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Abstract: Continual test-time adaptive object detection (CTTA-OD) aims to online adapt a pre-trained detector to changing
environments. Most CTTA-OD methods adapt the test domain shifts in the spatial domain, while overlooking the potential
of the frequency cues. In this paper, we propose a novel frequency-specific adaptation framework that enables the detector
rapidly adapt to the evolving target domain, enabling stable detection performance at test-time. Our motivation stems from
the observation that distribution shifts caused by different perturbations primarily manifest in specific frequency bands. By
selectively adapting only the affected bands, we reduce the optimization dimension, enabling rapid convergence to the new
distribution. Specifically, we first decompose the spectrum into distinct bands by splitting it into patches, with each band handled
by a specialized frequency adaptation expert. A learnable sparse gating network then selects the top-k affected frequency bands,
assigning the corresponding experts to adapt each target domain. Moreover, we introduce a frequency alignment loss at both
patch and instance levels, guiding the learning of the gating network and experts. Experiments on three benchmarks show that

our method accelerates the CTTA-OD process within fewer batches, outperforming recent SOTA methods.
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1 Introduction

Object detection [1, 2] is a fundamental task in computer
vision, with diverse applications such as autonomous driv-
ing. However, real-world machine perception systems [3, 4]
operate in unpredictable and constantly changing environ-
ments, where dynamic domain shifts can occur. Applying
pre-trained detectors in these scenarios often results in sub-
stantial performance degradation. Therefore, it is crucial for
source pre-trained detectors to rapidly adapt to continually
changing target domains during inference, i.e., continual test-
time adaptive object detection (CTTA-OD), ensuring stable
performance in dynamic environments.

While promising, existing CTTA-OD methods [5-8] pri-
marily adapt to test distribution shifts in the spatial domain.
However, perturbation factors [9-11], such as weather vari-
ations, typically affect the entire scene, inducing alterations
across all pixels in the spatial domain. This requires optimiza-
tion across the high-dimensional space of the entire image
to accommodate pixel-level distribution shifts, resulting in a
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slow convergence process to the new distribution [12, 13].
In contrast, the Fourier transform [14], with its ability to de-
compose and compress information, partitions the image into
distinct frequency bands. Our experiments show that pertur-
bations such as fog, night, and rain, while affecting the entire
scene in the spatial domain, primarily manifest in specific fre-
quency bands [15] after being transformed into the frequency
domain, as shown in Figure 1. This observation motivates our
approach of selectively adapting the frequency bands relevant
to the perturbations, which reduces the dimensionality of the
optimization space, accelerates the adaptation process, and
enables the model to rapidly adapt to continually changing
target domains.

In this paper, we propose a novel frequency-specific learn-
ing framework that achieves rapid online adaptation. Our core
idea is to selectively adapt the most affected frequency bands
by different target domains, thereby accelerating CTTA-OD
process. Specifically, we first transform spatial features into
the frequency domain, where frequency components are com-
pactly organized from low to high frequencies. Based on this
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Figure 1: Visual comparison of spatial domain and frequency domain representations under perturbations. Red boxes highlight

frequency bands with noticeable changes.

property, we decompose the frequency spectrum into distinct
bands by splitting it into patches, with each band being han-
dled by a specialized frequency adaptation expert. We then
employ a learnable sparse gating network to select the top-k
most affected frequency bands, and assign the corresponding
frequency experts to adapt each target domain. Furthermore,
we propose a frequency alignment loss that minimizes the
MSE between source and target frequency distributions at
both patch and instance levels, guiding the gating network and
frequency experts toward effective selection and adaptation.
By focusing learning on specific frequency bands for differ-
ent target domains, our method accelerates the CTTA-OD
process within a few adaptation batches, thereby improv-
ing overall performance. We conduct extensive experiments
across three benchmarks, achieving an average mAP im-
provement of 1.7% over state-of-the-art methods, validating
the superiority of our method.
In summary, our contributions are listed as follows:

1. We provide a novel frequency perspective for CTTA-
OD, where selective frequency bands adaptation reduces
optimization dimensional and enables rapid adaptation.

2. We propose a frequency-specific adaptation framework
that uses a sparse gating network to select the most af-
fected frequency bands for each target domain and assign
specialized experts for focused adaptation.

