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Abstract

The distribution gap between training data and real-
world data often causes significant performance drops in
networks trained via naive supervised learning. To address
this, domain generalization methods have been developed to
gain robust performance in unseen domains. In this paper,
we propose a single-domain generalized object detection
(S-DGOD) method. Unlike previous works, we utilize both
image-level and feature-level augmentations and experi-
mentally demonstrate their synergistic effects. Image-level
augmentations expand the source domain, while feature-
level augmentations leverage CLIP to incorporate potential
domain descriptions. Our method achieves superior perfor-
mance, with 29.2% mAP on the Cityscapes-C and 37.1%
mAP on the Diverse-Weather dataset.

1. Introduction

Object detection plays a crucial role in various deep
learning fields, including surveillance, self-navigation,
crowd counting, and manufacturing. A detection model typ-
ically performs well when the input data shares the same
domain as the training data. However, performance can sig-
nificantly degrade when the target domain differs from the
training source [5, | 1,26]. A straightforward solution is to
create a new dataset for the target domain, but this approach
is time-consuming and costly, especially since instance-
wise labeling for detection is more complex than image-
wise labeling for classification.

Domain generalization (DG) aims to develop models that
generalize well to unseen domains without requiring target
domain annotations or images. By relying solely on source
domain data, DG can achieve robust performance across a
variety of applications, including urban scene segmentation
[2,8,20,53] and medical image processing [ 14,23, 30].

Single-domain generalized object detection (S-DGOD)
focuses on object detection using training data from a sin-
gle domain. Most research in this area emphasizes design-
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Figure 1. Visualization of our image-level augmentation (top) and
feature-level augmentation (bottom). For the image-level augmen-
tation, we show original images of the source domain on the left,
and results of our image-level augmentation on the right. Cropped
parts are shown at the middle to help visualizing the difference.
For the feature-level augmentation, we denote mean images of in-
termediate features that has extracted from augmented images as
original, and show their augmented versions with augmentations
corresponding to rainy night and stormy evening.

ing image [4, 7, 10, 12, 16,22, 24,39, 43, 52] or feature
[17,19,31,37,38,40,41] augmentations to expand data dis-
tribution, allowing models to better handle target domain
data. In contrast to prior works, we incorporate both image-
level and feature-level augmentations and demonstrate their
effectiveness when used simultaneously. Fig. 1 illustrates
how our augmentations work, showcasing sample images,
their augmented versions, intermediate features, and aug-
mented features.

Our image-level augmentation is designed to be robust
enough to push the boundaries of the source data distribu-
tion, thereby improving the model’s generalizability while
is easy to implement and apply, and consumes low com-
putational resources. We found that augmentations used in
low-level vision problems [27,34,51] not only meet this re-
quirement but are also ideal for training detection models,



as they preserve the spatial information of instances. We ex-
perimentally show the effectiveness of our image-level aug-
mentation on single-DGOD despite of its simplicity.

For feature-level augmentation, we adopt CLIP [32] for
extracting text features to enhance source image features.
Neural style injection [15] and algebraic operations [29]
rooted from text descriptions of potential unseen target do-
main are used for reflecting new characteristics to source
image features. Text descriptions used in our work refer
from [38] with expansion of target domain numbers. Even
though their approach has similar aspect with ours, our
work differs from theirs for some points; we did not used
image encoder of CLIP trained jointly with text encoder; we
propose a new strategy for projecting target domain charac-
teristics that can effectively reflect target statistics compared
to addition-based transformation.

Our contributions can be summarized as follows:

e We propose a single-DGOD framework based on a
modern detector architecture that leverages multi-scale
features, deformable operations, and attention mech-
anisms. By replacing the outdated backbone network
with a state-of-the-art model, our approach establishes
a new benchmark for future studies in the field.

