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Abstract: Domain shift is when the data used in training does not match the ones it will be applied to later on under similar conditions. Domain shift will reduce accuracy in results. To prevent this, domain adaptation is done, which adapts the pre-trained model to the target domain. In real scenarios, the availability of labels for target data is rare thus resulting in unsupervised domain adaptation. Herein, we propose an innovative approach where source-free domain adaptation models and Generative Adversarial Networks (GANs) are integrated to improve the performance of computer vision or robotic vision-based systems in our study. Cosine Generative Adversarial Network (CosGAN) is developed as a GAN that uses cosine embedding loss to handle issues associated with unsupervised source-relax domain adaptations. For less complex architecture, the CosGAN training process has two steps that produce results almost comparable to other state-of-the-art techniques. The efficiency of CosGAN was compared by conducting experiments using benchmarked datasets. The approach was evaluated on different datasets and experimental results show superiority over existing state-of-the-art methods in terms of accuracy as well as generalization ability. This technique has numerous applications including wheeled robots, autonomous vehicles, warehouse automation, and all image-processing-based automation tasks so it can reshape the field of robotic vision with its ability to make robots adapt to new tasks and environments efficiently without requiring additional labeled data. It lays the groundwork for future expansions in robotic vision and applications. Although GAN provides a variety of outstanding features, it also increases the risk of instability and over-fitting of the training data thus making the data difficult to converge.
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1  Introduction

In Convolutional Neural Networks (CNNs), a common method is supervised learning which necessitates using labeled source data to train on similar targeted data for predicting the outcome. However, in typical scenarios involving large-scale real-world applications, one often has access to extensive but not annotated data leading to unsupervised learning getting explored. However, unsupervised learning is still an active area of field while domain adaptation appears as a strategy for rapid training to its intended domains. One of these challenges is called the domain shift [1–4] and it entails training a model on source data so that it performs well on target data with slightly varying characteristics. Some scholars have addressed this problem by using techniques like labeled source/target data or labeled source/unlabeled target data [5–8]. In practice, many realistic cases involve applying Unsupervised Domain Adaptation (UDA) to minimize distribution mismatches using unlabeled target instances [9]. Nevertheless, earlier UDA work usually utilizes both source and target datasets hence requiring us to adapt from the source domain. In this instance, however, we would have to resort to unsupervised source-free domain adaptation since labeled source data may not be available post-deployment due to privacy issues or computational constraints associated with sizeable datasets [10]. Generative Adversarial Networks (GANs) encompass a generator and discriminator in our research study. GANs constitute a two-player game that trains two neural networks: the generator network and the discriminator network. They are aligned in opposition in a zero-sum game. The job of the generator is to generate realistic data instances, while the job of the discriminator is to distinguish between real and generated data. Optimization on training continues when the generator becomes better at its output to fool the discriminator, and the discriminator becomes better at detecting fake data [11–13]. This process involves the generator synthesizing outputs during GAN training as shown in Fig. 1 whereas the discriminator assesses their authenticity and classifies them as “Real” or “Fake” ones [14].
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Figure 1: GAN architecture

The outcome of the generator is determined by the extent to which it misleads the discriminator. Successful fooling of the discriminator attracts rewards while unsuccessful attempts carry a punishment. Calculations of both generator and discriminator are described by Eqs. (1) and 2. To address this, our study proposes a GAN-based framework for unsupervised source-free domain adaptation that promotes model generalization across domains.


θg1m∑i=1m[logD(xi)+log(1−D(G(zi)))](1)


θg1m∑i=1mlog(1−D(G(zi)))(2)

Instead, our proposed approach does not need any source data or labeled target data. It rather requires for pre-trained model. In our methodology, we provide the encoder of GAN’s generator with pre-trained models. The other two parts of the GAN, i.e., the decoder and discriminator are randomly initialized in our methodology. We discovered that random initialization of decoder and discriminator components can result in generating any outputs leading to corruption of the pre-trained encoder state. So to avoid it, we freeze out the encoders’ encoding layers so that their initial conditions remain unaffected by the decoder’s or discriminators’ effect on them in two parts processes of GANs. When enough training has been done on the decoder and discriminator, we can unfreeze these encoding layers through such a strategic progression where we preserve integrity in what was trained about their architecture as per what was provided before.

Our approach is designed for Source-Free Unsupervised Domain Adaptation (SF-UDA)–thus it offers a robust framework. Additionally, among others, we propose using cosine embedding loss for improved feature extraction from the target dataset. To boost performance and stabilize the GAN training process, advanced techniques are embedded within it. The use of the Two Time-Scale Update Rule (TTUR) together with Soft Label Smoothing inside D offers significant improvement in the stability and quality of GAN results. TTUR allows for modifying learning rates for both generator and discriminator networks during GAN training optimization. This optimization technique enhances GAN stability and quality, especially over longer training runs. Instead of hard (real/fake) decision boundaries are used by soft label smoothing is when answering whether a sample is genuine or bogus as provided to D. Consequently, this method increases the certainty level of authenticity determination by D resulting in richer gradients driving betterer signal accumulation M towards stable behavior in practice Finally, we noted that making more complex both generator’s and discriminator’s networks by adding more layers significantly improves GAN’s performance. The use of deep convolutional GANs with multiple layers increases image quality, hence making the algorithm more effective.

Here is how the paper is organized. Section 2 reviews some related work in literature. The methodology and training process of our proposed model is mentioned in Section 3 while Section 4 specifies the results of our proposed approach. The research limitations are discussed in Section 5. Furthermore, the future directions are explained in Section 6. Finally, the research draws its conclusions in Section 7.

2  Literature Review

Domain adaptation is an area of much interest in current research [15,16], because it has implications in practice. It involves training models in one domain while the expectation is that they should perform well in another domain. A comprehensive review of domain adaptation was presented in 17, which highlighted the limitations of traditional machine learning when the source and target datasets belong to the same domain. Such a scenario is rare in the real world. This review introduced domain adaptation and categorized it based on category gaps. An innovative approach proposed earlier transforms domain adaptation into supervised learning. The method augments both source and target datasets, and then trains algorithms for supervised learning 18. This strategy, known as augmentation, uses a substantial number of annotated source data and labeled target data to enhance performance [17]. Object recognition is the most significant step in enabling home robots to work with the ability of humans. This becomes more important when we consider tasks that involve recognizing known objects, even while surrounded by unknown ones. In this paper, we present the Continual Open Set Domain Adaptation for Home Robot (COSDA-HR) dataset, which jointly tackles the challenges presented by domain adaptation, open-set recognition, and continual learning. The dataset targets naturally arranged objects in a room. Objects are trained while being held, hence working towards enhancing teaching systems for home robots. The authors stress the need for approaches to handle multiple challenges together, noting the limitations of current methods [18]. However, problems arise from differences between source and target data sets as a result of obtaining labeled target data. Here, unsupervised domain adaptation helps by training models with labeled data to predict unlabeled target data [19–21]. Recently, Pedro O. Pinheiro developed a method that uses similarity-based classifiers. In this technique, the model learns from each source category and prototype vectors and then classifies target domain images based on these prototypes [22].