3. We propose a frequency alignment loss that aligns the
frequency distributions of the source and target domains
at both patch and instance levels, guiding the effective
selection and adaptation of gating network and experts.

2 Related Works

Continual Test-time Adaptive Object Detection. CTTA-
OD [5-8, 16-19] aims to online adapts a pre-trained detector
to handle a sequence of evolving target domains. Current
methods employ learning paradigms such as statistics cali-
bration, pseudo-labeling, and consistency regularization. For
instance, MemCLR [5] proposes an online adaptation frame-
work using memory-enhanced contrastive learning with the
MemXformer module to store prototypes and generate con-
trastive pairs. STFAR [6] adopts a teacher-student network,
generating pseudo-labeled objects and incorporating feature
alignment regularization to improve robustness. ActMAD
[7] focuses on fine-grained alignment of activation statis-
tics between test and training data. MLFA [19] introduces
multi-level feature alignment, aligning distributions globally

and at the category cluster level to extract domain-invariant
features. However, the coupling of perturbations with scene
semantics in the spatial domain makes rapid online adapta-
tion challenging, due to the high-dimensional optimization
required for pixel-level shifts across the entire image. In
contrast, we leverage the frequency cues, where perturbation-
induced shifts concentrate in specific bands, and propose
frequency-specific learning for rapid adaptation.

Fourier Transform in Vision. Fourier transform (FT) [14]
has been widely used in signal processing for decades [20].
Recently, its integration into deep neural networks (DNNs)
has gained attention. In vision, FT’s ability to convert spatial
domain data into the frequency domain makes it invaluable
for extracting critical features from noisy or high-dimensional
data [21]. Based on this, current research explores appli-
cations of FT in optimizing DNN architectures [22-26],
enhancing data augmentation [27-30], analyzing DNN be-
haviors [31-33], etc. Leveraging FT’s ability to decompose
and compress high-dimensional information, it is a promis-
ing tool for online dynamic scenarios like CTTA-OD, which
require rapid adaptation. When perturbations, coupled with
scene semantics in the spatial domain, are transformed to the
frequency domain, they primarily concentrate in specific fre-
quency bands. This motivates our use of frequency-specific
learning, instead of pixel-level spatial adaptation, enabling
rapid online adaptation and improving overall performance.
Mixture of Experts. The concept of mixture of experts
(MoE) [34], initially introduced in [35], is based on the idea
that different parts of a network, known as experts, special-
ize in distinct tasks or aspects of the data. Each expert learns
different discriminative features, while the gating network
dynamically generates scores that weight the outputs of the
expert networks. Recent advancements [36-39] have intro-
duced sparse activation, where only a few experts are selected
based on gating scores, significantly reducing the computa-
tional cost in large-scale model training [40-42]. Related to
our work, we draw inspiration from the MoE framework. We
adopt frequency-specific learning to selectively adapt to the
most affected frequency bands, where the selection of these
bands dynamically changes with the target domain. To handle
this, we assign the specialized adaptation expert for each band
and employ a dynamic sparse gating mechanism to control
the assignment of frequency experts for each target domain,
enabling fast and flexible adaptation.
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Figure 2: Overview of the proposed method, which incorporates two key components: frequency-specific adaptation and fre-

quency distribution alignment.

3 Methodology

In this section, we first introduce the task setup in Section 3.1,
followed by our frequency-specific adaptation framework in
Section 3.2. We then present the frequency distribution align-
ment loss at both patch-level and instance-level in Section 3.3,
before concluding with the overall optimization objective in
Section 3.4. Figure 2 provides an overview of our method.

3.1 Problem Definition

Assume we have an object detector pre-trained on the source
domain Dy = {x;,y,}, where x; denotes the source images and
ys denotes the corresponding bounding boxes and category
labels. Our goal is to adapt the detector to a sequence of con-
tinually changing target domains {D},D?, ..., DN} using only
the target data while making predictions. The target domain
at time period n is denoted as D} = {x"} where ' denotes
the target images at time period n and P/}, # P Following
prior work [6-8], as the source domain is inaccessible during
adaptation, pre-computed source feature statistics, such as the
mean and variance, are available.

