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In the highly competitive and dynamic fashion industry, choosing a high-selling fabric design for the apparel is critical. 

Conventional approach is time-intensive and dependent on individual expertise. PARAM uses AI to predict the success of 

a fabric design, well ahead of time. It uses historical data to transform the designing and buying processes into a data-

driven decision process. The solution, mentioned in this paper, builds insights on attribute level contribution to success 

and similarity of fabrics to those in past collection. It minimizes left over inventory and lost opportunity, a challenge that 

plagues fashion retail. 

Keywords: Fashion, Retail, Machine Learning, Artificial Intelligence, Fabric Design, Apparel Industry, Predictive 

Analytics 

 

1. Introduction 
The fashion industry is undergoing rapid transformation, facing considerable pressure to accelerate time-to-market and develop 

apparel that aligns with consumer demand. This is further complicated by the introduction of new offerings every season and 

short-lived trends. The challenge now lies in accurately predicting which apparels will be successful. Conventional methods 

that depend on intuition and past experiences lead to inefficient decisions creating a mismatch between the product offerings 

and the market demand. Fashion – retail companies currently use fashion trend reports, historical performance, in-store 

feedback, and the expertise of fashion veterans to make their decisions. While these insights are critical and valuable, they are 

slow and prone to subjectivity. This leads to an accumulation of unsold products by the end of the season. As a result, retailers 

are frequently forced to either heavily discount these items or discard them entirely. Thus, forecasting capabilities become 

essential for maintaining market competitiveness.  

This paper explores how data and advanced analytics driven approaches can augment the conventional approaches to provide 

deep insights to aid the selection of potentially successful fabrics for men’s casual and formal shirts. Fashion retail companies 

can now harness historical performance data to enhance their decision making with actionable insights leading to improved 

apparel offerings in the market. This will result in driving higher sales performance and lower the risks of accumulating 

substantial amounts of unsold inventory. The methodology measures how well this approach improves product offerings by 

examining fabric characteristics and sales performance data from several previous seasons. The results of this study demonstrate 

how decision-making powered by data and advanced analytics has the potential to fundamentally transform the fashion retail 

sector. 

 

2. Literature Review 
The fashion industry relies heavily on fabric design and selection to drive sales and profitability. Traditional methods of 

predicting fabric success often involve a designer’s intuition and limited data analysis. With the advent of machine learning 

(ML), there is a potential to enhance these predictions by leveraging data-driven insights. 

Research has explored the application of ML in various aspects of the fashion industry, including trend forecasting, customer 

preferences, and product success. The authors propose applying machine learning models to forecast the demand of new fashion 

designs [1], which will achieve better accuracy than traditional methods. 

The success of fabric designs depends on various factors, including color, season, material, and pattern, etc. Research has 

examined how these factors impact consumer preferences and sales performance. The authors highlight the role of fabric 

attributes in shaping brand identity and customer loyalty [2]. 

Traditionally, predicting the success of fabric designs relies on past sales data and the intuition of designers. However, issues 

such as uncleaned data, limited access to comprehensive datasets, and reliance on subjective judgment pose challenges. The 

need for cleaner, more accessible data to improve prediction accuracy is emphasized in [3]. 

Existing methods for fabric success prediction include statistical analysis and heuristic approaches. However, these methods 

often can’t consider the complicated relationships between different attributes and external factors like upcoming fashion trends. 
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Advances in Machine learning, such as supervised learning and neural networks, offer promising solutions for predicting 

success. These models can analyze intricate patterns and relationships in large datasets, providing more accurate predictions 

than traditional methods. Studies have demonstrated the effectiveness of various Machine learning algorithms in fashion 

analytics [4]. 

A significant gap in current research is the lack of high-quality, comprehensive datasets. Many studies rely on limited or 

uncleaned data, which affects the reliability of predictions. There is a need for improved data collection methods and access to 

diverse datasets. While research has explored individual attributes, there is less emphasis on understanding the combined impact 

of multiple attributes on fabric success. 

There is a gap in applying Machine learning models to real-world fashion scenarios, particularly in the context of fabric 

design and sourcing. Integrating Machine learning models into the design and sourcing process can streamline decision-making 

and improve outcomes. By incorporating data from multiple sources, including project lifecycle management (PLM) systems 

and sales records, ML engines can provide actionable insights that enhance design choices and procurement strategies. 

