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Abstract. Image processing has been a fundamental research problem in the computer vision 
community, which aims to construct models to recognize the content in a given image. With the 
accuracy and speed of image recognition have been making breakthroughs in recent years, yet the 
problems of model adaptation and generalization are still challenging topics. Adaptation problems 
involve the effective transfer of knowledge learned in one domain to another domain, despite 
distribution differences between them, to enhance the model's performance in the target domain. On 
the other hand, generalization problems refer to how well the model adapts the knowledge acquired 
from the training dataset to previously unseen, new data samples, i.e., its performance on the test 
dataset. This review focuses on mainstream methods and their effectiveness in addressing 
adaptation and generalization issues in the current image processing domain. It analyzes the existing 
challenges and proposes potential solutions, further exploring how to improve the model's 
expressive power while maintaining its generalization performance. 
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1. Introduction 

In the field of computer vision, image processing has always been an important and challenging 
research direction. However, these models still face many challenges in practical applications, with 
one major issue being a decrease in model performance in different domains or environments. For 
example, when transferring a model from one dataset or task to another, a significant drop in 
performance may occur, known as the domain adaptation problem. Additionally, models may 
experience performance degradation when handling test data from different distributions, referred to 
as the generalization problem.  

In the field of image processing, adaptation and generalization problems are two important 
research directions [1-2]. The adaptation problem holds significant practical importance in the real 
world because, in many cases, obtaining sufficient labeled data in the domain is challenging, while 
leveraging data in related domains can aid in learning [3-5]. On the other hand, the generalization 
problem [6] refers to how well the model's learned knowledge from the training set adapts to 
previously unseen, new data samples, specifically its performance on the test dataset. The 
generalization problem is a classic challenge in the field of machine learning, as models tend to overfit 
the training data during the learning process, resulting in poor performance on the test data. 

Addressing the adaptation problem requires overcoming domain shifts problem, which may arise 
because of differences in data distribution or feature mismatch. To achieve effective knowledge 
transfer, researchers have proposed various domain adaptation methods, such as GANs and domain 
alignment techniques. These methods aim to establish shared feature representations between 
domains, enabling the model to generalize better to unseen data in the target domain. For the 
generalization problem, the key lies in controlling the model's complexity to reduce the risk of 
overfitting. Techniques such as regularization, cross-validation, and data augmentation are widely 
used to enhance the model's generalization performance.  

Within the realm of image processing, particularly when addressing challenges related to 
adaptation and generalization, there exists several prominent methodological categories [7-8]. These 
encompass: (1) Domain-Based Adaptation Methods. These methods focus on how to enhance a 
model's performance by establishing shared feature representations. Representative methods include 
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Domain-Adversarial Neural Networks (DANN), Generative Adversarial Networks (GANs), and 
others. (2) Multi-Source Domain Adaptation Methods. These methods aim to gather data from 
multiple sources to better adapt to the target domain. Multi-source adaptation methods can enhance 
adaptability by utilizing data from multiple source domains, often through techniques like joint 
training and joint feature learning. (3) Feature Transformation-Based Methods. These methods focus 
on transforming or projecting features in a way that allows classifiers from the source to perform well 
in the target. This may involve techniques such as feature mapping between domains and feature 
selection. (4) Parameter Adjustment and Optimization Methods. These methods attempt to 
incorporate adaptability during model training by introducing domain adaptation constraints or 
objective functions into the optimization process. This may include modifying loss functions and 
adjusting weights. (5) Generalization Performance Enhancement Methods. For addressing 
generalization issues, methods include regularization, cross-validation, data augmentation, ensemble 
learning, and more. These techniques aim to reduce the risk of overfitting on training data, thereby 
improving model performance on previously unseen data. 

Focusing on the above five categories of representative solution ideas, based on the literature 
research, this paper focuses on the mainstream methods in the current image processing field and 
their effectiveness in solving the adaptation and generalization problems. Specifically, we introduce 
specific solutions to the adaptation and generalization problems, including their design ideas and key 
steps, in Section 2 and Section 3, respectively. In Section 4, we quantitatively compare the results of 
different approaches in order to discuss the performance bounds of representative approaches. Finally, 
the paper analyzes the existing challenges and proposes potential solutions, further exploring how to 
improve the expressiveness of the model while maintaining the generalization performance. 