* We propose a dual-space augmentation framework
where image-level augmentations enhance model ro-
bustness, and text-driven feature-level augmentations
enable the model to learn domain-specific character-
istics. The synergy between the two methods signifi-
cantly improves generalization.

e Our proposed training framework demonstrates sub-
stantial improvements in generalization ability, outper-
forming previous state-of-the-art methods by a signifi-
cant margin.

2. Related Work
2.1. Domain Generalization for Object Detection

Domain generalization for object detection has been
less explored compared to other fields such as classifica-
tion [, 21, 54] and segmentation [8, 22, 36,47] but has re-
cently gained attention due to its potential to reduce the
high annotation costs associated with object detection. Wu
et al. [44] proposed domain generalization for urban scenes
using cyclic disentangled self-distillation. Vidit et al. [38]
leveraged CLIP for single-DGOD problem by learning ad-
ditional augmentations to mimic target features. Lee et
al. [17] employed object-aware image transformation and
contrastive loss to improve generalizability and detection
performance. Liu et al. [24] utilized causal learning and
global-local transformation to address DGOD. Danish et

al. [10] highlighted the importance of instance-wise align-
ment by using various image degradation techniques to en-
hance DGOD performance. G-NAS [46] proposed an algo-
rithm utilizing neural architecture search. Li et al. [18] in-
troduced a prompt-based object-centric gating module.

2.2. Representation of Image and Text

Many studies have aimed to improve image process-
ing performance by leveraging multi-modal inputs, such as
combining images with audio, text, or optical flow. In our
approach, we use text features alongside visual representa-
tions to achieve better domain generalization.

UNITER [6] is a pretrained model designed to learn joint
image-text representations and perform well across various
vision-language tasks. CLIP [32], trained on 400 million
image-text pairs, minimizes the distance between image and
text features and excels in tasks like zero-shot classification
and domain generalization.

Mikolov et al. [29] demonstrated that algebraic opera-
tions could be applied to text features. For instance, by sub-
tracting the feature vector of Man from that of Groom, and
adding the feature of Woman, the resultant vector approx-
imates the feature of Bride. We leverage this property to
project potential target domain characteristics into a feature
extracted from source domain image.

2.3. Augmentation for Domain Generalization

Image augmentation plays a crucial role in enhancing
a model’s domain generalization by expanding the source
data distribution. Numerous studies have proposed image-
level augmentation techniques for domain-generalized ob-
ject detection. Volpi et al. [39] introduced iterative adver-
sarial augmentation, while Cheng et al. [7] combined adver-
sarial learning with Bayesian neural networks. Li et al. [22]
utilized generative models to transfer image styles for im-
proved domain generalization. Chen et al. [4] proposed aug-
mentation that pushes samples away from the center of dis-
tribution. Jiang et al. [16] constructed data augmentation
based on contrastive relationship between samples. Wang
et al. [43] augmented images to be complementary to the
style of source domain samples. Gokhale et al. [12] learned
image transformations in an adversarial manner. Zheng et
al. [52] applied learnable semantic transformation on image
level.

Feature augmentation has also been extensively ex-
plored. Shu et al. [37] mixed domains in the feature space,
and Li et al. [19] demonstrated that adding noise to fea-
tures improves generalizability. Wang et al. [40,4 1] investi-
gated the impact of semantic feature augmentation, and Qi
et al. [31] introduced a novel batch normalization technique
for feature diversification. Zeng et al. [49] mimic unob-
served target domain feature by forecasting direction of the
domain shift. Liu et al. [25] transformed domain-specific
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Figure 2. Overview of the proposed method. The proposed method consists of an Image-level Augmentation (IA) module and a text-
driven Feature Augmentation (FA) module, where the FA and concatenation with the original features are applied at the end of the second
layer of the feature extractor. For more details, refer to the supplementary materials.

features while class-specific features are preserved. Wang
et al. [42] randomized style of features to achieve diversity.
In contrast to prior works, our approach integrates both
image-level and feature-level augmentation, leveraging the
strengths of each to maximize domain generalization.