 

3. Improvements Over Current Approaches 
The PARAM project addresses several gaps identified in the literature by providing an end-to-end ML solution for fabric success 

prediction. By integrating comprehensive data sources and ML algorithms alongside AI driven descriptive analysis, PARAM 

aims to enhance the accuracy of predictions and support better decision-making in fabric design and procurement phase. This 

review highlights the potential of ML to transform fabric success prediction by providing data-driven insights and improving 

accuracy. This emphasizes the need to improve data quality, attribute granularity and real-world applications for better 

functioning of ML models for fashion industry. 

 

4. Preliminaries 
4.1 Rate of Sale (ROS) 

ROS captures the velocity of stock selling and is defined for a product as the sales quantity per week per store. The higher the 

ROS the faster the stock is selling, thus is an important metric defining to the overall success of a product. 

 

 𝑅𝑎𝑡𝑒 𝑜𝑓 𝑆𝑎𝑙𝑒 (𝑅𝑂𝑆) =
𝑇𝑜𝑡𝑎𝑙 𝑆𝑎𝑙𝑒𝑠 𝑄𝑢𝑎𝑛𝑡𝑖𝑡𝑦

𝑇𝑜𝑡𝑎𝑙 𝑆𝑡𝑜𝑟𝑒𝑠 ∗  𝑊𝑒𝑖𝑔ℎ𝑡𝑒𝑑 𝑆ℎ𝑒𝑙𝑓 − 𝑙𝑖𝑓𝑒
 

 

4.1.1 Weighted Shelf-life 

Shelf life for apparel is defined as the time the apparel was available in the store for sale. The calculation of weighted shelf life, 

therefore, is an important step in the calculation of ROS. This is calculated as the weighted average of the number of weeks 

since inward date using the inward quantity as weights. This is defined in A similar way for style-store level, style level and 

fabric level. 

𝑊𝑒𝑖𝑔ℎ𝑡𝑒𝑑 𝑆ℎ𝑒𝑙𝑓 𝑙𝑖𝑓𝑒 =  
∑(𝐼𝑛𝑑𝑖𝑣𝑖𝑑𝑢𝑎𝑙 𝑆𝑡𝑜𝑟𝑒 𝑆ℎ𝑒𝑙𝑓 𝐿𝑖𝑓𝑒 ∗  𝑆𝑡𝑜𝑟𝑒 𝐼𝑛𝑤𝑎𝑟𝑑𝑠 )

∑(𝐼𝑛𝑤𝑎𝑟𝑑𝑠 𝑓𝑜𝑟 𝐸𝑎𝑐ℎ 𝑆𝑡𝑜𝑟𝑒) 

 

4.1.2 ROS – Style Level 

Calculation of ROS at Style level, i.e., for each shirt sold is equal to the total number of shirts sold divided by the product of 

weighted shelf life and the total number of stores the shirt was sent to. 

 

𝑅𝑎𝑡𝑒 𝑜𝑓 𝑆𝑎𝑙𝑒 (𝑅𝑂𝑆) =
𝑇𝑜𝑡𝑎𝑙 𝑆𝑎𝑙𝑒𝑠 𝑄𝑢𝑎𝑛𝑡𝑖𝑡𝑦 𝑆𝑡𝑦𝑙𝑒 𝐿𝑒𝑣𝑒𝑙

𝑇𝑜𝑡𝑎𝑙 𝑆𝑡𝑜𝑟𝑒𝑠 𝑆𝑡𝑦𝑙𝑒 𝐿𝑒𝑣𝑒𝑙 ∗  𝑊𝑒𝑖𝑔ℎ𝑡𝑒𝑑 𝑆ℎ𝑒𝑙𝑓 − 𝑙𝑖𝑓𝑒 𝑆𝑡𝑦𝑙𝑒 𝐿𝑒𝑣𝑒𝑙
 

 

4.1.3 ROS – Fabric Level 

Calculation of ROS at Fabric level is slightly different which is because of the one-to-many relation between fabrics and 

products. One fabric can be used to make multiple shirts; therefore, it is calculated as the total number of shirts sold 

manufactured using a certain fabric divided the product of the sum of the stores that individual shirts have gone to and the 

weighted shelf life for the fabric. 

