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Abstract

Fashion classification remains challenging due to the high variability in apparel styles and the significant
class imbalance in fashion datasets. This study utilizes the DeepFashion dataset, which consists of 289,222
images across 46 clothing categories, to evaluate the impact of data preprocessing, augmentation, and
synthetic data generation on classification performance. To address class imbalance, underrepresented
categories were merged with similar classes or supplemented with additional training data. Two dataset
expansion techniques were explored: traditional augmentation (flipping, rotation, color jittering, and
Gaussian blur) and synthetic image generation using StyleGAN2-ADA. The YOLO11 model was employed
for classification, and its performance was assessed using top-k accuracy metrics. Experimental results
show that preprocessing alone improved classification accuracy, while adding synthetic data further
enhanced model performance, achieving a top-3 accuracy of 93.44% and a top-5 accuracy of 97.34%,
surpassing previous state-of-the-art results. Analysis of the confusion matrix revealed that while
synthetic data helped mitigate class imbalance, misclassifications persisted among visually similar
categories. These findings highlight the potential of generative models in enriching training datasets and
improving classification performance. However, further feature extraction and inter-class discrimination
refinements are necessary for optimal results.
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1. Introduction

Fashion image classification is a complex task in computer vision due to the high variability of
clothing styles, textures, patterns, and visually similar apparel categories. Deep learning-based
models have advanced the field by leveraging large-scale annotated datasets such as DeepFashion
[1], which has served as a benchmark for apparel classification, attribute recognition, and retrieval.
However, a fundamental challenge persists - class imbalance in fashion datasets. Many real-world
fashion datasets exhibit a long-tailed distribution where dominant categories contain thousands of
samples, while rare categories have minimal examples [1-2] . This imbalance can lead to biased
learning, where the model becomes overconfident in well-represented classes while struggling to
generalize to underrepresented categories [3-6]. Improving classification accuracy for such datasets
can enhance the robustness of clothing digitalization tasks, including inventory management,
automated uploading of clothing data to e-commerce platforms, personalization of product
recommendations for end users.

Previous research efforts have focused on improving feature extraction [7], leveraging landmark
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detection [8], and integrating attention mechanisms [9] to enhance classification accuracy.
However, relatively less emphasis has been placed on tackling class imbalance directly. Traditional
solutions such as data augmentation and re-weighting loss functions [10] partially mitigate the
issue, but they often fail to generate sufficient diversity for minority classes [6]. To overcome these
limitations, generative adversarial networks (GANs) have emerged as a promising solution for
synthetic data generation [11-14]. In particular, StyleGAN2-ADA [15], an advanced GAN model
with adaptive discriminator augmentation, has demonstrated the ability to synthesize high-fidelity
images even when trained on limited data [16-18].

This study proposes a novel approach to address class imbalance in fashion classification by
generating synthetic clothing images using StyleGAN2-ADA. Unlike traditional augmentation
techniques, GAN-generated images provide entirely new training samples rather than simple
transformations of existing data [19]. In this paper, we focus on investigating whether the
expansion of under-represented classes using GAN methods improves classification accuracy more
than traditional expansion methods.

The key contributions of this work include a comparative analysis of traditional augmentation
and StyleGAN2-ADA-based synthetic data generation for class imbalance, quantitative evaluation
on DeepFashion with accuracy results and confusion matrix insights and qualitative analysis of
GAN image quality and intra-class confusion redistribution.

2. Related Work

Fashion classification has been a widely studied topic in computer vision, with advancements
driven by the availability of large-scale datasets and deep-learning architectures. This section
reviews key contributions that have influenced fashion image recognition, including early dataset-
driven methods, attention-based models, and landmark-independent approaches.

The DeepFashion dataset has been instrumental in advancing fashion classification and
retrieval tasks. It provides 289,222 images across 46 clothing categories, annotated with fine-
grained attributes and landmark information. Liu et al. introduced FashionNet, a deep learning
model which simultaneously predicts clothing attributes and landmark positions, improving
recognition accuracy by incorporating spatial relationships between apparel components [1]. This
dataset enabled future research by enabling robust feature learning for apparel recognition.
Subsequent works leveraged attention mechanisms and landmark detection to refine
classification performance. Wang et al. [8] Introduced an Attentive Fashion Grammar Network that
incorporates two grammar models: a dependency grammar to capture relationships between
body parts and a symmetry grammar to enforce bilateral symmetry in garment layout. By using
these fashion grammars to guide the model’s attention, their approach improved the accuracy of
landmark detection and category classification. In contrast, Lee et al. [10] developed a landmark-
free approach using a two-branch feature selective network. This model performed multi-task
learning, extracting global and fine-grained attributes simultaneously. Their model reduced errors
caused by inaccurate landmark detection by eliminating explicit landmark dependence and
improving generalization across diverse clothing styles. Zhang et al. [7] addressed the bias of
convolutional networks toward texture over shape by proposing a two-stream network. Their
model incorporated a texture-biased branch leveraging pre-trained CNNs and a shape-biased
branch using landmark-based attention to capture both fine textures and garment structures. This
hybrid approach achieved better performance in clothing attribute recognition by balancing
texture- and shape-based feature learning.