Semantic segmentation which is very demanding as far as information processing is concerned has experienced extensive work on domain adaptation [23–27]. The study conducted in [28] on unsupervised domain adaptation for semantic segmentation identifies areas for further research that can address its limitations. The Unsupervised Domain Adaptation method was proposed in [29], adopting a cycle consistency framework that helps to align source/target data leading to better results than otherwise would be possible. In cases where there are few labeled targets available, we need source-free DA methods indeed. The author [30] addressed this issue through self-learning, active learning, and use of augmented training sets (such as GAN). Also adapted are pre-trained models for related target domains given domain adaptation, or transfer learning. However, problems like noisy labels and limited source data require unique solutions. Consistency-Based Semi-Supervised Domain Adaptation (CB-SSDA) is one of the most recent techniques in this regard [31]. With CB-SSDA, consistency-based regularization helps to generate stable predictions over different inputs using labeled and unlabeled target domain data. This approach has shown remarkable efficacy on benchmark datasets like Office [31] and Office-Home [32]. Our study draws upon transfer learning, adaptive pre-training, batch normalization (BN) layers, multi-level domain invariant features, and advanced knowledge distillation (KD) schemas [33]. The prerequisite for these methods is that there should be a pre-trained classifier that can help bridge the resource gap between high-resource and low-resource domains [34]. Classification accuracy is improved through indirect learning involving inverse supervision [35]. The method also reduces the impact of noisy labels minimizing incorrect feedback probability as stated earlier [36].

A crucial and integral aspect of AI involves the use of ensemble methods such as Negative Ensemble Learning (NEL) which combines models to give a better overall performance [37]. Adaptive pseudo-label refinement (AdaPLR) is an adaptive pseudo-label refinement method that handles domain shift problems by improving pseudo-label quality through adaptive noise filtering [38]. AdaPLR makes use of Disjoint Residual Labels to improve ensemble diversity [39]. Domain adaptation has also penetrated medical research [40]. The authors in [41] were concerned with domain shifts in medical image segmentation. They put forward source-free domain adaptation which minimizes the entropy lost at the target domain, leading to excellent results [42]. Studies on GAN-based methods have been done with or without source data and have yielded some good results in [42–50]. By unifying discriminative modeling, untied weight sharing, and GAN loss under the ADDA framework, this paper proposes an improved technique than others currently available in literature [51]. Real-world applications require this important field of study. How do CB-SSDA, SFDA, ensemble methods, and AdaPLR address these challenges while raising performance levels across diverse domains? These factors are driving innovation towards domain adaptation as a powerful strategy in different applications including GAN optimization, indirect learning or even source-free domain adaptation today because of all its capabilities.

In unsupervised domain adaptation, the AdaPLR method is presented as a unified approach to adaptive noise filtering and progressive pseudo-label refinement [52]. Using the source model, target pseudo-labels are created, and a set of target samples with various stochastic input augmentations and feedback mechanisms are used to train each ensemble member. The approach uses Negative Ensemble Learning (NEL) loss and Disjoint Residual Labels to make the ensemble more diverse and cut down on noise in the pseudo-labels. The proposed bound-together procedure for AdaPLR is portrayed in Fig. 2.
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Figure 2: AdaPLR architecture [52]

AdaPLR is a method that uses Negative Ensemble Learning and Disjoint Residual Labels to deal with noise in unsupervised domain adaptation. With the inferred target pseudo-labels, the method trains each ensemble member using various stochastic input augmentation and feedback mechanisms. The argmax function is used to combine the predicted probabilities of each ensemble member to determine the maximum probability. In comparison to other current, cutting-edge unsupervised domain adaptation methods and techniques, AdaPLR has performed better in numerous domain adaptation benchmark tests.

A great change of thought has occurred in human-robot interaction because of the combination of large-scale language models and robotic systems that have unmatched natural language understanding and task execution capabilities. In this review paper, we focus on recent developments in LLMS with respect to improving their structures and performances, especially for multimodal input handling, high-level reasoning, and plan generation. Additionally, it examines how existing methods such as LLMs can be used to accomplish complex tasks in robotics from classical probabilistic models to metric-based approaches or value functions that enable optimal decisions. However, these advancements raise significant issues in the field such as ethical considerations, context awareness, and data privacy matters among others. This present work is the first study that comprehensively explores developments and concerns of LLMs in Human-Robot Interaction (HRI) based on current progress [53].

3  Methodology

In this section, we present a detailed methodology for implementing Robot Vision over COSGANs with improved performance using source-free domain adaptation models and cosine embedding loss. Domain adaptation is the solution for a model that has been trained in one domain but has to perform well in another. A critical issue addresses domain shift in which the differences between the source and target domains degrade model accuracy. Traditional models in machine learning assume training and testing data are drawn from an identical distribution, which is rarely the case in real-world applications. The domain adaptation techniques go a step beyond this: their goal is to adapt a model to a target domain, often without using any data labeled in this domain. The common approaches to domain adaptation are: (i) Supervised Domain Adaptation: Here the adaptation is with labeled data in both source and target domains. This is the least practical method since it is very hard to get labeled data in the target domain. (ii) Unsupervised Domain Adaptation (UDA): A scenario with labeled source data along with unlabeled target data is thereby more applicable to the realistic scenario where labeling target data is expensive or very unrealistic. (iii) Source-Free Domain Adaptation: It operates on an already pre-trained source model and the unlabeled target data in a way that helps solve privacy issues and computational constraints in deploying large source datasets.

3.1 Source-Free Domain Adaptation

3.1.1 Definition and Significance

Source-free domain adaptation (SFDA) is a technique in machine learning where the adaptation of a pre-trained model to a new target domain is performed without access to the source domain data. This approach is particularly significant in scenarios where the source data cannot be used due to privacy concerns, data size constraints, or other practical limitations.