3.2 Frequency-Specific Adaptation

Frequency-specific adaptation aims to selectively adjust the
most affected frequency bands of features across different tar-
get domains, enabling rapid CTTA-OD. Given a target feature
x € REHXW in the spatial domain, we first transform it into
the frequency domain using a channel-wise two-dimensional
Discrete Cosine Transform (2D DCT) [43]. Specifically, 2D
DCT represents a signal by projecting it onto a set of orthogo-
nal cosine basis functions. The basis function for the 2D DCT
is formulated as:

Bh”w—cos<z <i+;)>cos<‘f] (]4—;)) (1

Each basis function B;l’fw corresponds to a frequency compo-
nent indexed by (/,w), while the indices (i, j) enumerate all
spatial positions of the input feature. Based on this definition,
the DCT coefficient f/i”fv is obtained by taking the inner prod-

uct between the spatial feature x>¢ and the basis function B;ljw
This directly rewrites Equation 1 into: '

Z Z x2dBlJ

i=0 j=0 (2)

st. he{0,1,...H—1},we{0,1,..., W —1},

where f2¢ ¢
de c RH xW

RH*W represents the 2D frequency spectrum and
is the input spatial feature. This formulation ex-
plicitly shows how each frequency coefficient is computed
from all spatial locations, thereby verifying how spatial fea-
tures are transformed into frequency domain. Given that the
frequency feature f € ROM*W exhibits a characteristic dis-
tribution, where low frequencies concentrated in the top-left
corner and high frequencies in the bottom-right corner, we
decompose the spectrum into distinct frequency bands by par-
titioning the 2D plane. Specifically, given a partition factor
n, we uniformly divide both the height H and width W di-
mensions into n segments. This transformation reshapes the
original tensor f € RF*W*C into a new shape:

w

f/ GRCXHZX%XF. (3)

For each frequency band ﬂ i € RCX%X%, where i,j €
{1,...,n}, we assign a specialized frequency expert E; ; to
adapt the distribution shift. The expert structure consists of a
simple yet effective point-wise convolution followed by batch
normalization:

fi.j =BN(Conv( fi7))- 4)
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To dynamically select the most affected frequency bands for
each target domain, we employ a learnable sparse gating net-
work with a top-k routing policy. The process for generating
sparse weights operates as follows:

f; = GAP(f") + GMP(f), S

P, :f;-Wg—&—N(O7 1)- SoftPlus(fg Wioise)s ©6)

1 if v; is in the top k elements of P,,
W, = _ P SN
0 otherwise,

where we first process the features f’ using average pooling
GAP(-) and maximum pooling GMP(-) operations, followed

. . 2 .
by summing them to obtain f; € R, Next, f; is passed

through the fully connected layers Wg, Wypise € RCW > (o

produce the probability vector P, € R" . The addition of a
learnable noise term introduces randomness, facilitating the
transition during expert selection [38]. By applying the Top-K
operation, we select the k positions with the highest values in
P,, assign a value of 1 to the selected positions, and set the un-

selected expert weights to 0, resulting in the W, € R". Based
on the selected frequency bands from the sparse weight vec-
tor W, we use the corresponding frequency experts to adapt
to the distribution changes, while the unselected bands remain
unchanged:

. AW =
{f,,, T for dije{l,...n}.  (8)

Ti=\p S ifwe =0,
Finally, we apply the channel-wise inverse 2D DCT to f to
return to the spatial domain, obtaining the adjusted spatial
feature ¥ € ROH*W.

Zd H—-1W-1
. B7‘17
ZOZ o ©)
st.ie{0,1,...H—1}, je{0,1,....W—1}.

3.3 Frequency Distribution Alignment

To better adapt the distribution shift in the frequency domain,
we introduce a frequency distribution alignment loss. This
loss aligns the frequency feature distributions between the
source and target domains, guiding both gating network selec-
tion and frequency expert adaptation. For the object detection
task, we propose aligning two types of features: backbone and
foreground features, considering the importance of instance
information.