 

𝑅𝑎𝑡𝑒 𝑜𝑓 𝑆𝑎𝑙𝑒 (𝑅𝑂𝑆) =
𝑇𝑜𝑡𝑎𝑙 𝑆𝑎𝑙𝑒𝑠 𝑄𝑢𝑎𝑛𝑡𝑖𝑡𝑦 𝐹𝑎𝑏𝑟𝑖𝑐 𝐿𝑒𝑣𝑒𝑙

𝑇𝑜𝑡𝑎𝑙 𝑆𝑡𝑜𝑟𝑒𝑠 𝐹𝑎𝑏𝑟𝑖𝑐 𝐿𝑒𝑣𝑒𝑙 ∗  𝑊𝑒𝑖𝑔ℎ𝑡𝑒𝑑 𝑆ℎ𝑒𝑙𝑓 − 𝑙𝑖𝑓𝑒 𝐹𝑎𝑏𝑟𝑖𝑐 𝐿𝑒𝑣𝑒𝑙
 

   

4.2 Gross Profit Per Net Sale Value (GP / NSV) 

𝐺𝑃 𝑁𝑆𝑉 ⁄ represents the ratio of gross profit (GP) to net sale value (NSV) and assesses the profitability of product. A higher 

ratio means the product is more profitable because a bigger part of the revenue from sales goes toward profit.  

Calculation of GP/NSV: Gross Profit per Net Sale Value is calculated by dividing the total Gross Profit (GP) by total Net Sale 

value (NSV) of all the shirts sold that were made from the same fabric. Gross Profit is calculated as the difference between Net 

Sale Value (NSV) and Cost of Goods Sold (COGS).  

 

`𝐺𝑟𝑜𝑠𝑠 𝑃𝑟𝑜𝑓𝑖𝑡 =  𝑁𝑒𝑡 𝑆𝑎𝑙𝑒 𝑉𝑎𝑙𝑢𝑒 –  𝐶𝑜𝑠𝑡 𝑜𝑓 𝐺𝑜𝑜𝑑𝑠 𝑆𝑜𝑙𝑑  
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𝐺𝑃/𝑁𝑆𝑉 =  𝑇𝑜𝑡𝑎𝑙 𝐺𝑟𝑜𝑠𝑠 𝑃𝑟𝑜𝑓𝑖𝑡  /  𝑇𝑜𝑡𝑎𝑙  𝑁𝑒𝑡 𝑆𝑎𝑙𝑒 𝑉𝑎𝑙𝑢𝑒 

 

4.3 Success Metric: Combination of ROS and GP/NSV Metric 

Once ROS and GP/NSV are calculated for all fabrics the dataset is broken down into training set and test set. The data from2021 

till 2022 is used for training and the data from 2023 is used for testing the models. It is important to split the data before 

calculating the success metric as we Normalize both the metrics using the Minmax Scaler. We use the training data to fit the 

scaler and use the same scale to transform the test data. Once normalized we use a weighted sum with 70% weightage given to 

ROS and 30% weightage given to GP/NSV. 

 
Success Metric =  70% ∗ 𝑅OS + 30% ∗ 𝐺P/NSV  

 

4.3.1 Categorization of fabrics as successful and unsuccessful: 

The success metric forms the basis of evaluation of the performance of a fabric. We split the training data into successful and 

unsuccessful by using the median value of the success metric as a threshold. All fabrics with the success metric greater than the 

median value are tagged as successful fabrics and all fabrics with the success metric lesser than the median value are tagged as 

unsuccessful fabrics. This same median value is used as a threshold to categorize the test set fabrics. This converts the problem 

into a binary classification problem with a balanced dataset. This methodology was selected with consideration of the relatively 

small dataset size, ensuring that a balanced dataset provides the models with the maximum number of fabric records for effective 

learning.  