3.1.2 Importance in Robotic Vision

By leveraging SFDA, robotic vision systems can achieve better generalization and adaptability, enhancing their performance and reliability in various applications. CosGAN, with its use of cosine embedding loss and GAN-based architecture, exemplifies a robust framework for SFDA, promoting model generalization across domains and improving the overall performance of robotic vision systems.

3.2 Problem Formulation

Our aim is to generate a model for domain adaptation that works between a source dataset Xsource and target dataset Xtarget by improving task performance on the latter while transferring knowledge from the former most effectively. In this paper, we are particularly interested in image classification where each image is labeled y.

3.3 Architecture Overview

We have two main components: the Generator Network (G) and the Discriminator Network (D). The former transforms source domain images into target domain style while the latter differentiates between generated images and target domain ones.

3.4 Training Objective

This study proposes a GAN-based approach called CosGAN which incorporates cosine embedding loss for performing the task of unsupervised domain adaptation without source data. Fig. 3 shows the proposed CosGAN architecture. In SF-UDA, we have access neither to source images XS nor to actual labels of target images XT. Listed below are the several benefits of the proposed CosGAN model over traditional loss functions used in similar GAN architectures:

1.    Cosine Embedding Loss: This loss helps in better feature alignment between source and target domains, improving the performance of unsupervised domain adaptation.

2.    Two Time-Scale Update Rule (TTUR): This technique stabilizes the GAN training process by adjusting learning rates for the generator and discriminator separately, leading to more stable and higher-quality outputs.

3.    Soft Label Smoothing: This method helps to prevent the discriminator from becoming too confident in distinguishing between real and fake samples, thus improving the overall stability and performance of the GAN.
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Figure 3: Overview of proposed CosGAN architecture

3.4.1 Model Working

This figures demonstrates a composite architecture of the CosGAN implementation and it’s working through-out the model. The first step includes the augmentation of Target Image XT to an Augmented Target Image. This XAT serves as the input for the Generator Module, L1 Loss Calculation, and the Discriminator. The Generator is intended to generate the Image XG while working with the weights. This Generator comprises an Encoder and a Decoder which work in parallel for the generation of XG. The assumptions underlying the generative model include: (i) A pre-trained model is available: The assumption behind the generative model is the availability of a pre-trained model; hence, it performs the best for the encoder part of the GAN. (ii) Success for cosine embedding loss: It assumes that cosine embedding loss will be effective in aligning features across two domains, one from the source and another from the target. (iii) Training Stability through TTUR: The Two Time-Scale Update Rule will hopefully keep the training process stable, even in unsupervised and source-free scenarios. (iv) Domain adaLabel Distribution: Soft label smoothing is expected to provide a better performance discriminator by alleviating overfitting to the fake data produced during training.

The experimental setup for evaluating CosGAN includes several key components: (i) Dataset Selection Criteria: The datasets selected for evaluation are benchmarked datasets such as PACS, which provide a diverse set of images across different domains, including Art, Cartoon, and Sketch. (ii) Preprocessing Steps: The preprocessing steps involve standard image preprocessing techniques, including normalization, resizing, and augmentation to ensure the model can generalize well across different domains. (iii) Hyperparameter Tuning: The learning rate, batch size, and weight decay are optimized with rigorous hyperparameter tuning. A grid search was conducted to select these hyperparameters. (iv) Validation Techniques: These are procedures for the validation, for example, dividing the dataset between training and validation datasets, with some cross-validation methods to ensure the output is robust. The developed evaluation of the model will encompass measures like performance, classification accuracy, clustering accuracy, and GAN loss, among other loss parameters, such as cosine embedding loss. (v) Evaluation Metrics: CosGAN is evaluated in terms of classification accuracy (ACC), Adjusted Rand Index (ARI), and loss parameters, which are GAN loss, cosine embedding loss, and advanced loss function, among others.

3.4.2 Working of Encoder

The Encoder works for the optimization of the XT and XAT to yield YT and YAT which determine the applicable Cosine, LNovel, and GAN losses. These Loss Parameters serve as a significant parameter to identify classification weights for the Ensemble methods in a later phase.

3.4.3 Working of Discriminator

The discriminator collects feedback from the loss functions and also calculates the weightage after applying the Ensembled models. This Weightage is recomputed over EPOCHs time iterations over the applied Batch Size of 64 for a better compute time and a suitably tuned hyperparamater which contributes significantly towards the overall accuracy of the methods.

For the purpose of adapting the source model onto the target data, the fully connected layer of the trained source model MS is discarded. Now, we use this MS as an encoder in GAN whereas a Decoder D along with a Discriminator DC is initialized randomly. The standard training procedure of GAN with a pre-trained encoder, a randomized decoder, and a randomized discriminator would cause no good to the pre-trained encoder. Instead, due to the randomly generated outputs, the encoder will be disturbed negatively. In this proposed architecture, we freeze the encoding layers to prevent the pre-trained state of the encoder until the decoder and discriminator are trained to a fair point. At this point, we unfreeze the encoding layers to update their weight.

Our overall training objective is to optimize the Generator network G and Discriminator network D in a GAN-like fashion while incorporating the cosine embedding loss:


minGmaxDG(G,D)=Extarget∼Xtarget[log⁡D(Xtarget)](3)


Extarget∼Xsource[log⁡(1−D(G(Xsource)))](4)


λcosineE(Xsource,Xtarget)∼XsourcexXtarget[Lcosine(Xsource,Xtarget)](5)

where λ cosine controls the influence of the cosine embedding loss.

3.5 Algorithmic Steps

Our training process alternates updates of the Generator network with those of the Discriminator network. Each iteration seeks to minimize overall loss from the generator, and maximize it from the discriminator:

1.    Sample batch of target domain images Xtarget.

2.    Update Discriminator D using real target images & generated images.

3.    Sample batch of source domain images Xsource.

4.    Update Generator G using GAN loss & cosine embedding loss.

3.6 Evaluation Metrics

We use multiple evaluation metrics to ensure a comprehensive assessment of our proposed methodology.

3.6.1 Classification Accuracy

Classification accuracy (ACC) is one of the most fundamental metrics that measure how many instances were correctly classified out of all tested instances in the targeted test data set after adaptation has taken place. It can be calculated as follows:


Acc=NcorrectNtotal(6)

where Ncorrect is the number of correctly classified instances and is the total number of instances.