In a typical Faster RCNN framework [44], the backbone
outputs global feature map ximg € R¥*W along with pro-
posal features after RPN and ROI alignment, denoted as
Xins € REMXM \where m represents the output size of the
ROI alignment. We first collect the global feature map and
proposal features for each source image, and apply 2D DCT
to transform them into frequency domain, yielding fimg and
fins- Then, we pre-compute the mean statistics of these source
features. For global feature maps, instead of using global av-
erage pooling as in prior work [6—8], we build upon our earlier
practice of dividing the frequency features into n® patches.
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We apply average pooling on each patch to compute patch-
level mean statistics, resulting in n? statistics. This ensures
consistent granularity with the gating and expert networks,
facilitating frequency bands selection and adaptation:

Z e (10)

wl =

img fimgeDA

where f b e ROXTxT ", Nimg denotes the total number of
source domaln global feature maps. For proposal features,
which are already at the instance level, we apply global
average pooling to each proposal. We then compute class-
wise instance-level mean statistics using the object category
ground-truth labels, resulting in C statistics, which correspond
to C object categories:

e 1
W= L Y fo (1

ns fmseD3 m,m

where ¢ € {1,...,C}, f5, € REm*m NC¢ denotes the total
number of proposals for a specific class c.

As batches of target data arrive, we collect the global fea-
ture maps and proposal features for each batch through the
forward pass. Since the target domain lacks object category
labels, we rely on the high-quality pseudo-labels generated
by the network for each proposal. Proposals with background
scores exceeding a specific threshold (e.g., 0.5) are discarded,
while the remaining proposals are assigned to the foreground
class with the highest probability, generating the correspond-
ing class labels. The computation of patch-level and instance-
level mean statistics for each target batch follows the same
approach as in the source domain:

1
wi=-— Y Z Fing: (12)
mg fimgeBt
T W (13)
Blm 1< €B; m

ns

where B; denotes a batch of target data, By, and B de-
notes the number of global features and proposals of class ¢
in a batch. To estimate the statistics for the target domain, we

update them using an exponentially moving average:

' (0) =, pf(0) =gy, (14
wT) = (1=a) g (T =D+, (15)
pe(T) = (1—a) - ps(T—1) +a-uf, (16)

where 1 (-) denotes mean statistics at a given time, and o is
the smoothing factor.

To align the frequency feature distributions, we first com-
pute the MSE of per-patch mean statistics at the global feature
map level and obtain the patch-level frequency distribution
alignment loss through averaging:

Louch = — Z||u — |2, (17)
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At the instance level, we calculate the class-wise mean statis-
tics MSE. Following prior work [8], we introduce a weighting
scheme to better align features of infrequent classes, address-
ing the severe class imbalance where certain instances may
appear multiple times in a single image:

ak:bg<mugﬁhﬂ>+001 (18)
C
i . .
ﬁnszgzwc'nutc(’r)_‘usc”% (19)
C

where o; denotes the number of occurrences of class i in the
target domain, and @; represents the loss weight for class i.

3.4 Optimization Objective

During the CTTA-OD process, we estimate the frequency
statistics for the target domain through the forward pass. We
then calculate the patch-level and instance-level frequency
alignment losses by comparing these statistics with the pre-
computed source frequency statistics. These losses are used
to optimize the frequency-specific adapter in the detector,
enabling fast and stable online adaptation:

Liotal = gpateh + lﬁns» (20)

where A is the hyper-parameter that balances the losses.
3.5 Theoretical Explanation of Our Design

Our framework is motivated by the observation that do-
main shifts caused by real-world corruptions are concentrated
in specific frequency bands. To justify this, we provide a
theoretical analysis based on standard degradation models
and frequency characteristics of driving scenes. We model a
corrupted image as:

I=dI)+¢, 21

where Iy is the clean image, </ is a corruption operator (e.g.,
blur, haze), and € denotes additive noise. Applying the linear
DCT transform .7 (-) gives:

F=37()=dF+F, (22)

where Fy and F are the frequency representations of Iy and /,
and o7 is the frequency response of the corruption. Thus, the
frequency-domain shift is:

o~

AF =F —Fy= (o —1)Fy + F. (23)

This shows th/aE the shift depends on the frequency-selective
behavior of .o/ For example, blur and haze act as low-pass
filters suppressing high frequencies, while motion blur and
structured noise (e.g., rain) impact specific mid- or high-
frequency bands. Therefore, AF is typically non-uniform
across the spectrum. Additionally, driving scenes contain
large low-frequency areas (e.g., sky, roads) and semanti-
cally rich mid-/high-frequency regions (e.g., objects, edges).
Perturbations that affect object visibility or contrast lead to
spectral deviations that align with these regions.
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In summary, the non-uniform frequency response of real-
world corruptions, combined with the frequency structure
of typical scenes, explains why domain shifts concentrate
in specific frequency bands. This supports our design of
frequency-specific adaptation.

