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Abstract. Recent advancements in object detection models heavily depend on annotated data, 

which often requires substantial time and resources to gather. To tackle this challenge, the field 

of unsupervised domain adaptive object detection focuses on adapting detectors trained on a 

labeled source domain for effective use in an unlabeled target domain. However, this process 

faces challenges such as high computational demands and instability in training, due to the 

significant discrepancies between domains. Our paper presents an efficient Sequential Domain 

Adaptive Network (SDAN) designed to incrementally minimize these domain differences. The 

network effectively mitigates the disparities in both initial and subsequent phases. We utilize the 

Fourier transform for spectrum switching, eliminating the need for training in this stage. To 
further address the issue of domain shift, the model employs unsupervised adversarial learning 

for the alignment of varying feature distributions. Extensive experiments demonstrate that our 

model exhibits strong performance against the most advanced domain adaptive object detection 

models currently available. 

Keywords: Object detection, Unsupervised domain adaptation, Fourier transform, Adversarial 

learning 

1.  Introduction 

Objection Detection, aiming to localize and classify the objects, holds significant societal implications 

across various domains, encompassing security like surveillance, and automated driving. Most objection 
detection methods[1][2] rely on processing large amounts of densely annotated data, which can be quite 
time-consuming and require a significant amount of manual effort. Moreover, the performance of 
models trained on specific data domains often diminishes significantly when applied to different data 
domains, a decline attributed to large data biases and discrepancies between different domains like 
colors, weather, and lighting conditions[3][4][5]. 

Overcoming these limitations can be achieved through the method of Unsupervised Domain 

Adaptation (UDA)[6][7]. This technique allows a model initially trained on an annotated source domain 
to effectively operate in a different, unlabeled target domain. However, numerous methods were 
invented to solve one complicated problem about semantic segmentation[8][9][10], while only a limited 
number of methods were designed on another complicated task- objection detection[11]. What’s more, 
although UDA can mitigate several problems, it’s not without its drawbacks when it meets large domain 
gaps[12], leading to unsteady training processes and sub-optimal results. 

In our research, we introduce a Sequential Domain Adaptation Network(SDAN) shown in ‘figure 1’, 
which simplifies complex domain adaptation tasks into a two-step process but without a significant 
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increase in computational demands.  Initially, the  model employs the  Fast  Fourier Transform  (FFT) 
technique[18] for a Fourier Transform, replacing the source domain’s low-frequency components with 
those from the target domain. This phase effectively minimizes the distributional differences between 
source and target datasets while eschewing the use of deep neural networks or adversarial training. 

Following this, the model integrates an Uncertainty-Aware Adversarial Learning approach, which 
mitigates the misalignment of styles between the source and target domains while preserving semantic 
content. 

 

Figure 1. The proposed successive Domain Adaptive Architecture. The algorithm consists of two 
domain adaptive phases and one object detection phase: In Spectrum Switching, we employ the Fourier 
transform to replace source style information with target style information to minimize distribution 
differences. In the Adversarial Learning Phase, we use GAB in CycleGAN to produce the generated target 
style source image. In the third step, we use those images with source tags to train the Yolov8 algorithm 

and test it on target images without any tags. 

We evaluate our method on two domains PASCAL VOC 2012[13] and Clipart1k[14] each 
characterized by significant domain gaps. The proposed sequential method demonstrates our SDAN has 
superior performance over current state-of-the-art methods, indicating that our approach overcomes 
existing limitations with enhanced efficiency in domain adaptation. Our contributions can be the 

following: First, we have introduced an efficient sequential method that requires minimal adversarial 
training and network resources, yet significantly improves the process of aligning feature distribution 
differences. Second, we have carried out comprehensive adaptation experiments across two domains, 
each characterized by significant domain gaps, and have successfully achieved state-of-the-art 
performance. 

2.  Related Work 

2.1.  Object Detection 
Recently, most state-of-the-art object detection models have generally split into two streams: proposal- 
based and proposal-free models. Proposal-based methods like Fast R-CNN[15] first generate region 

proposals and then classify them for final detection results. To further accelerate the process and reduce 
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computational consumption, proposal-free models like YOLO[16] eschew separate proposals by 
retrospecting the coordinates of predefined anchors and simultaneously classifying categories. However, 
most of them still use a large number of labeled trainings which requires a high labor cost. What’s more, 
due to a large number of discrepancies, this model can overfit labeled source data while having bad 

performance in unlabeled target data. Therefore, in this paper, we focus on the invention of cross-domain 
object detection technology. 