3. Method

In this section, we describe our framework for single-
DGOD. Our training process consists of two stages: one for
training dual-space augmentations and another for training
the detector with the learned augmentations. Fig. 2 shows
overall procedure of our framework. In Section 3.1, we
briefly introduce the advantages of using a Transformer-
based backbone model, which has been shown to improve
generalization and performance. Then, in Section 3.2, we
present our dual-space augmentation strategy. Finally, in
Section 3.3, we describe the training procedure that incor-
porates both image-level and feature-level augmentations to
improve generalization performance.

3.1. Toward Transformer-based Model

Most prior works on single-DGOD have utilized Faster
R-CNN [33], which was introduced in the mid-2010s. How-
ever, Faster R-CNN lacks the ability to leverage multi-scale
features, leading to suboptimal performance for small ob-
jects. Additionally, it heavily relies on proposals generated
by predefined anchor boxes, which limits flexibility. More-
over, due to its reliance on a region proposal network, Rol
pooling, and bounding box regression, the learning process
is known to be complex.

In contrast, transformer-based approaches, which have
gained popularity since the introduction of DETR [3], of-
fer a more streamlined, end-to-end structure and deliver
superior performance. These models benefit from multi-
scale features, deformable operations, and attention mech-

anisms. As a result, many recent object detection studies
have shifted toward transformer-based architectures.
Following this trend and considering the flexibility
of transformers, we replaced the baseline model with a
transformer-based architecture [50], which leverages these
advanced features and mechanisms. This straightforward
modification to the baseline model can surpass previous
state-of-the-art (SOTA) performance on certain datasets, as
demonstrated in the experimental section. By incorporating
these enhancements, we set a new performance benchmark.

3.2. Dual-Space Augmentation Framework

Since we only have access to source domain data dur-
ing the training phase, expanding the input distribution is
crucial for improving the model’s generalizability. How-
ever, because the target domain’s context (e.g., tone, tex-
ture, brightness, contrast) is unknown, image-level augmen-
tation alone cannot fully capture the diversity of the target
domain. Therefore, while general augmentation techniques
are applied to enhance model robustness and maintain per-
formance in the source domain, we introduce text-driven
feature augmentation, leveraging domain-specific descrip-
tions to capture relevant characteristics from the target do-
main.

3.2.1 Image-level Augmentation

For image-level augmentation, we design transformations
that are expressive enough to expand the data distribution
and improve the model’s generalizability, while preserving
the key information necessary for accurate detection. We
employ augmentations such as noise, blur, and JPEG com-
pression to enhance model robustness across various do-
mains. The bottom of Fig. 2 illustrates the image-level aug-
mentation process. These augmentations minimally affect
source domain performance, with domain-specific charac-



teristics addressed through text-driven augmentation at the
feature level. Experimentally, we demonstrate that com-
bining image-level and feature-level augmentations signifi-
cantly improves generalizability.

3.2.2 Text-driven Feature-level Augmentation

Although target domain data is unavailable, we can hypoth-
esize potential conditions of the target domain and describe
them in a sentence, such as a watery image taken on a
stormy day. We slightly modified the descriptions from [38]
by adding new possible conditions for our work. To lever-
age these descriptions, we use CLIP’s text encoder to in-
corporate target characteristics derived from the domain de-
scriptions into the source image features. This is possible
because CLIP’s text encoder is jointly trained with images.

Importantly, this approach does not limit generalizabil-
ity by the number of descriptions, as it is combined with
image-level augmentations. In our experiments, we found
that using feature-level augmentation alone could intro-
duce domain bias, negatively affecting generalization. How-
ever, when used in conjunction with image-level augmenta-
tion, it significantly enhances generalizability. Furthermore,
adding new domain information is straightforward, requir-
ing only a single descriptive sentence.