4 Experiments

4.1 Experimental Settings

Datasets. We conduct extensive experiments on three bench-
marks, including Cityscapes-C, ACDC, and SHIFT. The
Cityscapes dataset [45] consists of 2,975 training images and
500 validation images with 8 categories of objects. We con-
struct Cityscapes-C based on benchmark robustness tasks
[9], selecting four common corruption types: fog, motion blur,
contrast, defocus blur. These corruptions are applied to the
validation set at the maximum severity level 5, with each cor-
ruption type forming an individual target domain consisting
of 500 images. The ACDC dataset [10] shares the same class
categories as Cityscapes but includes four different adverse
visual conditions: fog, night, rain, and snow, with each con-
dition containing 400 unlabeled images. The SHIFT dataset
[11] is a synthetic dataset for autonomous driving, simulat-
ing real-world environmental changes. We select 3,000 clear
daytime images from SHIFT-discrete as the source domain
training set, and 500 images each of foggy, rainy, night, and
overcast conditions as the target test domains.
Implementation Details. We use Faster R-CNN [44] with
ResNet50 [46] backbone pre-trained on ImageNet [47] as
the detector. During test-time adaptation, we update the
frequency-specific adapter while freezing all other parame-
ters pre-trained on the source domain. The batch size is 2,
and the learning rate for the Adam optimizer is 0.005. Hyper-
parameters are set as follows: partition factor n = 2, top-k
percentage p = 50%, smoothing factor o = 0.99, and loss
balancing coefficient A = 3. We use mAP@50 (%) as the
evaluation metric for detection performance. Following prior
work [48], the source model is continually adapted to the tar-
get domains for 10 cycles. For computational efficiency, the
baseline detector requires approximately 280 GFLOPs for a
single forward pass, and contains about 31M parameters. Our
method introduces 0.18M additional parameters (less than
0.6% of the total). During test-time adaptation, each step in-
cludes a forward and a backward pass. The backward pass
involves two components: (1) gradient propagation across
layers, which passes through the entire network and has a sim-
ilar cost to the forward pass (280 GFLOPs), and (2) gradient
computation for the learnable parameters, which only applies
to the adapter and costs around 4 GFLOPs. As a result, each
adaptation step requires approximately 564 GFLOPs in total.
On an RTX 3090 GPU with batch size 1, the baseline detec-
tor runs at 10.2 FPS, while our method achieves 4.8 FPS with
one adaptation step per image.

4.2 Comparisons on Benchmark Datasets

We compare our method with several recent representa-
tive CTTA-OD approaches, including DUA [16], CoTTA
[48], STFAR [6], MemCLR [5], ActMAD [7], MLFA [19],
ViDA [49] and WHW [8]. For open-source methods, we
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follow their implementation details, adopt the correspond-
ing hyper-parameter settings, and adapt them to the Faster
R-CNN detector. For non-open-source methods, we repro-
duce them based on the descriptions in their papers. Direct
test refers to directly evaluating the source domain trained
detector on the target domains. We conduct comparative
experiments on three representative CTTA-OD benchmark
datasets: Cityscapes — Cityscapes-C, Cityscapes — ACDC,
and SHIFT — SHIFT-C. The results are shown in Tables 1,
2, and 3. Our method achieves the best average performance
across all three datasets, outperforming the baseline by 9.0%,
2.0%, and 2.6%, and surpassing the second-best method by
1.7%, 1.0%, and 1.1%, respectively. It is important to note
that in these three tables, we follow the common CTTA-
OD evaluation protocol, which employs an online cumulative
computation strategy: the model dynamically updates, pre-
dicting results only for the current batch at each time step, and
all predictions across time steps are concatenated to determine
the final performance on the target domain. To more fairly
assess the model’s adaptation speed to distribution shifts, we
evaluate its overall performance on the current target domain
after each optimization step and plot the performance varia-
tion curve, as shown in Figure 3. The curve demonstrates that
our method achieves the fastest performance improvement
when the target domain changes, indicated by the steepest up-
ward slope, and maintains stable performance after the rapid
increase, validating its fast learning capability. This rapid
learning ability is also a key reason why our method achieves
superior performance under the online cumulative evalua-
tion metric, as it enables better early-stage adaptation in the
current domain, thereby improving overall performance.
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4.3 Ablation Study

