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Abstract - Artificial Intelligence (AI) is playing a
transformative role in the fashion industry by
enhancing trend forecasting and textile design
processes. Traditional forecasting methods rely on
manual analysis and expert intuition, which are often
time-consuming and lack accuracy in responding to
rapidly changing consumer preferences. This study
aims to analyze the impact of AI in improving
forecasting efficiency and enabling innovative textile
design. The research adopts a combined methodology,
including a systematic review of recent studies and a
model-based approach using machine learning and
deep learning techniques. Models such as Convolutional
Neural Networks (CNN), Long Short-Term Memory
(LSTM), and Generative Adversarial Networks (GAN)
are utilized for feature extraction, trend prediction, and
design generation. The proposed hybrid model (LSTM
+ CNN) achieved the highest accuracy of 93.67%,
outperforming traditional and individual AI models.
The findings indicate that Al significantly improves
prediction accuracy, reduces forecasting time, and
enhances creativity in textile design. Additionally, AI
enables real-time analysis of large datasets from social
media and e-commerce platforms. The study concludes
that Al-driven systems provide a competitive advantage
by improving efficiency, scalability, and innovation in
the fashion industry, while also highlighting future
opportunities for sustainable and personalized fashion
solutions.
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L INTRODUCTION

The fashion industry is a very dynamic and
competitive industry that is characterized by high rate
of customer preferences and lack of life cycle of a
product and the increasing desire to be customized.
Some of the greatest challenges that the industry
faces are the challenge of making correct projections
of future trends and still be innovative in textile
design. Trend forecasting plays a key role in helping
designers and brands to forecast market demands,
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reduce inventory risk, and enhance customer
satisfaction (Choi et al., 2014; Beheshti-Kashi et al.,
2015). Similarly, innovation in the textile industry is
required to develop new designs, fabrics, and eco-
friendly designs based on the changing fashion trends
and environmental issues. Nevertheless, the
combination of precise forecasting and constant
innovation is not easy because of masses of
unstructured data and the dynamism of the global
fashion market (Yu et al., 2011; Serra et al., 2015).

Traditional fashion forecasting has always been
manual based on analysis, intuition and reading of
past data. Though these are useful, they tend to be
subjective, time consuming and lack the ability to
capture real time trends. Large datasets of social
media and online services, as well as consumer
behavior, can be challenging to process by designers
and analysts, causing delays and inaccurate forecasts
(Ni and Fan, 2011; Park et al., 2015). Consequently,
the conventional strategies tend to be slow in
adapting to the dynamics of the market, which causes
an imbalance between demand and supply. It makes
it clear that more sophisticated, data-driven
approaches should be developed to enhance the speed
and accuracy of the decisions (Lin and Lee, 2009;
Yamaguchi et al., 2013).

Machine Learning (ML), Deep Learning, and
Computer Vision as branches of Artificial
Intelligence (Al) have become powerful to overcome
such challenges. Using Al, it is possible to analyze
large volumes of data automatically, identify latent
trends, and create new designs in the textile industry
(Vittayakorn et al., 2016; Al-Halah et al., 2017). This
paper will discuss the ways in which Al can be
applied to enhance the fashion forecasting process, its
application in the textile design field, and its
effectiveness in doing so vs. conventional methods.
The study also emphasizes the fact that the fashion
industry can become more efficient, adaptive, and
intelligent with the help of Al-driven systems that can
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overcome such problems as the lack of accuracy and
slow responsiveness.

IL. LITERATURE REVIEW

The initial studies in the field of Al-based fashion
forecasting were mainly concentrated on the
statistical modelling and machine learning
algorithms to forecast fashion trends and consumer
demand. Beheshti-Kashi et al. (2015) emphasized the
difficulties related to the retail sales forecasting in the
fashion markets, noting that the situation is complex
because of uncertainty, short lifespan of products, and
inadequate historical information. In the same
manner, Choi et al. (2014) reported about the
intelligent fashion forecasting system and how
artificial intelligence could be used to predict better
than the traditional statistics. Yu et al. (2011) used
neural networks and fuzzy logic to collaborate in
fashion design, demonstrating an early Al adoption in
a creative process. Moreover, Ni and Fan (2011)
employed ANN based techniques in sales prediction
in fashion retail, Lee (2002) and Lin and Lee (2009)
investigated the use of Al in manufacturing and
predictive systems. All these studies formed the basis
of Al-based forecasting because they demonstrated
that machine learning models can be used better than
traditional regression methods to deal with volatile
fashion data.