Let S = {xs,ys|1 < s < Ngo} denote source domain
data with Ng,.. image-annotation pairs, ds is source domain
description, and D, = {d;|1 < t < N4} be target do-
main descriptions where Ny is the number of possible do-
mains. We first augment input image x; from source domain
using augmenter 7 and pass through a module F; which
projects image x4 to the feature space where feature-level
learnable augmentation will be applied. The augmentation
process in this space can be described as follows:

fs = ]:1(7-(1'5))7 (1)
f/:AdaIN(fs,/,Lt,Ut)+at7 (2)

where u; and o; are learnable style augmentation pa-
rameters, a; is learnable addition augmentation, and
AdaIN(z,p,0) = p+ o=

The augmented feature f” is projected to image-text joint
hyperspace through the second module F; to obtain final
feature f that is expected to have target domain characteris-
tics and share the space with text representation. The target
domain characteristics can be learned by minimizing cosine
loss between f and f*, which is computed via combining
image feature and text features. Note that our feature ex-
tractors 1 and F5 is not jointly learned with text encoder,
they can still used for training learnable augmentations that
improves model generalizability. The procedure for training

learnable augmentation parameters can be written as:

f=Fa(f), 3)
f5=Fao(fs) + Etat(di) — Erar(ds), €]
ﬁaug:Cos(fvf*)+a'll(faf2(fs))7 (5)

where &, is the CLIP text encoder, and « is a weight pa-
rameter which is set to 1 in our work. Algorithm | briefly
shows the overall procedure of learning text-driven feature
augmentation parameters.

Algorithm 1 Training Text-driven Feature-level Augmentation

1: Input: Source image x,, domain description set D,
augmentation parameters {0, a;}, image feature
extractors Fi, Fa, text encoder &, image augmenta-
tion module 7, loss weight parameter «

2: Output: Learned parameters {/it, 5+, dz }

3. Initialize variables: {y:} < 0, {o+} < 1, {a:} < 0
4: Extract image feature: fs = F1 (7 (z5))

s: Source domain text features: d, = E;p¢(ds)

6: for ¢ in Ny do

7. Feat. augmentation: f; = AdalN(fs, i, 0¢) + az
8:  Feat. projection: f = Fa(f!)

9:  Target domain text features: d; = E;,(d;)

10:  Algebraic operations: f* = Fa(fs) +di — ds

11:  Compute loss: cos(f, f*) + a -1 (f, Fa(fs))

12:  Update i, oy, at

13: end for

—
»

Return results: {fi;, o, 4 }

3.3. Training Object Detection Model

After training dual-space augmentations that reflect po-
tential target domain characteristics, the detector can learn
generalizable representations. For image-level augmenta-
tion, we follow the same process but apply additional tech-
niques for feature-level augmentation to enhance feature
representation learning. Feature augmentation is applied af-
ter the second layer of the backbone network by inject-
ing neural features and incorporating additional augmen-
tation parameters. The augmented features are then con-
catenated with the pre-augmentation features and passed
into the subsequent layers. By concatenating original and
augmented features along the batch dimension, the model
learns both feature types simultaneously and enforces con-
sistency between them. This combined mini-batch intro-
duces diversity, allowing the model to generalize across do-
mains while maintaining prediction consistency. We exper-
imentally show that feature-level augmentation alone may
decrease performance, but when combined with image-level
augmentation, it significantly improves generalizability.

Since our learned feature augmentations are guided by
the CLIP text encoder, we adopt a loss function L.j;p-+ from



Noise Blur Weather Digital
Method Avg.
Gauss. Shot Impulse Defocus Glass Motion Zoom Snow Frost Fog Bright Cont. Elastic Pixel JPEG
OA-DG [17] ‘ 82 10.6 8.4 246 205 223 4.8 6.1 250 384 397 32.8 402 238 220 ‘ 21.8
Baseline 114 153 9.8 39.1 29.8 313 6.9 6.0 192 41.0 458 334 520 449 394 | 284
Ours 121 156 112 404 306 327 6.6 6.4 20.1 41.7 458 356 529 456 414 | 29.2
Table 1. Quantitative Comparison. Domain-wise mAP@0.5 performances on test set of Cityscapes-C [28] dataset.
[38], which minimizes cross-entropy between features ex- Method Day | Night Dusk Night Day Ave.