Effectiveness of different components. As shown in Table
4, we conduct ablation studies to verify the effectiveness of
the two core components in our framework: the frequency-
specific adapter and the frequency distribution alignment
loss. To demonstrate the advantage of performing adapta-
tion in the frequency domain, we introduce a spatial adapter
[8] as a comparison baseline. Unlike the frequency domain,
where information is naturally decomposed and compactly
represented, the spatial domain requiring optimization over
all spatial dimensions. As a result, the spatial adapter suf-
fers from high optimization dimensionality, leading to slower
convergence and inferior performance. We further evaluate
the contribution of the frequency distribution alignment loss.
Both patch-level alignment loss .Zych and instance-level
alignment loss %, bring performance improvements when
applied individually or jointly. Moreover, we assess the ef-
fect of patch-wise computation by comparing with a global
average pooling variant .%},,,. Experimental results confirm
that patch-wise computation is more effective, as it matches
the patch-wise selection mechanism in the adapter, ensures
consistent receptive fields.

Partition factor n and Top-k ablation. We analyze the influ-
ence of different partition factors and Top-k values on model
performance, revealing a trade-off relationship, as shown in
Table 5. Without partitioning the frequency spectrum (i.e.,
n = 1) and learning a single global frequency expert, the
optimization dimensionality remains similar to spatial adap-
tation, failing to leverage the decomposition and compression
benefits of frequency domain learning. Conversely, when n in-
creases (e.g., n = 4), the spectrum is more finely decomposed,

Table 1: Comparisons on Cityscapes — Cityscapes-C. We report mAP @50 for detection performance. ’Mean’ denotes the av-
erage CTTA-OD performance across domains, while *Gain’ indicates the improvement over the source detector.

Round 1 5 10 .
MeantT  Gain
Condition Fog Motion Contrast Defocus Fog Motion Contrast Defocus Fog Motion Contrast Defocus
Direct test 32.0 11.7 32 11.1 32.0 11.7 32 11.1 32.0 11.7 32 11.1 14.5 /
DUA [16] 329 12.5 9.7 9.2 31.3 9.4 135 8.1 30.6 9.1 135 7.9 158  +13
CoTTA [48] 34.0 13.5 10.5 13.0 335 12.8 11.2 12.5 33.0 13.2 12.0 12.8 170 +25
STFAR [6] 35.7 159 12.4 14.2 34.7 14.1 14.4 15.2 34.0 15.0 16.4 15.1 199 +54
MemCLR [5] 36.3 14.8 16.5 16.0 353 15.8 17.1 15.1 36.0 15.2 16.5 15.5 209 +64
ActMAD [7]  36.0 18.0 16.4 17.5 35.1 19.4 15.2 155 32.1 21.1 17.1 14.5 214  +69
MLFA [19] 37.2 16.6 17.1 154 36.2 16.5 16.4 15.2 37.0 16.7 16.1 16.0 21.5 +7.0
ViDA [49] 36.5 17.2 15.2 16.2 35.8 16.5 15.0 15.0 36.2 17.0 15.8 15.5 204 +59
WHW [8] 37.1 18.5 15.8 16.8 36.7 18.4 15.3 15.8 37.1 17.9 16.7 15.2 21.8 +73
Ours 384 19.2 18.4 17.6 38.8 20.9 17.6 18.0 383 20.1 18.0 17.0 235 +9.0

Table 2: Comparisons on Cityscapes — ACDC. We report mAP @50 for CTTA-OD performance, where ’Mean’ represents the
average performance over across domains, and Gain’ denotes the improvement over the source detector.

Round 1 5 10 .
Mean?  Gain
Condition Fog Night Rain Snow Fog Night Rain Snow Fog Night Rain Snow
Direct test 363 11.1 204 257 363 111 204 257 363  11.1 204 257 234 /
DUA [16] 344 9.6 16.8 15.7 327 8.8 15.0 156 314 9.8 15.9 14.6 18.4 -5.2
CoTTA [48] 352 100 19.0 250 348 9.6 185 245 345 102 18.8 252 21.2 2.2
STFAR [6] 369 107 203 263 370 109 213 261 365 107 206 268 23.7 +0.4
MemCLR [5] 36.5 104 203 260 375 114 206 257 364 105  20.1 26.3 235 +0.2
ActMAD [7] 374 106 207 259 378 113  20.1 27.8 376 105 204  26.1 239 +0.6
MLFA [19] 379 118 200 276 380 120 201 279 375 11.8 205 266 243 +0.9
ViDA [49] 380 115 205 270 372 11.0 200 265 378 114 203 272 24.1 +0.7
WHW [8] 388 113 207 263 383 115 210 273 375 114 200 276 24.4 +1.0
Ours 40.1 128 21.1 279 390 125 21.8 290 38,6 120 207 290 254 +2.0
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Table 3: Comparisons on SHIFT — SHIFT-C. We report mAP@50 for CTTA-OD performance, where "Mean’ represents the
average performance over across domains, and *Gain’ denotes the improvement over the source detector.