More recent studies have moved towards semi-supervised learning and landmark-free models to
improve classification accuracy while reducing reliance on expensive annotations. Shajini et al. [9]
introduced a landmark-driven attention network, integrating spatial and channel-wise attention
mechanisms to emphasize discriminative clothing regions. Their approach significantly
improved category recognition by highlighting key apparel features, reducing misclassifications
among visually similar garments. Shajini et. al. [20] proposed a semi-supervised approach,



introducing a multi-stage feature-attentive network to enable knowledge sharing between labeled
and unlabeled images. Their model utilized a teacher-student framework, reducing
dependence on labeled data while maintaining high classification accuracy. Despite these
advancements, class imbalance remains an issue in fashion datasets. Most prior works focused on
architectural improvements, such as attention modules, grammar-based constraints, and feature
selection techniques, but few directly address the imbalanced nature of datasets. While traditional
augmentation strategies [10] have been applied to increase sample diversity, they merely alter
existing images rather than introduce new training examples. Generative approaches,
particularly GANs offer a promising alternative by synthesizing novel samples [21]. StyleGAN2-
ADA [22] has been successfully applied in other domains, such as face generation and medical
imaging, demonstrating high image quality even with limited training data [15-18]. The aim of this
study is to investigate StyleGAN2-ADA [15] as a solution for class imbalance in fashion datasets,
evaluating its impact on classification accuracy and comparing it against conventional
augmentation techniques, establishing a new benchmark for DeepFashion dataset classification
accuracy.

3. Methodology

3.1. Dataset

The DeepFashion dataset has been selected for classification tasks in this study. It consists of
289,222 images across 50 clothing categories. However, only 46 categories have associated
images, while four categories lack related images. The dataset is split into 209,222 images for
training (72.4%), 40,000 images for validation (13.8%), and 40,000 images for testing (13.8%). Each
image in the dataset is annotated with a bounding box that defines the clothing region.
Although the dataset provides additional metadata such as landmarks, clothing attributes, and
pairwise relationships, these annotations were not utilized in this study. Instead, the dataset
was only used for category-level classification, where each image is assigned to one of
the 46 available clothing classes.  Despite its large scale, this dataset presents class
imbalance challenges - some categories contain tens of thousands of samples, whereas others
have only a few hundred or fewer. To mitigate class imbalance, data augmentation, and synthetic
image generation were applied in this research, creating a more balanced and robust training
dataset.

3.2. Dataset pre-processing

To standardize the dataset, each image was cropped using the provided clothing bounding box
details and resized to 256 x 256 pixels, ensuring that the longer side was resized to 256 pixels, with
padding applied to the shorter side to maintain the aspect ratio.

A dataset analysis was performed to identify severely underrepresented classes. The dataset was
preprocessed by removing or merging extremely rare categories into larger ones where possible.
Before processing, class sizes ranged from Dress (72,158 images) at 24.95% to Coverup (17 images)
at 0.006%. After processing, the Dress class accounted for 25.12%, while the smallest class,
Sweatshorts, accounted for 0.38% Figure 1.

To further balance the dataset, two new training datasets have been created. These expansions
targeted categories with fewer than 10,000 images (3.48% of the dataset). The two datasets are:

e Augmented Dataset: expanded using traditional augmentation techniques, including: a)

random vertical and horizontal flips; b) rotation; c) color jittering and c¢) Gaussian blur.

e Generated dataset: expanded using StyleGAN2-ADA, synthesizing additional images for

underrepresented categories.
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W Blazer B Romper Jeans Jumpsuit Leggings
W Joggers B Hoodie B Sweatpants ® Kimono W Coat

Cardigan,
0.05%

Sweater,
Dress, 0.25% Tee, 0.13% Shorts, 0.07% 0.05%

Figure 1: Distribution of training dataset classes after preprocessing.

Following the dataset expansion through augmentation and synthetic data generation, the
distribution of training dataset classes became more balanced, as illustrated in Figure 2. The
previously underrepresented categories, which constituted less than 3.48% of the dataset, now
exhibit a more uniform distribution, reducing the dominance of majority classes like Dress
(previously over 24%) and Tee, which previously had a higher representation. The highest category
now accounts for 20.38%, with several smaller classes maintaining a more equitable presence
around 2.82%. This redistribution ensures that minority categories, such as Sweatshorts, Kimono,
and Cutoffs, receive sufficient representation during training, preventing model bias toward
majority classes. The new dataset structure enhances generalization, improves classification
accuracy across all categories, and mitigates the risk of overfitting to dominant apparel types.