3.6.2 Clustering Accuracy

Clustering efficiency we measure by Adjusted Rand Index (ARI), which quantifies the similarity between ground truth class labels and predicted cluster assignments considering all pairs for instance comparing their relationship with each other:


ARI=∑ij(nij2)−[∑i(ai2)∑j(bj2)]/(N2)12[∑i(ai2)+∑j(bj2)]−[∑i(ai2)∑j(bj2)]/(N2)(7)

where nij is the number of instances that are in the same class in the ground truth and are assigned to the same cluster in the prediction. ai is the number of instances in the same class as instance i in the ground truth, and bj is the number of instances in the same cluster as instance j in the prediction.

3.6.3 Loss Parameters

To assess how much better our advanced loss function performs, we calculate losses (L) on both the source and target domain datasets. GAN loss, Cosine Embedding Loss, and Advanced Loss Function are the loss parameters formulated as per the equation:


LGAN=Extargert∼Xtarget[log⁡D(Xtarget)]+Exsource∼Xsource[log⁡(1−D(G(Xsource)))](8)


Lcosine=λcosineE(xsource,xtarget)∼Xsource×Xtarget[Lcosine(xsource,xtarget)](9)


LAdvanced=λadvanceE(xsource,xtarget)∼Xsource×Xtarget[advanced(xsource,xtarget)](10)

where λcosine and λadvanced are weighting factors for the cosine embedding loss and advanced loss function, respectively. The accuracy of classification (ACC) reflects the performance of the model in the target domain, where a higher ACC indicates successful adaptation and generalization. The Adjusted Rand Index (ARI) measures clustering quality. It becomes larger when predicted clusters are better aligned with true class labels, i.e., more suitable for feature representation learning. Analyzing the loss parameters (LGAN, LCosine, and LAdvanced) sheds light on the contribution of individual loss components. These loss values reduction shows the efficiency of corresponding loss functions in guiding the optimization process.

3.7 Hyperparameters Tuning

In order to achieve optimal results during our study, an extensive search was carried out over hyperparameters such as learning rate (η), batch size (B), and weight decay (λ). The schedule for the learning rate follows Eqs. (2) and (3) incorporates weight decay into the training objective.

The choice of optimal hyperparameters is crucial for adjusting the behavior and convergence of the model. We investigated systematically how different hyperparameters impact the performance of the model such as learning rate (η), batch size (B), and weight decay (λ).

Learning rate is one of the most important hyperparameters that controls step size during gradient descent optimization. We adopted a grid search strategy to tune it so that we can find out what value makes it possible to converge quickly at optimal solutions. In other words, the learning rate (η) is updated based on epoch t iteratively by the following schedule:


η(t)=ηinitial(1+αt)γ(11)

where ηinitial is the initial learning rate, α controls the learning rate decay rate, and γ modulates the decay’s steepness. Similarly, batch size (B) was optimized through an extensive search across a range of values because it directly affects noise in gradient updates and the convergence speed of the model. Finally, weight decay (λ) was incorporated as a regularization term to avoid overfitting. Loss function with weight decay is given by:


Lfinal=LGAN+λcosineLcosine+λL1||G(Xsource)−Xtarget||+λ∑i||θi||22(12)

where θi represents the parameters of the model.

3.8 Cosine Embedding Loss

Cosine embedding loss is a metric learning loss by cosine similarity between the feature representations in source and target domains; this ensures the similarity of similar instances from either domain and, in turn, helps better domain adaptation. In contrast, the latter will help enforce some kind of consistency on the features across domains so that the distance of angles between embeddings of the same class is reduced. Cosine embedding loss has been proposed in order to improve alignment between source and target domains feature representations. Given a pair of instances (xsource, xtarget), our objective is to minimize the cosine distance between their feature embeddings:


LCosine(Xsource,Xtarget)=12(1−⟨G(Xsource),G(Xtarget)⟩||G(Xsource)||||G(Xtarget)||)(13)

where (xsource) and (xtarget) represent the feature embeddings obtained from the Generator network for the source and target domain instances, respectively. This loss term enforces similarity between domain-specific features.

3.9 Ensemble Methods

We use ensemble methods such as KMeans, Agglomerative Clustering, and DBSCAN to refine clustering results by combining different method outputs through majority voting that assigns instances into clusters which provides diverse perspectives on instance grouping hence reducing chances of selecting suboptimal clusters. We combined the individual decisions of these ensemble methods using a majority voting scheme. Given an instance x, the ensemble output (x) is determined as:


E(x)=argmaxc∑i=1M[c=Ci(x)](14)

where M represents the number of ensemble methods and (x) denotes the cluster assigned to x by the ith ensemble method. Our experiments indicate significant improvement in clustering accuracy brought about by these ensemble methods which effectively capture complex underlying patterns within data distribution. Therefore, through systematic tuning of hyperparameters coupled with the integration of ensemble methods, we were able to greatly boost both model robustness and overall performance as shown by empirical results presented in Section 4.

3.10 Advanced Loss Function

In order to improve our methodology further, we propose an advanced loss function that combines GAN-related as well as cosine embedding components. This new loss function is based on the idea of encouraging better alignment between generated target domain samples and actual ones. We achieve this by incorporating the GAN loss, the cosine embedding loss, and a novel term that encourages closer feature representations of generated and target domain samples. The advanced loss function Ladvanced is formulated as follows:


LA(Xs,XT)=LGAN(Xs,XT)λcosine⋅Lcosine(Xs,XT)λnovel⋅Lnovel(Xs,XT)(15)

where LGAN and Lcosine represent the GAN loss and the cosine embedding loss between the source and target domain samples, respectively. The new term Lnovel is designed to encourage similarity between the feature vectors extracted from the generated source domain sample and the target domain sample. This term is defined as:


Lnovel(Xs,XT)=||ϕ(G(Xs))−ϕT(XT)||22(16)

where ϕS and ϕT are feature extraction functions for the source and target domain samples, respectively. (xS) is the generated target domain sample from the source domain sample xS.

The weighting factors λcosine and λnovel control the relative influence of the cosine embedding loss and the novel term in the overall loss. Again in order to improve performance of our methodology, we propose an advanced loss function that leverages both GAN-related and cosine embedding components. This novel loss function is derived based on the idea of promoting better alignment between the generated target domain samples and the actual target domain samples.

3.11 Implementing and Training

We used the PyTorch framework for implementing our methodology where Generator and Discriminator networks are built using convolutional architectures. Network parameter updates were done using Adam optimizer while training was performed on the source domain dataset before adapting it to target domain through multiple epochs. During training process, network parameters get updated via backpropagation with respect to defined loss functions.