Round 1 10 i
Meant Gain
Condition Overcast Rainy Night Foggy Overcast Rainy Night Foggy Overcast Rainy Night Foggy
Direct test 35.9 33.6  19.2 15.9 35.9 33.6 192 159 35.9 33.6 192 159 26.2 /
DUA [16] 33.6 304 164  19.0 32.1 27.8  16.1 17.5 31.5 28.6  16.1 17.5 240 22
CoTTA [48] 36.2 33.0 185 17.8 35.8 326 182 175 35.6 328 187 17.6 252  -1.0
STFAR [6] 359 335 195 16.7 35.8 345 198 17.7 36.0 33.1 19.7 17.7 26.7 +0.5
MemCLR [5] 36.8 346 207 165 36.7 356 187 16.0 36.0 342 199 169 27.0 +0.8
ActMAD [7] 37.0 348  20.1 17.0 36.5 355 204 18.0 35.7 342 203 18.3 274 +1.2
MLFA [19] 37.2 346 202 192 36.9 340 215 18.9 36.0 339 205 18.0 277 415
ViDA [49] 374 35.0 19.8 18.6 36.8 342 195 18.1 37.0 344 197 18.4 269  +0.7
WHW [8] 38.0 357 196 187 36.1 35.1 19.7 18.2 36.3 34.1 19.6 189 277 415
Ours 38.6 358 21.8 205 37.5 36.1 226 198 36.7 349 216 19.4 28.8  +2.6
Fog Motion Contrast Defocus Fog Night Rain Snow Overcast Rainy Night Foggy
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Figure 3: To illustrate adaptation speed, we plot performance curves over adaptation steps on three benchmarks. The curves

are smoothed for better visualization.

but more experts are required to cover sufficient bands. This
leads to optimization instability and degraded performance
under limited data. For a fixed partition factor (e.g., n = 2),
choosing the Top-k value reflects a balance between two com-
peting goals: reducing the optimization space by selecting
fewer frequency bands and ensuring sufficient coverage for
capturing domain shifts. From a signal analysis perspective,
natural perturbations (e.g., fog, blur, noise) typically affect
a localized subset of frequency bands rather than the entire
spectrum. Selecting too few bands (e.g., 25%) may miss key
affected regions, while selecting too many (e.g., 100%) intro-
duces redundancy and slows down adaptation. Our empirical
results suggest that selecting 50% of the bands captures most
of the domain shift while preserving fast convergence, align-
ing with the underlying frequency-localized nature of visual
corruptions. This observation provides a principled basis for
choosing n = 2 and Top-k=50% as a balanced configuration.
Hyper-parameter A ablation. We perform an ablation study
on the loss balancing hyper-parameter A, as shown in
Figure 4. While the patch-level alignment loss %}, operates
on global frequency statistics, it lacks semantic granularity.
To complement this, the instance-level alignment loss %
enforces category-specific frequency consistency, which is
particularly important for object detection tasks that depend
heavily on instance-wise feature quality. Therefore, incor-
porating .%,s is essential for capturing fine-grained shifts
across classes. However, a key difference is that %, requires
pseudo-labels to compute class-wise statistics in the target
domain, which could be noisy, especially during early adap-
tation stages. In contrast, -Zjch is inherently more reliable.
Assigning an excessively large weight to %y, (i.e., a high 1)
risks overfitting to incorrect pseudo-labels and destabilizing
the optimization. Our empirical results show that A = 3 strikes

a good balance: it allows the model to benefit from class-level
alignment while preserving training stability.

Table 4: Ablation analysis on the framework components.