2.2.  Domain Adaption 
Domain Adaption addresses the challenge of domain shift by bridging the gap between a well-labeled 
source domain and a weakly-labeled target domain. Domain adversarial learning[17] plays a key role in 

domain adaptive methods. Most recent approaches typically involve employing adversarial learning to 
align the differing data distributions of the source and target domains. Furthermore, owing to the 
potential loss of semantic information in spatial translations, the application of the Fast Fourier 
Transform (FFT) technique[18] has gained great interest. By selectively modifying frequency 
components, it can conserve semantic content to the maximum extent[10]. Therefore, in this paper, we 
leverage this frequency domain adaptation approach in the first stage of our process to minimize the 
cross-domain discrepancy. 

3.  Methods 

This section describes our approach, including two sections on problem definition and the specific 
structure of the model. 

We propose to disintegrate domain adaptation tasks into two subtasks, denoted as S1  and S2. We 

define source images, intermediate images, and target images as XS∈ RH×W×3 , XD∈ RH×W×3 and XT  ∈ 

RH×W×3 respectively. The object labels related to XS can be denoted as YS = {CS , BS}. The CS∈ (1, C)N  

and BS∈ (1, C)N×4 represent object classes C and bounding box coordinates respectively, where H, W, 

N represent image height, image width, and the class number of objects respectively. The objective of 
conventional domain adaptation G(XS , XT ) can be expressed in SDAN as equation (1): 

𝐺(XS, XT) = S1(XS, XD) + S2(XD, XS) (1) 

This objective aims to generate a high-performing cross-domain detector G by utilizing {XS, YS, XT} 
with the assistance of XD. 

3.1.  Spectrum Switching 
In the first stage, as illustrated in the Spectrum Switching Phase of ‘figure 1’, the FFT algorithm converts 

images from the spatial domain to the frequency domain as equation (2). Here, the amplitude and the 
phase are defined as in equation (3) and equation (4), respectively. The variables u and v represent the 
spatial frequency coordinates in the x and y directions, respectively, where x and y represent the pixel 
coordinates. 

𝐹(𝑢, 𝑣) = 𝐴(𝑢, 𝑣) · 𝑒𝑖𝜙(𝑢,𝑣) (2) 

𝐴(𝑢, 𝑣) = |𝐹(𝑢, 𝑣)| = (Re(𝐹(𝑢, 𝑣))
2

+ Im(𝐹(𝑢, 𝑣))
2

))
1/2

(3) 

𝜙(𝑢, 𝑣) = arctan 2 (Im(𝐹(𝑢, 𝑣)),Re(𝐹(𝑢, 𝑣))) (4) 

Subsequently, the amplitude in the source domain is replaced with that in the target domain, 
controlled by the parameter β. This parameter β, ranging from 0 to 1, specifies the frequency range to 
be replaced from 0 to β. Choosing an appropriate β is crucial, as a too-large value can alter the semantic 
content of the source images. The final step involves using the Inverse FFT to reconstruct the source 
images in the target style. This overall process is notably efficient, as it does not require adversarial 
training or labeled data. The reconstructed images significantly reduce distribution discrepancies. 
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3.2.  Adversarial Learning 
The second stage, depicted in the Adversarial Learning Phase of ‘figure 1’, employs adversarial 
learning[6] to further reduce the feature discrepancies. Our aim is to refine GAB  such that it generates 
images that the discriminators DS find challenging to differentiate from real target images XT . 

The output images from the Spectrum Switching Phase serve as the source images for this subtask. 
The training process involves GAB , which generates fake target images XST from source images. 

Subsequently, GBA generates a reconstructed version of the source image, denoted as 𝑋𝑆

′
. This allows 

for the calculation of discrepancies between XS  and 𝑋𝑆

′
, which aids in the refinement of the GAB  model. 

The loss functions for these components are expressed as equation (5): 

𝐿𝑆→𝑇(𝐺, 𝐷𝑇 , 𝑋𝑠, 𝑋𝑇) = 𝐸[log(𝐷𝑇(𝑋𝑇))] + 𝐸 [log (1 − 𝐷𝑇(𝐺(𝑋𝑆)))] (5) 

where G represents a generator from XS to XT. We also utilize reversed processes from the target 
domain to generate the source domain, which can further help us improve our GAB model. The loss of 

these parts can be shown as equation (6): 

𝐿𝑆→𝑇(𝐺, 𝐷𝑇 , 𝑋𝑠, 𝑋𝑇) = 𝐸[log(𝐷𝑇(𝑋𝑇))] + 𝐸 [log (1 − 𝐷𝑇(𝐺(𝑋𝑆)))] (6) 

where G represents a generator from XS to XT. Therefore, the overall loss function L can be shown as 
equation (7): 

𝐿 = 𝐿𝑆→𝑇(𝐺, 𝐷𝑆 , 𝑋𝑆, 𝑋𝑇) + 𝐿𝑇→𝑆(𝐹, 𝐷𝑇 , 𝑋𝑆, 𝑋𝑇) (7) 

Subsequently, we train the object detector using the synthetic source images XST styled to resemble 
the target, accompanied with their corresponding source label information YS = {CS , BS}. This process 

showcases the exemplary performance of our model. 