4  Experimental Results

This section presents detailed experimental results and analysis which demonstrate effectiveness of our proposed methodology. For instance, Table 1 provides ResNet18 classification accuracy on PACS with AdaPLR (a deep learning algorithm for image classification). Furthermore, Table 2 shows results obtained from PACS by comparing CosGAN against single source UDA without source data on NEL [33]. TSNE [50] visualization in Fig. 4 compares ground truth, pseudo labels from the pre-trained source model, and the target labels from the encoder trained with CosGAN by using K-Means clustering. The results show a sharp increase in average from 72.4 percent in AdaPLR to 81.4 percent with the use of CosGAN. The benchmark results presented in Tables 1 and 2 highlight the superiority of CosGAN over other methods.
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Figure 4: Training and validation loss

The learning rates for E, DC, and G are set at 1 × 105. The weighting factor for L1 Loss is set to 100 for all the experiments.

4.1 Training Progress

In this section, we analyze the progress of the training process of our model. We present two key aspects: the training and validation loss over epochs, and the accuracy achieved over a specific number of epochs. The training and validation loss line graph provides insight into how well the model is learning as training progresses. It demonstrates the convergence of the loss values, indicating improvements or potential overfitting. The accuracy over epochs line graph showcases the model’s learning trajectory in terms of accuracy. Specifically, it charts the accuracy achieved over 10 epochs, demonstrating the model’s journey toward achieving an accuracy of 92.6%.

In Fig. 4, the training and validation loss illustrates changes in both training and validation loss values throughout the trainings. It gives an idea about the development of these numbers through different stages of training which can tell us something about how well models generalize.

Accuracy over epochs in Fig. 5 demonstrates the evolution model’s accuracy on the validation dataset over many epochs. It also reflects its ability to achieve the desired accuracy level (92.6%) within the entire period of time when this data set was trained.
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Figure 5: Accuracy over epochs

4.2 Ensemble Methods Evaluation

Here we evaluate ensemble methods used in our study for performance. There are two primary evaluation metrics namely; the Area Under Curve (AUC) heatmap for the F1 score and the Receiver Operating Characteristic (ROC) curve. A comprehensive view of AUC values corresponding to F1 scores across three ensemble methods is given by the heat map while the ROC curve visually represents the tradeoff between true positive rate and false positive rate for each method.

This heatmap allows comparing performances among ensemble methods used in terms of their effectiveness. By analyzing ROC curves one can judge which one is best at distinguishing between classes thereby making more informed decisions regarding relative performance levels.

Fig. 6 shows Area Under Curve (AUC) values for F1 scores across different ensemble methods, providing insight into classification accuracy balance with respect to class imbalance problems caused by some classifiers’ inability to distinguish minority from majority classes easily due to either imbalanced sampling strategies adopted during training process or inherent limitations associated with them such as lack enough features representativeness power etcetera which may lead poor generalization abilities towards unseen samples distributions; Fig. 7 presents Receiver Operating Characteristic (ROC) curves representing a trade-off between true positive rate and false positive rate for each ensemble method these curves allow us to compare methods’ ability to discriminate between classes.
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Figure 6: AUC heatmap for F1 score
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Figure 7: ROC curve for ensemble methods

4.2.1 Domain Adaptation Performance

Evaluation of domain adaptation performance can reveal how well models are capable of generalizing across various domains. The line graph that shows the accuracy achieved on both source and target domains demonstrates the model’s adaptability to changes in the domain. This analysis helps understand how much effectiveness is retained by the model when applied with new data that it has not seen before.

Fig. 8 represents training accuracy on source and target domains. As shown, the model’s accuracy with respect to the source domain starts high, initially and then decreases rapidly due to its already knowing the distribution of data from that area. Nonetheless, it changes during learning so that this results into both areas having same values for accuracy eventually. This convergence highlights the model’s success in bridging the domain gap and achieving robust performance across domains.

[image: images]

Figure 8: Accuracy of source and target domains during the domain adaptation process

4.3 Cosine Embedding Loss Analysis

The analysis of the cosine embedding loss provides insights into the effectiveness of incorporating cosine similarity as a feature learning mechanism. Cosine embedding loss aims to encourage the model to learn representations that maintain angular relationships between instances, potentially enhancing domain adaptation performance. Fig. 8 chart appears to depict the performance of a domain adaptation process over 10 epochs, measuring accuracy for both the source and target domains. The accuracy for both the source and target domains increases with the number of epochs. The source domain starts with higher accuracy and maintains a lead over the target domain throughout the 10 epochs.

The trend graph (as shown in Fig. 9) illustrates the value of the cosine embedding loss over the training epochs. A decreasing trend in the cosine loss indicates that the model is progressively learning to differentiate and align features between source and target domains. This alignment signifies that the model is capturing shared characteristics while adapting to domain shifts. The diminishing cosine loss trend is indicative of the model’s ability to extract meaningful features and enhance its domain adaptation capabilities.
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Figure 9: Cosine embedding loss analysis

4.4 Generator and Discriminator Performance

The performance of the generator and discriminator within the GAN framework is a crucial aspect of domain adaptation. The generator is responsible for producing synthetic data that closely resembles the target domain, while the discriminator’s role is to distinguish between real and generated data. The balance and dynamics between these two components are pivotal in achieving effective domain adaptation.

The generator and discriminator losses graph, Fig. 10, explains which performs better over. If the generator loss is decreasing while the discriminator loss is increasing then it means that the generator is getting better at creating data that can trick the discriminator. As they fight each other in this way what happens next is that more believable information gets made by generators for domain adaptations to take place since then only proper counterfeit will serve as a bridge between those two worlds. The curve of these losses also shows visually what happens with generators and discriminators during their training.

[image: images]

Figure 10: Generator and discriminator losses

4.5 CosGAN Performance

This study is mainly interested in how well the CosGAN model performs. CosGANs are a special type of GAN designed for domain adaptation tasks. They incorporate cosine embedding loss into the typical GANs framework to achieve better feature alignment between source and target domains. CosGANs include a pre trained source-domain encoder, which is fixed in the first training epochs to maintain fixed features from this process. The decoder and discriminator are trained on target data to generate and assess realistic target domain instances. In order to achieve higher precision rates, CosGAN uses a cosine embedding loss function together with some domain adaptation techniques. It is necessary to know why does it outperform traditional GANs in source-free domain adaption problems.