tracted by the detector and text features of the correspond-
ing instance descriptions. Although our dual-space augmen-
tation is designed to retain spatial and content integrity,
it may still confuses the model. Therefore we apply fore-
ground contrastive loss L.,; which focuses on object fea-
tures rather than domain differences to mitigate this effect.
This loss minimizes Euclidean distance between features of
the same class, regardless of domain, while maximizing the
distance for different classes. Our experimental results show
the effectiveness of L., despite its simplicity in counting
distances between foreground objects only, differing from
complicated losses that consider background objects. How-
ever, minimizing or maximizing feature distances based on
class labels can be harmful when predictions are noisy, par-
ticularly in the early training stages. To address this, we re-
strict the contribution to L..,,; to features with a confidence
score above a certain threshold and whose predicted class
matches the ground truth label. This restriction initially lim-
its the number of contributing features but gradually allows
more features to contribute as training progresses.
The overall training loss is described as:

L= £det + wy - [fclip—t + ws - Ecnta (6)

where Lg4.: represents the conventional detection loss in-
cluding box regression and classification losses, L;ip-+ and
L cnt denote the clip-t loss and contrastive loss, respectively,
with w; and wy as their corresponding weight parameters
which we used 1 for both of them in our work.

After the training process, no further augmentations are
required to perform object detection on unseen domains.
Despite having no access to images from those domains,
the model demonstrates high performance due to the gener-
alizability learned through dual-space augmentations.

4. Experiments

In this section, we describe the setting used for our ex-
periments and show the effectiveness of proposed training
scheme.

4.1. Setup

Dataset. Following prior works [10, 17,24, 38], we report
mAP under a 0.5 IoU threshold using the Diverse-Weather
Dataset (DWD) [44], the Cityscapes-C dataset [28], and

sunny | sunny rainy rainy foggy

Cyclic-SD [44] | 56.1 366 282 166 335 28.7
CLIP-G [38] 52.6° 369 323 187 385 31.6
OA-DG [17] 55.8 380 339 168 383 31.8
G-NAS [46] 58.4 450 351 174 364 335
U-FRCNN [24]| 58.6 40.8 332 192 39.6 332
DivAlign [10] 52.8 425 381 241 372 355
Prompt-D [18] | 53.6 385 337 191 390 32.6

Ours | 641 | 473 397 224 389 | 371

FThe performance of official weight tested on local environment.

Table 2. Quantitative Comparison. Domain-wise performance
on DWD [44].

the Foggy Driving dataset [35]. DWD consists of five sets
of images collected under different environmental condi-
tions: daytime sunny (27,708 images), night sunny (26,158
images), dusk rainy (3,501 images), night rainy (2,494
images), and daytime foggy (3,775 images). The dataset
was derived from BDD-100k [48], synthetic rainy versions
[45], Foggy Cityscapes [35], and Adverse-Weather dataset
[13]. The Cityscapes-C dataset is a benchmark built upon
Cityscapes dataset [9], featuring 19 different transforma-
tions across 5 severity levels, resulting in 95 types of manip-
ulations and a total of 47,500 images. The dataset is divided
into a validation and a test set, where we evaluate our model
on the test set following [17]. The Foggy Driving dataset is
a real-world dataset that contains 101 foggy images, with
51 images collected by a phone camera and 50 images from
web.

Implementation Details. We utilized the PyTorch library
and two Nvidia AS000 GPUs for our training steps. The
learnable augmentations were optimized over 200 epochs
with a batch size of 16 and a learning rate of 4e-4 using
the AdamW optimizer. The detection model was trained for
20 epochs with a batch size of 2, while all other settings
remained unchanged. Contrastive loss is computed based
on Euclidean distance between two vectors from the output
of transformer encoder, maximizing inter-class distance and
minimizing intra-class distance regardless of augmentation,
considering only foregrounds. We applied margin of 0.5 for
maximizing inter-class distance.