2. Domain Adaptation Problem 

2.1. Overview of Domain Adaptation 

Obtaining datasets for each new task is costly and time-consuming, despite the tremendous success 
of large-scale deep learning and its enormous advantages in practical applications. Sometimes it may 
not be possible to get enough training data. Thankfully, the big data era offers a lot of data that can 
be used for different jobs and domains. Therefore, cleverly utilizing auxiliary data from related tasks 
can be beneficial in practical applications. 

Domain Adaptation, a particular instance of Transfer Learning, carries perform a new task using 
labeled input from one or more relevant source domains, mimicking the human visual system. To 
overcome domain changes between each domain, a number of shallow DA techniques have been 
presented. DL techniques based on neural networks have been widely used in visual categorization 
since the inception of deep learning, and the integration of deep learning with DA has become a 
current research trend. 

2.2. Differences and Challenges Between Domains 

Differences and challenges between domains come from various sources [9], including: (1) Data 
Distribution Differences. Data from source and target domains often exhibit different distributions. 
These differences may arise from data collection environments, scenes, or capturing devices. Due to 
distribution differences, a model that was developed for the source domain might not work well for 
the destination domain. (2) Feature Distribution Differences. Domain differences can also result in 
different features behaving differently in various domains. If a model overly relies on source-domain-
specific features, these features may no longer be effective in the target domain, affecting the model's 
generalization ability. (3) Label Distribution Differences: In supervised domain adaptation, labels 
may be distributed differently in the source and destination domains. This makes it challenging to 
directly used in a model trained before to the new domain. (4) Data Scarcity. Data scarcity may be 
existed. Due to this data scarcity, models in the target domain may not adequately learn the features 
and patterns of the target domain. 
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2.3. Solutions for Domain Adaptation 

2.3.1 Sample-Based Methods 

In sample-based methods, we aim to minimize target risk, focusing on domain adaptation within 
the sample space. Instance-weighting techniques in transfer learning, for instance, give different 
weights to samples in the source domain, enabling the model to pay more attention to examples that 
are more resemblant of the destination domain. The approach that connects the source distribution to 
the target risk R୘ is as follows:  

R୘ ൌ ∑ ׬ ℓሺhሺxሻ, yሻ
 

୶୷∈ଢ଼ p୘ሺx, yሻ dx ൌ ∑ ׬ ℓሺhሺxሻ, yሻ
 

୶୷∈ଢ଼
୮౐ሺ୶,୷ሻ

୮౏ሺ୶,୷ሻ
pୗሺx, yሻdx       (1) 

2.3.2 Feature-Based Methods 

In specific problem scenarios, a concealed transformation mechanism might be present, mapping 
source data to target data. Approaches [10-11] to domain adaptation that are based on features 
function by acquiring knowledge from both the target and source domains exhibit comparable 
representations. This, in turn, mitigates the divergence between target and source data. Within this 
shared feature space, the primary goal is to minimize the distribution discrepancy between the source 
and target domains, ultimately enhancing the capacity for generalization on the target domain. 

2.3.3 Inference-Based Methods 

Inference-based domain adaptation methods primarily focus on domain adaptation during the 
inference phase. For example, during testing, adjustments or transformations are applied to target 
domain input data to make it more consistent with the feature distribution of the source domain, 
thereby improving model performance. Similar methods include domain adversarial training and 
domain-weighted recursive prediction. 

2.3.4 Generative Adversarial Network (GAN)-Based Methods 

GAN-based methods are a powerful technique for solving various problems. GANs consist of a 
generator and a discriminator, which compete with each other, enabling the generator to produce 
high-quality samples, while the discriminator can accurately distinguish generated samples from real 
ones. 

In domain adaptation, GAN-based methods can be used for the purpose of generating instances 
from the target domain, thereby enhancing the variability of data within the target domain. The 
objective is to enhance the resemblance between the source and target domains within the feature 
space, ultimately contributing to the enhancement of the model's performance and adaptability on the 
target domain. 