Fig. 11 illustrates how accuracy changes over time as represented by different epochs of training using the CosGAN model; this shows development stages in terms of classification certainty level reached by such method employed during its creation process till convergence happens. Therefore according to this graph, there are more iterations where the system becomes better at recognizing items from target sites until the maximum number has been reached which confirms validity of the approach taken.
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Figure 11: CosGAN accuracy improvement over 20 epochs

4.5.1 Computational Requirements of Deploying CosGAN

The following are some insights into these requirements and constraints, which may contribute to deploying CosGAN:

Memory Constraints: (i) Model Size: The CosGAN model comprises an encoder, a decoder, and a discriminator. The encoder is pre-trained and fixed in that phase except for the training of the decoder and discriminator. The size of the model, especially with deeper networks, can lead to significant memory consumption. Memory requirements will further increase with the increase in depth and complexity of the network architecture used in the model. (ii) Batch Size and Training Data: Throughout the training procedure, batches of images from both source and target domains have to be considered and hence appropriate batch sizes are to be chosen so that the learning curve can be made stable. Large batch sizes can stabilize and accelerate training but at the same time lead to enormous memory consumption. On the other hand, small batch sizes may limit the model from learning sufficiently from data. (iii) Intermediate Data Storage: Intermediate feature representations, gradients, and optimizer states need to be saved during the training time. This further leads to more memory overhead, especially in advanced methods, including the Two Time-Scale Update Rule (TTUR) and soft label smoothing.

Processing Constraints: (i) Computational Power: Training GANs, including CosGAN, is very computational. The iterative nature of training both the generator and discriminator demands huge processing power. Nearly always, GPUs or TPUs are needed to assist in managing this kind of load computationally effectively. (ii) Training Time: GANs usually require a lot of time to train, with hundreds of epochs before training is said to have converged. The paper mentioned earlier indicates that the accuracy of the CosGAN model improves for over 20 epochs, which indirectly means that it has to be trained for significantly more epochs for the model to perform optimally. (iii) Real-Time Processing: These must be real-time as it will not be useful for robotic vision applications otherwise. Ensuring the deployment of the trained CosGAN model in real-time scenarios with minimum latency poses a critical challenge. This includes the optimization of the inference process to decrease computational load and improve response time.

Issues in Scalability: (i) Training Scalability: It’s the inability to scale either handling larger datasets or more complex environments. This involves handling increased computation and memory requirements with increasing model sizes and datasets. (ii) Inference Scalability: The deployment of the trained CosGAN model in an inference manner over various devices or platforms, especially those that are computationally weak, needs to be well optimized. Techniques like model compression, quantization, and efficient inference algorithms are required to make it scalable across different environments.

4.5.2 Rationale and Impact

The two-step training approach is intended to assure the stability and integrity of the pre-trained encoder, which carries a larger proportion of influence on data quality and potential negative impact on model performance. Freezing the encoder removes the risk of destabilization that is caused by the random initialization of the decoder and discriminator. This approach improves the stability and considerably increases convergence speed. It subsequently unfreezes the encoder and fine-tunes the entire model. The model gets adapted more effectively to the target domain, hence achieving more robust and accurate domain adaptation, leading to better performance of the GAN in generating realistic and relevant data within the target domain.

4.5.3 Relevance to Robotic Vision

Domain adaptation is still a very challenging topic in robotic vision, as many real-world scenarios are quite different from the training environment and vision models are prone to failure due to domain shift caused by changes in illumination, textures, or object appearance. It is pertinent to note that this problem is addressed with CosGANs in the adaptation of the visual model to new environments without requiring vast amounts of labeled data, and that is why it is very relevant in applications such as autonomous vehicles, warehouse automation, and tasks that deploy robot image processing. CosGANs, through cosine embedding loss and GANs, enhance the adaptivity of robots to new tasks and environments, thereby significantly raising performance and generalization capability in robotic vision systems.

4.6 Effect of Network Depth

This research also looks at the impact brought about by network depth on performance levels demonstrated by models developed here. With deeper networks comes ability to recognize intricate or complex features but can easily lead overfitting too; therefore an investigation into what extent does depth influence accuracy becomes essential part for any study seeking best architectural design use in our case involving source-free domain adaption.

Graph interpretation in Fig. 12: The bar chart below presents results obtained when generator and discriminator networks were trained using varying numbers of layers (4, 8, 12 & 16) against their respective accuracies achieved over the test dataset. From this chart we can see that accuracy improves as one goes deeper into either generator or discriminator network architecture thus suggesting need for more sophisticated models capable enough to capture finer details within given target areas thereby leading to improved performance overall. This kind graphic allows us to make informed decisions concerning appropriate choices regarding network depths that would maximize accuracy.
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Figure 12: Performance gain over layers

4.7 Impact of Loss Criteria

Choice of loss functions is critical during the training process if we want to come up with good models fast enough; they put emphasis on different things such as feature alignment or reconstruction accuracy among others. However, it’s important to know how these criteria affect performance when used in our case.

Fig. 13 shows entropy loss over different epochs (10) for GAN, L1, and cosine loss which gives an idea of what happens at each stage while training under various conditions related to those components. Each bar represents cumulative entropy lost for specific epoch, where there are three segments representing contributions from GAN, L1 and cosine loss respectively. By looking at the graph one can easily notice the contribution made by every single part changes with time hence showing interaction between them during the training period. Therefore through analysis, such shifts can be used to understand more about model behavior during convergence under different losses and also help us in selecting the best criteria for optimal performance.
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Figure 13: Performance gain over criteria

4.8 Entropy Loss Analysis

Entropy loss is a measure of uncertainty in the model’s predictions. A drop in entropy implies that the model is more certain about its forecasts. On the other hand, an increase in entropy indicates higher uncertainty. Examining entropy loss throughout training can help us understand how trust changes with time.

Fig. 14 shows a graph of GAN, L1 and cosine losses’ entropy for 10 epochs. Each bar represents cumulative entropy loss for a specific epoch divided into segments corresponding to GAN, L1, and cosine losses. With this visualization, we see that as training proceeds through different numbers of epochs there occur some fluctuations within the distribution of components of information lost due to a lack of confidence in the model’s predictions about an event over time or a knowledge gap between what could be predicted by current knowledge state (model) and actual future events outcome realizations which were not known before but have become known now or will become known later on during these periods.
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Figure 14: Entropy loss over 10 epochs

4.9 Comparison of CosGAN and GAN

When doing a comparison between CosGAN and GAN, it becomes possible to understand better how incorporation of cosine embedding loss affects behavior as well as the ability to adapt across various situations exhibited by both models. Through such analysis, one can identify strengths weaknesses accuracy stability convergence etcetera in the source domain target domain, or any other area where knowledge may need sharpening.