The StyleGAN2-ADA model was fine-tuned using 5,000,000 images per class. During training,
stabilization was observed after approximately 2 million images were processed per class, as seen
in Figure 3. This suggests that early-stage training introduced sufficient diversity, capturing
essential variations in clothing attributes. Further training iterations primarily refined fine details
without introducing significant new variations. This aligns with findings that GAN-generated
diversity tends to plateau after a certain number of iterations, necessitating a balance between
quality and novelty [23-24].

Visual inspections were conducted to validate the quality and realism of synthetic images. The
generated clothing items were compared against real images to assess structural consistency and
attribute retention, ensuring that minor classes were accurately synthesized.

B Dress B Tee Blouse B Shorts B Tank
M Skirt M Cardigan M Sweater Jacket H Top
M Blazer B Romper Jeans Jumpsuit Leggings
B Joggers B Hoodie B Sweatpants M Kimono B Coat

Cardig | Top,

Shorts,
Dress, 0.20% 0.06%

Figure 2: Distribution of training dataset classes after balancing.
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Figure 3: Generator and Discriminator training loss using 5000 images data set. time
4. Experimental Results

4.1. Evaluation Metrics

The best-k metrics were used to evaluate classification accuracy because they provide a
standardized measure of model performance and are widely used in fashion classification
benchmarks. This approach is particularly useful in multi-class classification tasks, where models
must distinguish between visually similar clothing categories.

Several prior works in fashion image recognition, including Liu et al. [1], Lee et al. [10], Wang
et al. [8], Shajini et al. [9,20], Zhang et al. [7], have also adopted top-k accuracy as their primary
evaluation metric, ensuring comparability between models. These studies demonstrate that fine-
grained clothing classification benefits from top-k evaluation, as many apparel items share
overlapping characteristics, making a strict top-1 accuracy metric insufficient. Our results remain
directly comparable to existing state-of-the-art methods by aligning our evaluation with these
prior works. This accuracy is defined as

1 < - (1)
ACC:N; 1y, evy),

Where N is the total number of samples, y; is the true label for i-th sample, I?IK the set of top K

predicted labels for the i-th sample and 1(-) is the indicator function, which is 1 if the true label is
within the top K predicted labels, and 0 otherwise.

4.2. Results

Multiple experiments were conducted using YOLO11 [25] model to evaluate with which data
classification model performs best. Comparative results are displayed in the Table 1. YOLO11
model performs better than other methods in top-3 and top-5 accuracy. The best results are
obtained when generated training data is incorporated. Our proposed solution surpassed
previous state-of-the-art methods.

The models were trained on NVIDIA A100-PCIE-40GB GPU with a batch size of 256, which
resulted in 25GB of GPU memory usage during the training. Training the model on original and
processed classes data took around 11 hours, while training the model on expanded dataset (with
generated or augmented data) took around 13 hours, resulting in 2 hours increase in training time.
Despite the increased training time, the model maintained efficient performance while classifying
the images - it takes around 280 milliseconds for the model to classify one image.



Initially, when YOLO11 was evaluated across all classes without modifications, it achieved a
top-3 accuracy of 92.59% and a top-5 accuracy of 96.60%. By refining the dataset through class
merging and removal, the model saw an increase in accuracy, reaching 93.36% (top-3) and 97.26%
(top-5).

Further enhancing the training process, generated data is introduced, resulting in a slight boost
to 93.44% (top-3) and 97.34% (top-5). This indicates that synthetic data can positively impact the
learning process, offering more diverse examples and reinforcing model generalization. However,
when training with augmented data, the model performed slightly worse than with generated data
but still outperformed most prior methods, achieving 92.72% (top-3) and 96.94% (top-5). This
suggests that while augmentation provides variations of existing data, generated data might
introduce more meaningful new patterns.

Table 1
Results of category classification using top-k accuracy
Method Top-3 (%) Top-5 (%)

Liu et al. [1] 82.58 90.17
Lee et al. [10] 91.37 95.26
Wang et al. [8] 90.99 95.78
Shajini et al. [9] 91.02 96.2
Shajini et al. [20] 91.06 96.35
Zhang et al. [7] 91.99 96.44
YOLO11 all classes 92.59 96.60
YOLO11 processed classes 93.36 97.26
YOLO11 with generated data 93.44 97.34
YOLO11 with augmented data 92.72 96.94

When comparing the confusion matrix of a model trained using a processed classes dataset and
the matrix of a model trained using generated data (Figure 4), we observe notable shifts in
classification performance, particularly in the distribution of misclassifications across visually
similar categories. While the overall classification accuracy of dominant classes, such as Dress and
Tee, remained relatively stable, there were observable redistributions in misclassified instances
among semantically related categories. Notably, Blouse exhibited an increased positive detections
(+37). Similarly, Jacket, Shorts, Skirt, Tank and Top classes exhibited increase in their positive
detections.