Augmentation Details. For image-level augmentations, we
applied Gaussian blur, Gaussian noise, Poisson noise, and
JPEG compression. The order of augmentations was ran-
domized for each iteration, except for JPEG compression,



Figure 3. Qualitative Comparison. To evaluate performance on unseen domains, our model was trained using only Cityscapes images. The
top row shows results from the baseline detector, while the bottom row displays the results from proposed method on Cityscapes-C [28].

Method | bus bike car motor person rider truck | mAP

Method | bus bike car motor person rider truck | mAP

Cyclic-SD [44] | 68.8 50.9 539 56.2 418 524 68.7 |56.1
CLIP-G' [38] | 55.0 47.8 67.5 467 494 468 54.7 |52.6
U-FRCNN [24]| 66.8 51.0 70.6 55.8 49.8 48.5 674 |58.6

Ours ‘63.2 53.6 849 550 678 57.7 662 ‘64.1

+The performance of official weight tested on local environment.

Table 3. Quantitative Comparison. Class-wise performances on
daytime-sunny domain of DWD [44].

which was always applied last. The kernel size for Gaus-
sian blur was randomly selected between 7 and 25, with the
o value chosen between 0.0 and 2.8. Gaussian noise was
randomly generated as either RGB or grayscale, with a zero
mean and a standard deviation randomly selected between
2= and 5. Poisson noise is applied with a probability of
0.1. For feature-level augmentation, we used CLIP to ex-
tract text features from a total of 33 domain descriptions,
which included weather, time of day, and noise conditions,
to maximize generalization ability.

4.2. Performance

4.2.1 Comparison with Other Models.

We compared our work with several state-of-the-art single-
DGOD methods, which demonstrated the effectiveness of
our proposed framework. Results of other papers are di-
rectly imported from reported numbers except noticed ex-
plicitly. Table 1 shows comparison of previous state-of-the-
art [17], baseline model, and our proposed model perfor-
mance using Cityscapes-C dataset [28]. Our method out-
performs comparing methods at 13 types of corruptions,
achieving an average mAP of 29.2%. Noticeable point is
that our baseline model shows better performance compared
to the previous state-of-the-art [ | 7] which strongly supports
our argument on necessity of replacing backbone network
to a recent model. Fig. 3 visualizes the test results of the
baseline and the proposed method across various corrupted
domains.

Table 2 shows a comparison of our model and single-
SGOD methods including Cyclic-SD [44], CLIP-G [38], G-

Cyclic-SD [44] | 40.6 35.1 50.7 19.7 347 32.1 434 | 36.6
CLIP-G [38] 377 343 580 192 37.6 285 429 | 369
G-NAS [46] 469 40.5 675 265 507 354 478 |45.0
U-FRCNN [24]| 43.6 38.1 66.1 14.7 49.1 264 47.5 |40.8
Prompt-D [18] | 40.9 35.0 59.0 213 404 299 429 | 385

Ours |49.2 392 733 244 572 357 522|473

Table 4. Quantitative Comparison. Class-wise performances on
night-clear domain of DWD [44].

Method ‘ bus bike car motor person rider truck ‘ mAP

Cyclic-SD [44] | 37.1 19.6 509 134 19.7 163 40.7 | 282
CLIP-G [38] 37.8 22.8 60.7 16.8 268 18.7 424 | 323
G-NAS [46] 446 223 664 147 321 19.6 458 | 35.1
U-FRCNN [24]| 37.1 21.8 679 164 274 179 439 |332
Prompt-D [18] | 39.4 252 609 204 299 165 439 |33.7

Ours | 45.6 26.8 758 160 403 223 511|397

Table 5. Quantitative Comparison. Class-wise performances on
dusk-rainy domain of DWD [44].