Computer vision and image-based learning methods
were used to make significant progress in the field of
fashion trend prediction and visual analysis.
Yamaguchi et al. (2013) came up with clothing
parsing methods to obtain fashion attributes on
images whereas Vittayakorn et al. (2015, 2016)
proposed neural activation-based attribute discovery
and fashion analysis on runway images. Moreover,
Yu et al. (2015) explored predicting patterns using
stock exchange and fashion with the help of Al
models, proving the flexibility of neural networks.
Serra et al. (2015) investigated the perception of

IJIRT 200851

fashionability through the use of computer vision and
Park et al. (2015) examined how social media
(Instagram) contributes to fashion success prediction
using machine learning models. These analyses
affirmed that Al models like CNN-based image
recognition and social media analytics can contribute
greatly to the accuracy of fashion forecasting by
extracting both real-time visual and behavioral
information.

Early research also used generative and deep learning
in textile design and advanced forecasting systems.
In spite of the later rise of Generative Adversarial
Networks (GANSs), early work on pattern generation
and Al-assisted design was inspired by neural
network-based creative systems. Al-Halah et al.
(2017) came up with visual style forecasting models
with deep learning, which proved to forecast future
fashion trends based on huge image datasets.
Furthermore, Lee (2002) and O’Leary (1991)
discussed the significance of the expert systems in the
manufacturing and design  decision-making.
Although these developments have taken place,
research gaps exist such as a lack of real-time
forecasting systems, insufficient integration of
forecasting with the textile design processes, and data
quality and inconsistency problems. Such constraints
bring to fore the necessity of more integrated Al
systems that can incorporate forecasting precision
with automated textile innovation capabilities.

III. METHODOLOGY

This study adopts a combined methodology
integrating systematic literature review and a model-
based approach to analyze Al applications in fashion
forecasting and textile design. It involves data
collection, preprocessing, feature extraction, model
training, and prediction using advanced techniques
such as CNN, LSTM, and GAN to evaluate
performance and effectiveness.
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Fig 1: Research Methodology

1. Data Collection

There are several sources where relevant data is
obtained, such as fashion image datasets, social
media (Instagram, Pinterest) and e-commerce
websites. Such varied information assists
recording real time fashion trends, consumer tastes
and trends in design so as to have a complete dataset

in

in forecasting as well as in the analysis of textile
designs.

2. Data Preprocessing

The data collected is preprocessed through data
cleaning, normalization, and labeling. Duplicates or
irrelevant information is eliminated, missing data are
processed, and pictures/texts are standardized. This
step will guarantee high quality of input data, which
is needed to enhance accuracy of models and
trustworthy Al based predictions.

3. Feature Extraction

A higher level of Al techniques is applied to obtain
meaningful features of the data. Convolutional
Neural Networks (CNNs) are applications that
examine visual patterns, textures, and colors on
pictures, and Natural Language Processing (NLP) is
the technology that finds information in textual data,
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including fashion blogs, reviews, and captions on
social media.

4. Model Training

The features obtained are trained on machine learning
and deep learning models like LSTM to perform
trend forecasting and GANs to generate textile
patterns. These models are based on historical and
real time data and thus they are able to make the
correct predictions and produce novel design outputs.

5. Prediction and Evaluation

The learned models are applied to forecast future
fashions and create textile designs. Accuracy,
precision, and efficiency are some of the metrics used
to evaluate model performance. The outcomes are
also compared to the classical techniques to evaluate
the gains in speed, accuracy and the overall
effectiveness.

