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€ To our best knowledge, this is the first attempt to
learn generalized UAV-OD via frequency domain
disentanglement, which provides a novel view
angle in this area.

€ We propose a new framework that utilizes two
learnable filters to extract the domain-invariant and
domain-specific spectrum and design an instance-
level contrastive loss to guide the disentangling
process.

€ Extensive experiments on three unseen target
domains reveal that our method enables the UAV-
OD network to achieve superior generalization in
comparison to the baseline and state-of-the-art
methods.



Introduction
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Motivation

UAV-0D scenarios Generic OD scenarios

Severe changes in global contextual information Relatively stable global contextual information



Observation

Various Scene Diverse Hlumination Adverse Weather Average

REpct et AP, AP;s AP | APy AP AP | APsy AP:x AP | APy, APz AP

Null (full band) |t":-ﬁ.ﬂ' 376 367 | 11.1 34 48 | 423 149 196 | 398 186 204

e =0,8=0.01 600 302 326 | 64 19 275 395 161 190 353 161 18.1
a=001,3=01| 614 303 328 | 391 159 198 | 426 18.6 208 | 47.7 21.6 245
a=01,=1 702 351 371 ) 294 102 136 | 382 106 167 | 459 186 225

Table 1. We first conduct preliminary experiments, i.e., exploring whether all
spectrum bands contribute equally to the generalization for the UAV-OD task, to
gain insight into how to implement our idea. If not, we can extract the spectrum
that is conducive to generalization and use it to train the UAV-OD network to
enhance its generalization. We can observe that different bands contribute
differently to the UAV-OD generalization.
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Framework

e 8
e o
‘ence ynd Te

Phase Spectrum

Source Image

Amplitude Spectrum

@

Learnable
Filter

Learnable
Filter

Amplitude Spectrum

Detection Loss ]

Domain-Invariant
Component

Domain-Invariant
Amplitude Spectrum

3

[ Contrastive Loss ]

[y

Doma.m Spec1ﬁc
Component

Domain-Specific

= 87— =
—1 0 “u
(=]
{Oil’-“’oin} {6i1’-“’nln} Shared {le, ,Zin} o ° o ci:usl;r o
{051 27 0 } > » Push ';;\‘.
Z L } o apart J\?—/J

/-i
ROI-Ahgn —-lI'—- O —




Experiments

Ntk Various Scene Diverse Hlumination Adverse Weather Average
APsy APy AP | AP5y APz AP | APy APy AP | APgg APzy AP
Baseline | 66.0 376 367 | 111 34 48 | 423 149 196 | 398 186 204
JiGen [ ] 613 264 358|335 129 159 455 195 227 | 468 196 248
RSC[17] 733 487 443 | 146 62 73 | 470 166 212 | 450 238 243
StableNet [39] | 75.0 488 449 | 186 9.0 95 | 475 170 211 | 470 249 252
Single-DGOD [30] | 73.7 493 436 | 275 119 138 | 473 187 228 495 266 26.7
Ours 751 497 453 | 39.0 185 207 | 480 17.2 223 | 540 284 294

Table 2. Comparisons of the domain generalization results. All methods are trained on daylight images from UAVDT and
tested on unseen images with various scene structures, diverse illumination conditions, and adverse weather conditions
from UAVDT. The average generalization performance across three unseen target domains is "average".

i Various Scene Diverse Tlumination Adverse Weather Average
- APsp APqs AP | APy APy AP | APsp APy AP | APsy AP AP
Baseline | 534 218 260 l 310 136 154 | 316 16 14.5 ! 4007 143 186
TiGen [ 2] 628 286 323 | 365 1001 158 (| 395 118 174 | 463 168 218
RSC[13] 653 255 313 | 335 116 153 | 393 90 163 | 460 154 210
StableMet [39] 643 25 06 | 317 152 163 | 40.7 99 168 | 456 167 212
Single-DGOD [311] | 629 263 307 | 368 167 185 | 348 713 13.9 | 448 16,8 21.0
Ours 658 339 354 | 364 195 193 | 406 113 184 | 47.6 216 244

Table 3. Comparisons of the cross-dataset domain generalization results. All methods are trained on daylight images from
VisDrone2019 and tested on unseen images with various scene structures, diverse illumination conditions, and adverse
weather conditions from UAVDT.



Experiments

(2) Input image () Doman-invariant feature of [17]  (c) Domain-specific feature of [1°] (d) Domain-imvariant feature of Qurs (2) Domain-specific feature of Ours

Figure 1. Comparisons of domain-invariant and domain-specific features of Single-DGOD and our method. Our method
achieves a more thorough disentanglement.
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Figure 2. (a) Ablation analysis of the hyper-parameter (b) Ablation analysis of the backbone division. (c) Statistic analysis
of two learnable filters We can conclude that middle- and high-frequency components contain more domain-invariant
information than the low-frequency component.
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