NAS [46], U-FRCNN [24], and Prompt-D [18] on domains
provided in DWD. Our method shows strong performance
on mAP, achieving an average of 37.1% which outperforms
the previous state-of-the-art by 1.6% mAP. We also com-
pare class-wise performances across each domains at fol-
lowing tables, note that the comparison is done only if per-
class results exist. As shown in Table 3 which depicts results
on daytime-sunny (source) domain, our model outperforms
previous works with a large margin on car and person class
which occupy 82% and 10% of all annotations, respectively,
while shows relatively weak performance on motor (mo-
torcycle) class which occupies only 0.45%. This tendency
is due to the class-imbalance characteristic of specific data
and the fact that transformers are data-hungry, which can
be resolved by applying additional techniques that mitigates
class imbalance in the training dataset.

Night-clear domain. Table 4 shows results on the night-
sunny domain of DWD. Our method shows better perfor-
mance compared to previous works for 5 classes. As a re-
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Figure 4. Qualitative Comparison. To evaluate performance on unseen domains, the model was trained using only daytime-sunny images.
The top row shows results from the baseline model, while the bottom row displays the results from proposed method on DWD [44].

Method | bus bike car motor person rider truck | mAP

Method ‘ bus bike car motor person rider truck ‘ mAP

Cyclic-SD [44] | 244 11.6 295 9.8 105 114 192 | 16.6
CLIP-G [38] 28.6 12.1 36.1 92 123 9.6 229 | 187
G-NAS [46] 286 98 384 0.1 13.8 9.8 214|174
U-FRCNN [24]| 299 11.8 36.1 94 131 105 233 | 192
Prompt-D [18] | 25.6 12.1 358 10.1 142 129 229 | 19.1

Cyclic-SD [44] | 32.9 28.0 48.8 29.8 325 382 24.1 |335
CLIP-G [38] 36.1 343 58.0 33.1 39.0 439 251 |385
G-NAS [46] 324 312 577 319 38.6 385 245|364
U-FRCNN [24]]| 36.9 35.8 61.7 33.7 395 422 275 |39.6
Prompt-D [18] | 36.1 34.5 584 333 405 442 262 |39.0

Ours |33.1 18.6 470 39 198 85 256 |224

Ours |35.0 30.6 64.2 286 433 427 27.6 |389

Table 6. Quantitative Comparison. Class-wise performances on
night-rainy domain of DWD [44].

sult, our framework achieved 46.9% mAP gaining 2.3%
mAP compared to the previous state-of-the-art. The left col-
umn of Fig. 5 shows that the proposed method has better
detection performance compared to the baseline.

Dusk-rainy domain. Table 5 shows results on the dusk-
rainy domain of DWD. All classes exceed compared meth-
ods except motor which is the rarest class, resulting in
39.7% mAP. In the right column of Fig. 5, the proposed
method also shows superior detection, particularly for peo-
ple and buses, when compared to the baseline.

Night-rainy domain. Table 6 shows results on the night-
rainy domain, which is the most challenging set in DWD
where all previous single-DGOD methods consistently
showed poor performance. Even though the results of motor
and rider classes show low scores, our method still demon-
strates strong performance, achieving 22.4% mAP. The left
half of Fig. 4 shows that the proposed method demonstrates
better detection performance compared to the baseline.

Daytime-foggy domain. Table 7 shows results on the
daytime-foggy domain of DWD. In this domain, our method
showed slightly lower performance than the previous state-
of-the-art, achieving 38.9% mAP which is 0.7% mAP be-
hind. Classes with a minor number of annotations, such as
bus, bike, motor, and rider, where their combined portion
is 3.6% of all boxes, lowered the overall result. In the right
column of Fig. 4, both the baseline and the proposed method
show a certain level of performance, but challenges remain

Table 7. Quantitative Comparison. Class-wise performances on
daytime-foggy domain of DWD [44].

in areas with very dense fog.