4.  Experiments 

4.1.  Datasets 

Our methodology involves training our model across two  divergent domains: utilizing PASCAL 
VOC2012[13] as the annotated source training set and Clipart1k[14]as the non-annotated target training 
set. For assessing the efficacy of various methods, we leverage the validation subset from the target 
dataset. Both datasets include the same object categories, maintaining uniformity in the object detection 
challenges. 

• The PASCAL VOC2012[13] dataset presents a multifaceted real-world scenario, containing 5,717 
images for training and 5,823 for validation. This dataset provides bounding box annotations over 20 

unique classes. 
• The Clipart1k[14] dataset comprises 1,000 caricature-like images, segregating 800 for training and 

200 for validation. These artistically created images display stark contrasts to real-world imagery and 
are annotated with bounding boxes for the same 20 classes as found in PASCAL VOC2012[13]. 

4.2.  Experiments Results 

In this research, we employ YOLOv8 as a benchmark to evaluate the prowess of our proposed model, 
SDAN. Our assessment spans across markedly diverse data realms: PASCAL VOC 2012, a dataset 
reflective of real-world environments, and Clipart1k, which encompasses a number of handcrafted 
images. The relative performance of SDAN in comparison to other cutting-edge models is 
comprehensively presented(seen in table 1). Specifically targeting the task of adaptation from PASCAL 
VOC to CLIPART1K, we measure the Average Precision (AP%) for individual object categories and 
the Mean Average Precision (MAP%) across all categories within the CLIPART1K validation dataset. 

Additionally, we provide visual representations of some image detection outcomes in ‘figure 2’. 
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Table 1. Partial quantitative comparison of SDAN with state-of-the-art domain adaptive methods. 

Methods aero bicy bird bott car cat pers plant sheep sofa train tv table mAP 

Source-only 4.5 75.2 31.5 5.0 64.7 6.9 49.8 52.1 9.6 20.7 34.7 21.8 32.7 31.2 

CRDA[20] 7.9 50.7 33.2 13.2 68.4 3.2 68.8 55.7 15.3 27.8 15.0 30.7 30.1 37.7 

GPA[21] 12.5 54.8 40.6 17.1 71.6 4.5 63.4 58.9 13.9 11.4 45.0 31.9 21.9 38.6 

UaDAN[11] 35.0 72.7 41.0 21.3 69.8 2.3 62.2 61.3 13.9 7.6 48.6 23.9 31.0 40.2 

SDAN(Ours) 26.6 72.3 33.9 49.3 55.2 23.2 62.9 43.4 21.6 36.5 47.8 45.6 46.4 43.9 

 

Figure 2. Visual Representations of Some Image Detection Outcomes. 

5.  Discussion 

As illustrated in Fig, our SDAN model attains a peak accuracy with a mean Average Precision (mAP) 
of 43.9%. Impressively, SDAN outshines in 8 specific categories, including ’bott’, ’table’, and ’tv’, 
achieving the top mAP scores in these classes. Particularly noteworthy is the performance in 
categories like ’bott’ and ’tv’, where our model reaches an accuracy of 49.3%, surpassing other 
models by a significant 20% margin. Additionally, in ‘figure 3’, we utilize t-SNE[19] for a graphical 
depiction of how our model progressively reduces the disparities between the source and target domains. 
This visualization effectively demonstrates the sequential improvement stages inherent in SDAN’s 
design. Consequently, these results demonstrate the superiority of SDAN over current leading domain 

adaptive object detection models. 
Nevertheless, two experimental data fields belong to a less-represented category. This poses a 

challenge as model performance can substantially decline when handling a broad spectrum of classes. 
Additionally, while the initial stage of our model does not require training, the process of converting 
images in the second stage is time-consuming. Thus, there remains ample scope for future advancements 
in developing models that are both more robust and user-friendly. 

6.  Conclusion 

The article introduces a novel approach for unsupervised domain adaptation using a sequential domain 
adaptation network. The method includes a two-stage algorithm that effectively bridges significant 
disparities between two domains. It begins with spectrum switching, which uniquely operates without 
training in the frequency domain, followed by adversarial learning that enhances the algorithm’s 
effectiveness. The superior performance of this approach is demonstrated through a series of 
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experiments across two highly distinct feature data domains. Future research endeavors will 
concentrate on scaling this methodology to encompass cross-domain datasets including an extensive 
range of categories. 

 

Figure 3. Visualization of features 
distribution via t-SNE[19]. We randomly 
choose 500 images of each domain. Each 
dot represents an image, demonstrating 
how our algorithm sequentially aligns 
different distributions. ’stage1’ refers to 
the image features following Spectrum  

Switching, while ’stage2’ denotes the  
image features after undergoing 

Adversarial Learning. 
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