3. Generalization Issues 

3.1. Generalization Concepts and Challenges 

The presumption that statistical learning algorithms heavily depend on is the independence and 
identical distribution of source and target data., neglecting circumstances that are frequently seen in 
practice that deviate from this distribution. This means that they do not account for domain shift 
problems, and models trained solely on source data typically perform significantly worse on target 
domains that fall outside the distribution. 

A fundamental obstacle to the widespread use of machine learning models is domain shift issues. 
Studies have demonstrated that even slight modifications in the data creation methods cause deep 
learning models to perform noticeably worse on OOD datasets. This highlights that the success 
achieved in deep learning so far largely relies on large, annotated datasets. Research on addressing 
domain shift has been widely conducted and domain adaptation is a direct solution. A fundamental 
obstacle to the widespread use of machine learning models is domain shift issues. Studies have 
demonstrated that even slight modifications in the data creation methods cause deep learning models 
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to perform noticeably worse on OOD datasets. In many applications, obtaining target data is 
challenging or even unknown before model deployment. In semantic segmentation for traffic scenes, 
collecting data that covers all possible scenarios and weather conditions is difficult. When dealing 
with data streams, models inherently need to be generalized. 

The idea of domain generalization has been established in order to overcome issues with domain 
shift and a lack of target data. By utilizing data from one or more similar but unique source domains, 
DG specifically seeks to make models generalize effectively to any OOD target domain.  

3.2. Model Overfitting and Underfitting 

Underfitting and overfitting are the most common problems in the generation issue. Underfitting 
refers to poor model performance on both training data and unseen test data. It typically occurs when 
a model is too simple to capture the complex relationships within the data. Overfitting means that a 
model performs well on existing data but poorly on unseen test data. This occurs when a model 
excessively encodes the specifics and irrelevant information from the training data, resulting in 
diminished ability to generalize when confronted with unfamiliar data. Overfitting can be due to a 
model being overly complex, limited training data, or the noise. 

3.3. Solutions for Generalization 

3.3.1 Domain Alignment 

Domain alignment improves generalization on the target domain by reducing distributional 
disparities between domains and assisting models in better adjusting to data from the target domain. 
Minimizing Maximum Mean Discrepancy, Domain-Adversarial Learning, and Multi-Task Learning 
are a few techniques. 

3.3.2 Meta-Learning 

A rapidly developing topic, meta-learning, commonly referred to as learning to learn, is used to 
solve numerous machine learning and computer vision issues. Meta-learning seeks to enhance future 
learning by drawing lessons from examples of related tasks. This method of drawing experience from 
numerous learning challenges typically involves a variety of connected tasks, and it makes use of this 
experience to improve subsequent learning performance. This "learning to learn" approach brings 
several benefits, including improved data and computation efficiency, alignment with human and 
animal learning strategies, and improvements across both an individual's lifetime and evolutionary 
timescales. 

3.3.3 Data Augmentation 

Data augmentation, especially for large parameter deep neural networks, is a frequent approach 
used to regularize the training of machine learning models, reducing overfitting and boosting 
generalization. By introducing more samples, the model can learn additional data patterns and 
features, leading to better performance on new data. Additionally, data augmentation helps mitigate 
sensitivity to noise and overfitting. 

3.3.4 Reinforcement Learning 

While not yet widely applied, reinforcement learning seems well-suited to address generalization 
problems in the visual domain. Combining reinforcement learning with self-supervised learning, data 
augmentation, and other methods can effectively improve the efficiency of these techniques. 

4. Quantitative Analysis 

To ascertain the efficacy of the existing representative work in improving the model’s applicability 
and generalization ability, this paper also implements a set of experiments to quantitatively evaluate 
the effect of different methods. Specifically, the cross-scene object segmentation task in an 
autonomous driving scenario is selected as the experimental target in this paper. In the field of 
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autonomous driving, cross-scene image processing refers to enabling autonomous driving systems to 
perform accurate image processing and analysis in various scenarios and environments. Since 
autonomous driving systems need to operate in a wide range of complex and diverse traffic scenarios, 
such as city roads, highways, rural roads, etc., cross-scene image processing has become a critical 
research direction to ensure the robustness and safety of autonomous driving systems. Using 
unsupervised domain adaptation (UDA) as an example, the following Figure 1 and Table 1 illustrates 
the accuracy of various methods. It can be observed that, MIC methods achieves higher accuracy and 
better performance in the same dataset domain transfer task. 