Base Detector Adapter Type Loach  ZLns  Meant
v / / / 14.5
v Spatial [8] v v 225
v Frequency (Ours) Ling 22.1
v Frequency (Ours) v 224
v Frequency (Ours) v 23.0
v Frequency (Ours) v v 235

Table 5: Ablation on the partition factor n and top-k (%).

Partition

Factor n 1 2 2 2 2 4 4 4
Top-k
selection 100% 25% 50% 75% 100% 125% 25%  50%
Mean? 22.0 22.6 235 21.9 20.9 23.0 22.5 19.1
24
e 23.5
S 233
(=3
w
I~
23
5 227 27
E
9 22.4
=
22 T T T T T
0.2 0.5 1 3 5

Loss Balancing Coefficient A

Figure 4: Ablation analysis on the hyper-parameter 1.
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Figure 5: We visualize the selection probabilities of different frequency bands during adaptation across three benchmarks. In
the heatmap, the coordinates represent (row, column) indices of patches.

Design choice of framework and loss. We conduct ab-
lation studies on the expert structure and loss function,
as shown in Table 6. For expert structures, we compare
Convsy3, Conv;y;, and element-wise learnable tensor. Due
to the global nature of the Fourier transform, positions in the
frequency domain independently correspond to specific fre-
quency components, unlike spatial pixels that exhibit local
correlations. Thus, Convy 1, which enables cross-channel in-
teractions without introducing redundant spatial operations,
proves to be the more suitable choice. In contrast, element-
wise learnable tensors only perform channel-wise scaling
without capturing cross-channel dependencies, leading to in-
ferior performance. For the loss function, we evaluate L1,
MSE, and KL divergence (following [8], which computes
the KL divergence between two Gaussian distributions) as
alignment losses. Since the magnitude of frequency-domain
signals directly determines the contribution of different fre-
quency components, the loss function should prioritize mag-
nitude alignment. KL divergence, which primarily focuses on
probability matching, is less effective for frequency-domain
adaptation. In contrast, MSE directly minimizes magnitude
discrepancies [50], resulting in better adaptation performance.

Table 6: Ablation analysis on the design choice.

Expert Structure Loss Design
Meant
Convsyx3 Conviy; Learnable Tensor L1 MSE KL Div

v v 22.7

v v 23.5

v v 23.1

v v 23.0

v v 235

v v 20.1

Frequency bands selection visualization. We analyze the
selection probabilities of different bands during adaptation
by tracking the top-k selections across target domains, as
shown in Figure 5. The results reveal distinct patterns: for
low-frequency perturbations like fog and night, the model
prioritizes low-frequency bands, while for high-frequency
perturbations such as motion blur and rain, the selection shifts
toward mid-to-high frequencies. However, as most signal en-
ergy is concentrated in the low-frequency range, adapting
to these frequencies yields larger gradients. Thus, regardless
of the perturbation type, the model consistently maintains a
certain probability of selecting low-frequency bands.

5 Conclusion and Future Work

Conclusion. In this paper, we propose a novel frequency-
specific adaptation framework for CTTA-OD, enabling fast
online adaptation in dynamic environments. By selectively
adapting the most affected frequency bands instead of opti-
mizing in the high-dimensional spatial domain, our method
accelerates adaptation process and maintain stable detection
performance. Extensive experiments validate our efficacy.
Future work. One promising direction is to develop a more
adaptive frequency spectrum partitioning strategy, as the cur-
rent fixed scheme may not generalize well across varying
target domains. Additionally, integrating spatial-frequency
hybrid adaptation could further enhance performance by
leveraging the global properties of frequency information
while preserving spatial details for finer-grained adaptation.
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Appendix

A Target Domain Visualization

We conduct extensive experiments on Cityscapes-C, ACDC,
and SHIFT. For Cityscapes-C, we use the maximum severity
level 5 across four perturbations to evaluate our method under
extreme conditions. ACDC and SHIFT are designed to sim-
ulate real-world autonomous driving scenarios, with ACDC
collected from real-world environments and SHIFT generated
from a simulator. Both datasets are specifically tailored for
dense prediction tasks, providing a challenging benchmark
for evaluating adaptation performance. The diverse evalua-
tions validate our method’s effectiveness under both extreme
conditions and real-world scenarios. The visualizations are
presented in Figure Al.
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Figure A1l: Examples of different target domains across three benchmarks.
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