The accuracy progression of CosGAN vs. GAN over epochs for both source and target domains is shown in Fig. 15. Accuracy values are plotted against the number of epochs on the y-axis while the x-axis represents the number of epochs. By looking at accuracy trends using these two methods, we can clearly observe their rates of convergence stability levels and final performance achieved then compare them appropriately, thereby establishing whether introducing cosine embedding loss into CosGAN improves accuracy compared with baseline GAN, therefore quantitatively evaluate how much better adaptation has been achieved by CosGAN than GAN based on differences seen between these two approaches within each domain.
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Figure 15: Performance over source and target domain of GAN and CosGAN

4.10 Dimensionality Reduction Visualization

Methods like t-SNE are essential tools used to visualize complex high-dimensional data points in a lower-dimensional space. In this section, t-SNE is used for compact visualization of data distribution and cluster separation during domain adaptation. By reducing the number of dimensions we can see how well adapted features align across domains.

4.10.1 t-SNE Visualization

t-SNE or t-Distributed Stochastic Neighbor Embedding is a dimensionality reduction algorithm that captures the local and global structures of high-dimensional data in lower dimensions. This technique helps us to visualize the features after adaptation with t-SNE in order to determine if there were any meaningful clusters formed between them or not.

Fig. 16 shows the scatter plot of adapted features from the source domain (blue) and target domain (red). Each dot represents an instance in the dataset that has been reduced into two dimensions using some kind of projection method such as principal component analysis or linear discriminant analysis etcetera then plotted on x-y plane coordinates where the distance between points corresponds to inversely proportional density between them meaning closer together, they indicate higher concentration while farther apart more spread outness thus signifying lesser crowdedness around those parts. Points that are close together indicate similar feature representations. If the adapted features from both domains cluster together, it suggests successful adaptation. On the other hand, if they remain separated, it might indicate that the model struggled to align the domains effectively. This visualization provides an intuitive view of the adaptation process’s impact on feature distribution and separation between domains.

[image: images]

Figure 16: t-SNE visualization

4.10.2 3D Cluster Visualization

3D cluster visualizations allow us to explore adapted features within three-dimensional spaces. Such an approach provides a richer representation of feature clusters post-domain adaptation by considering additional dimensionality information contained therein over two dimensions only. When we look at these groups through different angles it becomes possible for one to know whether they are well separable from each other or not only when viewed along particular axes.

Fig. 17 shows a 3D cluster visualization of adapted features from the source and target domains. In this context, each point represents an instance placed in three-dimensional space on the basis of its reduced feature representation. Various colors are used to represent different clusters which can be said as meaningful groups formed during the adaptation process. Evaluation of spatial arrangement and distribution of clusters helps in assessing quality of adaptation. If there exist separate clusters for both domains, it means that there is successful domain alignment as well as feature adaptation.
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Figure 17: 3D cluster visualization of 7 primary clusters

4.11 Ensemble Methods Clustering

Ensemble methods such as KMeans, Agglomerative Clustering, and DBSCAN provide powerful ways to cluster data instances together based on their feature representations. This technique gives another perception about how these methods divide the adapted feature space into clusters; thus letting us see whether or not they are good at separating them visually.

Scatter plots presented in Fig. 18 show what happened when we used KMeans, Agglomerative Clustering, and DBSCAN for clustering on the adapted features from the source and target domains. The x-axis represents the data distribution from −10 to 6, furthermore, the y-axis contains the data distribution from −10 to 10. Every colored point stands for one instance belonging to a certain cluster. By looking at points distribution along with their respective clusters, we could tell how well each ensemble method did grouping together similar instances. If you can see tight packed within some distinguished clusters, it implies that the method has been able to find compact sets of objects that share common properties. On the contrary, if there’re only scattered dots without any distinct clumps, then it means that something went wrong–the algorithm failed to identify those groups correctly or altogether. Another thing worth noticing is the differences between distributions over two areas: where most points lie (source) vs. where the fewest ones do so (target). Comparing these two may give us an idea about what kind(s) of object(s) were recognized differently according to a particular ensemble approach.
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Figure 18: Ensemble methods clustering visualization

4.12 Advanced Loss Function Impact

Using various loss components combined into one multi-component (hybrid) loss function can significantly improve system performance. The following section addresses how this advanced loss contributes to the overall model’s adaptation capability.

Fig. 19 compares two models: a baseline model trained with conventional loss functions and an upgraded model trained with a more complex multi-component (hybrid) loss function. This is illustrated by a bar chart where evaluation measures are plotted against different category instances/classes on the x-axis while accuracy/F1 score/etcetera is represented on the y-axis. For every category, there will be two bars corresponding to base and advanced models respectively so that it becomes easy to tell which categories show better performance due to the introduction of new losses in them during the training process; also we can determine whether such improvements were significant or not depending on heights of those bars.

[image: images]

Figure 19: Performance comparison of loss functions

4.13 Hyperparameters Tuning

Hyperparameters play a crucial role in determining the performance of machine learning models. This section delves into the process of hyperparameter tuning and its effects on the ensemble methods used for domain adaptation. It aims to showcase how different hyperparameter configurations impact the overall performance of the model.

Fig. 20 presents a grid where three specific hyperparameters (learning rate, batch size, and number of epochs) are evaluated against three different ensemble methods (KMeans, Agglomerative Clustering, and DBSCAN) with regards to their impact on performance. Each chart in the grid corresponds to a specific combination of hyperparameters and ensemble methods. The color map indicates the evaluation metric, which could be accuracy, F1 score, or any other relevant measure. The x-axis represents the different values of the hyperparameter being varied, such as learning rate or batch size. The y-axis depicts the performance metric’s value for the specific hyperparameter setting. The domain adaptation process can be enhanced by selecting hyperparameter values that yield the best performance for each ensemble method. By examining trends and patterns within the grid, one can identify which hyperparameter settings are most effective for domain adaptation using different ensemble techniques.
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Figure 20: Impact of hyperparameters

5  Limitations

Some inferred limitations of the proposed methodology in the manuscript include:

a)   Dependence on Pre-Trained Models: The approach relies significantly on pre-trained models for the encoder part of the GAN. If the pre-trained model is not ideally suited to the target domain, the adaptation may not be in effect.

b)   Complexity in Training: The need to freeze and unfreeze different parts of the network during training can add complexity and may require careful tuning to avoid unsuitable efficiency.

c)   Computational Resources: GAN training, especially with techniques like TTUR and soft label smoothing, is highly resource-intensive and very time-consuming.

d)   Robustness and Generalization: While this approach looks promising, this has to be worked out in terms of its robustness and generalization over different unseen domains.