Table 1. Performance comparison of different methods on Cifyscapes dataset 
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Image         Baseline      RobustNet     ProDA      Fully supervused  Ground truth 

Figure 1. Segmentation results comparison of various methods on different datasets 
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5. Discussion 

5.1. Challenges and Issues 

In the current landscape of visual domain adaptation and generalization, several challenges and 
issues persist. The main difficulties are as follows: 

(1) Real-World Application Demands. In real-world scenarios, collecting and annotating large-
scale, representative datasets can be costly and challenging. The performance drop of models trained 
in one domain when applied to another domain restricts the transferability of algorithms. Therefore, 
research in domain adaptation and generalization methods can make image processing algorithms 
more practical. 

(2) Cross-Domain Applications. Image processing finds extensive applications in various domains 
such as medical imaging, autonomous driving, surveillance, etc. These domains often face issues 
related to differing data distributions, limiting the performance of existing algorithms. Research in 
domain adaptation and generalization methods can offer more robust and efficient solutions for these 
cross-domain applications. 

(3) Model Interpretability. When addressing domain adaptation and generalization problems, it is 
essential to consider how models handle variations in features across different domains. This also 
promotes research into the interpretability of deep learning models, further advancing the field of 
computer vision. 

(4) Algorithmic Improvements. Investigating domain adaptation and generalization problems can 
uncover limitations and issues within models, providing insights for algorithmic enhancements.  

(5) Out-of-Distribution (OOD) Issues in Domain Generalization. Exploring a model's performance 
on out-of-distribution (OOD) data and how to improve its generalization capabilities for unknown 
data. 

5.2. Solutions and Approaches 

For the aforementioned challenges, potential solutions and approaches may include: 
(1) Multi-Source Domain Adaptation Strategies: Attempting to improve model generalization by 

leveraging data from multiple source domains. 
(2) Potential of Meta-Learning: Applying meta-learning to adaptation and generalization problems 

to learn from samples of related tasks, thereby enhancing model performance and deployment 
efficiency. 

(3) Effectiveness of Generative Adversarial Networks: Using GAN-based methods in domain 
adaptation and generalization, involving the competition between generators and discriminators to 
help the model learn better representations for the target domain. 

(4) Data Augmentation and Model Robustness: Utilizing data augmentation techniques to enhance 
model generalization and robustness, especially when dealing with limited data. Assessing the impact 
of data augmentation on noise and outliers. 

6. Conclusion 

The paper emphasizes the significance of adaptation and generalization problems in image 
processing. Adaptation involves transferring a model from one domain to another to enhance its 
performance in the target domain. This is crucial in practical applications where obtaining sufficient 
target domain data is often challenging, and leveraging data from other domains is necessary for 
learning. On the other hand, generalization is the key challenge of ensuring that the knowledge 
learned by a model on the training set generalizes well to the test set. Various methods for adaptation 
and generalization problems have been categorized and discussed, including domain adaptation, 
multi-source adaptation, feature transformation, parameter tuning, and methods for enhancing 
generalization performance. These methods have been applied in various application domains such 
as medical image processing, autonomous driving, computer vision, and more. In medical image 
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processing, adaptation and generalization methods facilitate the transfer of knowledge across medical 
centers, improving model performance in new healthcare settings. In the field of autonomous driving, 
cross-scene image processing ensures the robustness and safety of autonomous driving systems across 
diverse traffic scenarios. In summary, adaptation and generalization problems are of great practical 
significance in image processing. Through continuous exploration of new methods and technologies, 
we can better address data distribution differences across different domains, improving the 
adaptability and generalization capabilities of models for better real-world performance. 
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