Iv. RESULT

This section presents the experimental results
obtained from the proposed Al-based system for
fashion forecasting and textile design. The

performance of different models, including LSTM,
CNN, GAN, and the hybrid LSTM—-CNN model, is
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evaluated using key metrics such as accuracy,
precision, recall, and F1-score. Comparative analysis
is conducted to assess the effectiveness of the
proposed approach against traditional methods like
ARIMA and manual forecasting. The results are
illustrated using graphs and tables to provide clear
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insights into model performance. The findings
demonstrate that the hybrid model achieves superior
accuracy and  reliability,  highlighting the
effectiveness of Al techniques in improving
prediction and design outcomes.
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Fig 2: Accuracy Comparison of Model

Figure 2 presents a comparative analysis of different
Al models used for fashion trend forecasting and
textile design. The results indicate that the hybrid
model combining LSTM and CNN achieves the
highest accuracy of 93.67%, outperforming
individual models such as CNN (92.45%), LSTM
(89.31%), and GAN (85.74%). The superior
performance of the hybrid model is due to its ability
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to capture both temporal patterns and visual features
effectively. In contrast, traditional methods show
significantly lower accuracy. This comparison
highlights the effectiveness of integrating multiple Al
techniques to improve prediction performance,
reliability, and overall system efficiency in fashion
applications.

0 10 20

30 40 50

Epochs

Fig. 3: Training vs Validation Accuracy over Epochs

The figure illustrates the progression of training and
validation accuracy across multiple epochs for the
proposed Al model. Both curves show a steady
increase, indicating effective learning and model

IJIRT 200851

improvement over time. Training accuracy rises
slightly higher than validation accuracy, which is
expected, while the small gap between them suggests
minimal overfitting. By the final epochs, both
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accuracies converge around 92-95%, demonstrating
strong generalization capability. This trend confirms

that the model is well-optimized and capable of

Proposed Al System
(Hybrid Model)

Traditional ML
(Regression)
Time Series Model
(ARIMA)

Manual/Expert
Forecasting

accurately predicting fashion trends. Overall, the
figure highlights the stability, efficiency, and
reliability of the model during the training process.
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The figure compares the accuracy of the proposed Al-
based hybrid model with traditional forecasting
approaches. The hybrid model achieves the highest
accuracy of 93.67%, significantly outperforming
traditional machine learning (78.32%), time-series
models like ARIMA (65.41%), and manual/expert
forecasting (52.18%). This substantial improvement
highlights the effectiveness of combining deep
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Fig. 4: Accuracy Comparison of Proposed Al System with Traditional Methods

learning techniques such as LSTM and CNN for
capturing both temporal and visual patterns. The
results clearly indicate that Al-driven approaches
provide more precise and reliable predictions.
Overall, the figure demonstrates the superiority of
modern Al systems over conventional methods in
fashion trend forecasting and decision-making.

Table 1: Detailed Performance Metrics of Al Models (Test Set)

Model Accuracy (%) Precision (%) Recall (%)  F1-Score (%)
LSTM (Trend Forecasting) 89.31 88.74 89.21 88.97
CNN (Image Recognition) 92.45 91.98 92.31 92.14
Hybrid Model (LSTM + CNN) 93.67 93.21 93.74 93.47
GAN (Design Generation) 85.74 84.92 85.51 85.21

Table 5 presents a comparative evaluation of different
Al models based on key performance metrics. The
hybrid model (LSTM + CNN) achieves the highest
performance across all metrics, including accuracy
(93.67%), precision (93.21%), recall (93.74%), and
Fl-score (93.47%). CNN also performs well in
image-based tasks, while LSTM shows strong results
in trend forecasting. GAN  demonstrates
comparatively lower values as it focuses on design
generation rather than prediction. Overall, the results
confirm that combining multiple AI techniques
enhances prediction accuracy, improves model
reliability, and ensures better performance in fashion
forecasting and textile design applications.

Case Study of Al in Fashion Forecasting and Textile
Design.