6  Future Directions

Image categorization has shown promising results using our proposed method CosGAN but many possibilities still remain unexplored within various disciplines so we know it’s not over yet! There is an opportunity waiting for someone who wants to take up further research into other domains like semantic segmentation; object detection etcetera because these ones differ greatly from each other as well as from traditional image classification.

It is recommended that future research should focus on optimizing the computational efficiency of CosGAN so that it can be used in low-resource scenarios so that they can know how it works with faster computers. Additionally, other important steps for the future include figuring out how to make it adaptive in real-time, improving its ability of working in different domains apart from nature images as well as validating against benchmarks through extensive field testing among others. More than this, could we apply such a revolutionary method like CosGAN elsewhere such as medical imaging or augmented reality? The answer still remains unknown, but from what we know is that with further development, this thing has got potential beyond robotics vision alone!

6.1 Application in Different Domains

This work has important practical implications for the community of robot vision. This can be done through several ways, such as self-driving cars, warehouses automation among other robotic tasks that involve image processing by giving efficient domain adaptation without requiring labeled source or target data. More resilient and adaptable robots can be designed which are able to quickly adjust themselves to new environments thus enabling them having the potential to operate in various dynamic settings.

6.2 Further Research Directions

a)   Generalization: There is still much to be done in ways of generalizing CosGAN capabilities. Maybe some novel loss functions, architectures, and training paradigms can be introduced with models that generalize well over a great variety of domains.

b)   Real-Time Adaptation: Allowing real-time adaptation of CosGANs to new environments online, without extended retraining, could really push the frontier on their use in dynamic, changing, and unpredictable situations.

c)   Less Computational Overhead: If these methods are to be used in resource-constrained conditions, the computational overhead of CosGANs has to be reduced through research into techniques for model compression and efficient inference.

d)   Benchmarking and Validation: Setting up standardized benchmarks and validation protocols for robotic vision systems using CosGANs will greatly assist in an objective evaluation of performance and reliability in robotic vision systems.

e)   Cross-Disciplinary Applications: Finally, the application of CosGANs for other purposes beyond robotic vision and into areas like medical imaging and augmented reality can provide insight into the versatility and potential enhancement of the algorithm.

f)   Intuitive User Interface: CosGANs can be utilized in building user interfaces and tools for people who are not experts in fields being considered across a host of applications.

This will enable the proposed methodology, the resolution of these challenges, and an orientation toward such research directions to have a good influence on the field of robotic vision and thereby lead toward further adaptive, reliable, and efficient robotic systems.

6.3 Future Outlook

6.3.1 Industry Adoption Challenges

While the proposed methodology using CosGANs shows significant promise, several challenges must be addressed for widespread industry adoption:

a)   Integration with Existing Systems: In fact, the integration of CosGANs with existing robotic vision systems is likely to cause a significant change in current workflows and infrastructures. Compatibility between legacy systems and new systems might be a huge challenge.

b)   Data Privacy and Security: Data privacy and security are frontiers of CosGANs, like other fronts, where pre-trained models and sensitive inputs are used in applications. Thus, the applications of industries will need a strong framework to work with data safely but still be in compliance with the regulations.

c)   Real-Time Processing: Robotic vision systems fundamentally require the aspect of real-time processing. In that regard, it is very important to make sure CosGANs work in real-time without adding too much latency in applications, such as autonomous driving or robotic surgery.

d)   Trust and Reliability: A model that will be implemented in applications where the criterion is safety must be trustable and reliable. CosGAN shall pass through different validation and verification procedures in order to just make sure that it is robust to all conditions.

6.3.2 Scalability Issues

a)   Computational Resources: Training advanced models like CosGAN is computationally expensive, but deployment requires them to a much greater extent. Further scale-up to industrial applications very likely will require heavy investment in hardware and cloud infrastructure.

b)   Model Complexity: Increased model complexity means an increase in maintenance and updating difficulty. One of the major research focus areas deals with simplifying the model to ensure scalability while maintaining performance.

c)   Data Management: Storage and handling of large datasets required for training and adaptation of the CosGANs are a hard task. There should be mechanisms available that should have proper and effective storage, retrieval, and preprocessing of data as keys to dealing with challenges of scalability.

7  Conclusion

In the realm of deep learning solutions, various research endeavors have been undertaken to address complex challenges. However, these approaches often demand substantial labeled datasets for achieving high efficiency. Unfortunately, obtaining large labeled datasets in real-world scenarios can be arduous and hindered by privacy concerns, leading to a prominent research gap. In response, researchers have explored ensemble learning, CNN, and GAN-based methodologies to devise cutting-edge solutions.

Our research introduces an innovative GAN-based approach named CosGAN, which leverages the concept of cosine embedding loss to facilitate the adaptation of models trained on a source domain to unlabeled target data. CosGAN capitalizes on a pre-trained source model as an encoder, keeping it frozen while the decoder and discriminator undergo training. The initial phase encompasses training the decoder and discriminator, followed by unfreezing the encoder. The introduction of cosine embedding loss enhances both the encoder and the GAN loss. Augmentation techniques are also incorporated to refine the encoded features for the target domain. Subsequently, K-Means clustering is employed for target classification. The proposed methodology demonstrates simplicity yet effectiveness across benchmark datasets. A thorough evaluation conducted on various benchmark datasets showcases its capability to elevate the performance of robotic and computer vision systems. This empowerment allows these systems to seamlessly adapt to novel environments and tasks without the need for extensive labeled data. This approach holds immense potential for application in wheeled robots, autonomous vehicles, warehouse automation, agriculture, and beyond. The current landscape lacks recent contributions that achieve similar results, highlighting the revolutionary potential of this approach in advancing the fields of robotic vision and automation. Ultimately, the proposed methodology positions robots to become more adept, efficient, and versatile in executing tasks.
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Table 1: PACS (RESNET18) with ADAPLR
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Table 2: PACS (RESNET18) with COSGAN

Category Label Single Source UDA Encoder (E) Discriminator (DC) Generator (G)

Source data P P P A A A AVG
Target data A C S P C S
AdaPLR 87.6  83.5 45.3 98.6 87.3 86.1 81.4
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