A key trend was the reallocation of correct classifications in smaller classes, with Cutoffs
experiencing a substantial reduction in true positive detections (-21), predominantly shifting
toward Shorts (+20). Likewise, Cardigan exhibited a decline in true positive classifications (-31),
with slight increases in misclassifications into Jacket (+14), implying an increased intra-class
confusion within layered outerwear. Upon further analysis of the minority classes, additional
notable shifts were identified. Blazer experienced a minor improvement in true positive detections
(+5), but with an increased misclassification into Blouse (+19). Romper saw a drastic decline in true
positive classifications (-11), with increased confusion into Dress (+7). Jeans exhibited a minor
increase in correct classifications (+6), while Joggers displayed a significant gain in true positives
(+12), reducing their confusion with Jumpsuit, Leggings and Sweatpants. Jumpsuit and Sweatpants
saw reductions in correct classifications (-5 and -7, respectively). Leggings showed a slight increase
in true positive detections (+4), but also had increased misclassification into Joggers (+5).
Jumpsuit’s drop in accuracy (-5) came with an increased misclassification into Romper. Hoodie
experienced a substantial drop in true positive detections (-21), with misclassifications primarily
shifting to Tee (+11) and Jacket (+10). Sweatpants also declined in classification accuracy (-7), while
Sweatshorts exhibited a major decrease in true positives (-18), gaining some reallocation into
Shorts (+16). Coat displayed a minor reduction in true positive detections (-3), with some



misclassifications shifting toward Jacket.

These shifts in performance across minority classes indicate that the updated model exhibits
increased confusion within similar visual categories while improving classification in certain
structured items. The redistribution of misclassifications suggests that while some classes benefited
from the revised training approach, others, particularly those with highly overlapping visual
features, suffered from greater inter-class ambiguity. Future refinements may require targeted
augmentation strategies or more distinct feature representations to mitigate these confusions and
improve classification robustness across all categories, particularly for underrepresented classes.
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Figure 4: (a) confusion matrix of the model that is trained with processed dataset, (b) confusion
matrix of the model that is trained with expanded generated images dataset.

Incorporating generated data into the model training improved top-k accuracy metrics, with
top-3 accuracy increasing from 93.36% to 93.44% and top-5 accuracy improving from 97.26% to
97.34%. These results suggest that including synthetic data contributes positively to the model's
overall generalization, with minimal impact on major classification trends. The stability of large-
class accuracy combined with the observed shifts in misclassifications within smaller classes
indicates that while synthetic data may enhance general robustness, it does not fully resolve
category ambiguities, particularly among visually similar apparel items.

5. Discussion: practical applications and real-world impact

The improved classification system developed in this study provides practical benefits for several
use cases in the fashion and digital retail industry. E-commerce platforms often rely on automatic
tagging and categorisation of garments to simplify product uploading and inventory management.
However, rare or niche categories of clothing are often misclassified due to class imbalances,
reducing the accuracy of product metadata and affecting search and recommendation performance.
By improving the classification accuracy of under-represented classes through GAN-based
synthetic data generation, our approach improves the system's ability to accurately tag a wider
range of garment types. As a result, users benefit from more robust filtering and sorting
capabilities, better product search capabilities and higher quality recommendations. In addition,
visual search systems used in mobile shopping apps or digital wardrobes can benefit from more
reliable category detection, especially for items that are not well represented in training datasets.



In addition to retail, such classification systems can also support fashion analysis, trend
forecasting and digital fashion design platforms that require accurate input categorisation for
further modelling.

6. Conclusion

This study explored the impact of dataset preprocessing, augmentation, and synthetic data
generation on fashion classification performance using the DeepFashion dataset. By refining the
dataset through class merging and removing underrepresented categories, the YOLO11 model
demonstrated increased classification accuracy. Incorporating generated data further improved
performance, with top-3 accuracy reaching 93.44% and top-5 accuracy at 97.34%. These findings
highlight the effectiveness of synthetic data in enhancing model generalization, offering diverse
training examples. The results confirm the hypothesis that synthetic data generation with
StyleGAN2-ADA improves classification accuracy in imbalanced dataset. However, while the
overall accuracy improved, confusion matrix analysis revealed persistent misclassifications among
visually similar categories. This suggests that synthetic data strengthens overall robustness but
does not completely resolve inter-class ambiguities. Future research could explore alternative
generative approaches or additional fine-tuning strategies to differentiate closely related apparel
categories better and further optimize model performance.
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