1. Zara is a trendy clothing retailer that utilizes Al to
predict upcoming fashion trends.
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Zara applies Al to study real-time customer data of
stores, online platforms, and social media. The
system monitors buying patterns, customer reviews,
and trending fashions to make swift changes to
designs. This allows Zara to save time in production
and be quick in reacting to fashion trends.
Consequently, the brand will have a quicker
inventory turnover and reduce the amount of stock
that cannot be sold as opposed to traditional
forecasting techniques.

2. H&M Data-Driven Design Optimization.

H&M combines Al and big data analytics to predict
demand and design the textile. The company
evaluates customer preferences, returns, and seasonal
patterns to ascertain the good performing styles and
fabrics. Al assists designers to make a better decision,
cutting down on the use of guesswork and enhancing
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the overall rate of product success and aiding
sustainable production processes.

3. Stitch Fix - Custom Fashion Recommendation.
Stitch Fix uses Al-powered technology with human
stylists to provide personalized fashion advice. The
system applies machine learning models to examine
customer profiles, body types, and style preferences.
This combination model has resulted in increased
customer satisfaction and accuracy of trend
predictions on a one-on-one basis, showing how Al
can be wused beyond mass forecasting to
personalization.

4. Nike - Al in Design and Manufacturing.

Nike is using Al to predict trends and design
products. Nike observes new trends and customer
needs with the help of data analytics and predictive
modeling. Innovative textile patterns and
optimization of material usage are also the results of
Al usage which help to increase the performance and
sustainability of the sportswear design.

5. Amazon -Fashion Prediction with Al

Amazon is applying deep learning models and Al to
process large customer browsing data, buying data,
and product review data. The company has come up
with mechanisms that can forecast the future fashion
trends and even come up with new designs of clothes.
This aids in optimization of inventory management
and enhancement of customer recommendation
systems.

V. DISCUSSION

Findings of this research reveal that Artificial
Intelligence can greatly enhance forecasting and
design of fabrics and other related products in terms
of accuracy and efficiency. The comparative analysis
demonstrates that the hybrid model that is a
combination of LSTM and CNN is better than single
models as it can capture both the temporal trends and
visual features. This incorporation facilitates
improved knowledge about the behavior of
consumers, seasonal trends and design factors. The
performance metrics show that Al-based methods are
more accurate, precise, and reliable than the
traditional forecasting techniques like manual
analysis and ARIMA models. Moreover, GANs and
similar Al methods are also used in novel textile
design, creating new patterns and shapes, increasing
the creativity in the design process. Nevertheless,
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there are still some obstacles, such as data quality
problems, high computational demands, and large
datasets to effectively train. Also, the difference
between training and validation accuracy is small, but
indicates the need to apply continuous model
optimization. In general, the results indicate that Al-
based systems can provide an efficient and scalable
solution to the fashion industry. With the combination
of forecasting and design, Al allows quicker
decision-making, lowering expenses of operations
and being more responsive to fashion trends that
change quickly.

VL CONCLUSION

This paper has examined how Artificial Intelligence
can be used to predict trends in fashion and design
textiles, highlighting how it can revolutionize the
conventional industry processes. The study revealed
that Al methods, such as machine learning, deep
learning, and generative models, can greatly
contribute to improving the quality of prediction and
design innovation. The hybrid model, which is a
combination of LSTM and CNN, had the best
performance, and this shows the power of using a
combination of various Al methods to achieve better
results. The paper also emphasized the shortcomings
of traditional forecasting approaches that are mostly
based on human intuition and are slow and
inaccurate. Conversely, Al-based systems can
analyze large volumes of data in real-time and make
decisions based on this information as it is more
accurate and supported by data. Furthermore, GANs
in textile design open up new opportunities of
automated and creative creation of patterns,
promoting efficiency and personalization. Although
there are these improvements, issues like data
dependency, computational complexity, and
integration problems still exist. The next step in
research is to create scalable and real-time Al
systems, as well as enhance the quality of data, to
enhance performance. To sum up, Al can transform
the fashion industry, making it more dynamic,
creative, and sustainable within a highly dynamic
business landscape.
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