. We high-
light the design of loss functions to ensure effective cooper-
ation between the NUC and detection modules.

In Section 4, we present additional quantitative results
that demonstrate the superior performance of UniCD com-
pared to state-of-the-art methods. UniCD achieves high de-
tection accuracy and robustness across synthetic and real-
world datasets, even under challenging scenarios.

In Section 5, we provide more qualitative results to visu-
ally illustrate the advantages of UniCD. The visualizations
emphasize its ability to correct severe nonuniformity while
maintaining accurate target detection.

Further Ablation Studies. In Section 6, we conduct
ablation studies to evaluate the impact of key components,
such as the degree of polynomial used in the NUC module
and the inclusion of the TEBS and BR losses. These studies
confirm the adaptability and effectiveness of UniCD under
various configurations.

Details of Metric Computation. In Section 7, we calcu-
late the signal-to-clutter ratio gain (SCRG) to quantify the
improvement in target detectability achieved by UniCD.
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In Section 8, we compute the cosine similarity between
feature maps to analyze the feature alignment introduced
by different correction methods. This further supports the
superiority of UniCD in enhancing feature representation
for UAV detection.

This supplementary material highlights the robustness,
efficiency, and effectiveness of the UniCD framework
across a wide range of experimental scenarios, providing
strong support for the claims made in the main paper.

2. More Details about the Dataset IRBFD

2.1. Generation Process of the Synthetic Dataset
IRBFD-syn

Selection of Infrared Clear Images. To ensure the broad
applicability and diversity of the dataset, we select the
largest publicly available infrared UAV dataset [3] as the
foundation. From this dataset, we uniformly and randomly
sampled 30,000 images to serve as the infrared clear im-
ages. After sampling, we conduct a manual review to en-
sure that every image contains UAV targets. These images,
along with their tracking annotations, are converted into the
VOC dataset format for ease of use and compatibility with
existing tools.

Generation of Degraded Images with Nonuniformity
Bias Fields. We model nonuniformity bias field using the
following bivariate polynomial:

B(xi, yj) =

D∑
t=0

D−t∑
s=0

at,sx
t
iy

s
j , (1)

where coefficients at,s are randomly setted to simulate vary-
ing bias levels. D denotes the degree of the polynomial. By
varying the degree D, we can obtain bias fields with differ-
ent basis surfaces. In our work, we set the degree D to 3.
Then, by adding the bias field to a clear infrared image, we
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Figure 1. Visualization of degraded images with varying levels of nonuniformity degradation controlled by k.
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Figure 2. Typical backgrounds in UAV surveillance scenarios from the IRBFD dataset.

can obtain the degraded image with bias fields:

Y = C + k �B, (2)

where Y , C, and B represent the degraded image, the clean
image, and the bias field, respectively. k is employed to
control the severity of nonuniformity. The effects of dif-
ferent levels of degradation are shown in Fig. 1. When the
degree of degradation is very low (k is much smaller than
10), existing target detection methods can detection UAV
targets without requiring correction. However, as the degra-
dation becomes more severe (k is much greater than 10),
most existing correction methods fail and existing detection
methods also struggle to detect the UAV targets. Therefore,
we set k=10 in the dataset to evaluate the effectiveness of
UniCD under challenging nonuniformity conditions.

2.2. Statistics and Analysis of the IRBFD Dataset
Diversity of Backgrounds. In Fig. 2, the first row
presents typical background images from the synthetic

Figure 3. Statistics of target scales in the IRBFD dataset.

dataset IRBFD-syn. For clarity of visualization, we dis-
play the infrared clear images at the top of Fig. 2. These
scenes encompass two different lighting conditions (day
and night), two seasons (autumn and winter), and a vari-
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