Real-world foggy domain. We also evaluate our model in
a real-world setting using Foggy Driving [35] dataset. Fig.
6 visualizes results of baseline and proposed method. Table
8 shows quantitative results, indicating that our method im-
proves detection performance under challenging real-world
condition.

4.2.2 Ablation Study

We conducted an ablation study to validate the effective-
ness of our proposed training framework, particularly fo-
cusing on how the combination of two types of augmen-
tation significantly enhances generalization performance,
even though one component may degrade performance
when applied alone. Table 9 presents the results, where IA,
FA, and cont refer to image-level augmentation, feature-
level augmentation, and contrastive loss, respectively.

Analysis of augmentations. As shown in the first two
rows of Table 9, our simple image-level augmentations,
comprising blur, noise, and JPEG compression, improved
model generalizability by an average of 1.1% mAP across
four unseen domains. This result demonstrates that even
lightweight transformations of input images can yield no-
ticeable improvements in the single-DGOD problem.

Analysis of training design. As seen in the fourth row
of Table 9, combining image-level and feature-level aug-
mentations improved performance by 1.8% compared to the
baseline, despite the decrease observed when using feature-
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Figure 5. Qualitative Comparison. To evaluate performance on unseen domains, our model was trained using only daytime-sunny images.
The top row shows results from the baseline detector, while the bottom row displays the results from proposed method on DWD [44].

Figure 6. Qualitative Comparison. Results of baseline (left) and
our model (right) on Foggy Driving [35] dataset.

Method ‘ bus bike car motor person rider train truck ‘ mAP

Baseline | 45.8 474 58.1 92 283 188 1.1 49.5|323
Ours 46.1 426 583 101 223 251 59 494|325

Table 8. Quantitative Comparison. Class-wise performances on
Foggy Driving [35] dataset.

level augmentation alone. This result indicates that our pro-
posed framework, which leverages both types of augmenta-
tion simultaneously, compensates for the limitations of each
method. Notably, the result in the fourth row is 0.7% higher
than that of image augmentation alone. The last row shows
the complete model, where the contrastive loss is added to
both image and feature augmentations, achieving an aver-
age mAP of 37.1%, a significant improvement of 2.6% over
the baseline.

5. Discussion and Limitation

There is potential for further expanding the proposed
image-level augmentation techniques. While our current ap-
proach focuses on enhancing model robustness, more ad-
vanced augmentation methods could be developed to model
specific target domain conditions, such as various weather
scenarios. Additionally, there is room to expand the range
of text domain descriptions.

A limitation of our approach, inherent to Transformer-
based models, is their reliance on large datasets. This issue
becomes evident when dealing with class imbalance, where

Components Night Dusk Night Day Ave

IA FA cont sunny rainy rainy foggy
X 45.1 354 16.7 40.7 34.5
X 46.1 37.8 194 392 35.6
4577 350 16.8 392 34.2
X 474 389 20.7 383 36.3

v v / ‘ 473 39.7 224 389 371

N Xx N\ %
NN % X%
x

Table 9. Ablation study of the proposed training components on
DWD [44]. IA, FA, and cont refers to image-level augmentation,
feature-level augmentation, and contrastive learning, respectively.

performance on minority classes remains suboptimal. This
limitation is clearly reflected in the class-wise performance
(Table 5 and 6). It can be viewed as trade-off introduced by
using transformer-based architecture as our baseline model.

6. Conclusion

In this paper, we propose a novel framework that com-
bines both image-level and feature-level augmentations,
distinguishing our approach from previous studies. We uti-
lize the CLIP text encoder to project unseen target domain
characteristics into the feature space through neural style
injection and algebraic operations, while image-level aug-
mentations compensate for the bias introduced by feature-
level modifications. To mitigate potential disruptions from
these augmentations, we incorporate a foreground con-
trastive loss and demonstrate its effectiveness. Experimental
results show that our method significantly improves gener-
alizability in the object detection field. For future work, we
aim to develop more effective ways to represent unseen do-
main characteristics.
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