 

4.4 Gower Distance 

Gower Distance is a distance measure that can be used to calculate distance between two entities whose attribute are a mix of 

categorical and numerical values. The Gower distance 𝑑𝑖𝑗  between two objects 𝑖 and 𝑗 in a dataset with 𝑝 variables is calculated 

using the following formula 

 

𝑑𝑖𝑗 =
∑ 𝑤𝑘

𝑝
𝑘=1 ⋅ 𝑑𝑖𝑗𝑘

∑ 𝑤𝑘
𝑝
𝑘=1

 

 

Where 

• 𝑤𝑘  is the weight assigned to variable 𝑘, 

• 𝑑𝑖𝑗𝑘  is the dissimilarity between the  𝑘 −th variable of objects 𝑖  and 𝑗 , and 

• 𝑑𝑖𝑗𝑘  depends on the type of variable: 

• For numerical variables 

 

𝑑𝑖𝑗𝑘 =
|𝑥𝑖𝑘 − 𝑥𝑗𝑘|

𝑅𝑘
 

 

 Where 𝑥𝑖𝑘 and 𝑥𝑗𝑘 are the values of the 𝑘 −th variable for objects 𝑖 and 𝑗 respectively, and 𝑅𝑘 is the range of the 𝑘 −th 

variable. 

 

• For categorical variables: 

 

    𝑑𝑖𝑗𝑘 = 0  if  𝑥𝑖𝑘 = 𝑥𝑗𝑘(objects 𝑖 and 𝑗 have the same category), otherwise 𝑑𝑖𝑗𝑘 = 1. 

 

• For ordinal variables 

 

𝑑𝑖𝑗𝑘 =
|𝑟(𝑥𝑖𝑘) − 𝑟(𝑥𝑗𝑘)|

𝐿𝑘 − 1
 

 

where 𝑟(𝑥𝑖𝑘) and 𝑟(𝑥𝑗𝑘) are the ranks of the 𝑘 −th variable for objects 𝑖  and 𝑗  respectively, and 𝐿𝑘 is the number of levels 

of the 𝑘 −th variable. 

The Gower distance ranges from 0 (indicating identical objects) to 1 (indicating completely dissimilar objects), and it can 

handle datasets containing a mix of numerical, categorical, and ordinal variables. 

4.5 Visual Similarity – Colorspacious Library 

Colorspacious is a powerful and user-friendly library designed for efficient colors space conversions. It supports various 

standard color spaces, including sRGB, XYZ, xyY, CIELab, and CIELCh. In addition to these common models, Colo spacious 

offers advanced functionalities such as a complete implementation of the CIECAM02 model, and perceptually uniform spaces 

like CAM02-UCS, CAM02-LCD, and CAM02-SCD as proposed by Luo et al. (2006) [5].  
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Conversion of images from their representations in sRGB space to CAM02-UCS space (represented by J, a, b values) allows 

for an accurate calculation of color difference. This is achieved by calculating the delta-e metric, which determines how different 

the two colors will appear to an observer [6].  

The Delta E (ΔE) equation in the CAM02-UCS colorspace is designed to quantify the difference between two colors based on 

their J, a, b coordinates. The formula for calculating ΔE in the CAM02-UCS space is as follows: 

 

∆𝐸𝐶𝐴𝑀02−𝑈𝐶𝑆  =  √(𝐽1 − 𝐽2)2  + (𝑎1 − 𝑎2)2  +  (𝑏1 − 𝑏2)2  

 

Where: 

• 𝐽1 , 𝑎1 , 𝑏1   are the 𝐽, 𝑎, 𝑏 coordinates of the first color. 

• 𝐽2 , 𝑎2 , 𝑏2  are the 𝐽, 𝑎, 𝑏 coordinates of the second color. 

 

4.6 K-Means 

K-Means is a clustering algorithm that partitions data points into distinct groups based on their attributes. The primary objective 

of K-Means is to minimize the distance between points within each cluster while maximizing the distance between different 

clusters [7]. 

 

The K-Means algorithm operates as follows 

1. Initialization: The user specifies the number of clusters (K) to form. The algorithm randomly selects K initial centroids 

from the dataset. 

2. Assignment Step: Each data point is assigned to the nearest centroid based on a distance metric, typically Euclidean 

distance to form K clusters. 

3. Update Step: The centroids of each cluster are recalculated by averaging the positions of all data points assigned to that 

cluster. 

4. Convergence: Steps 2 and 3 are repeated until the centroids no longer change significantly or until a predetermined number 

of iterations is reached. At this point, the algorithm has converged. 

 

4.7 Cat Boost 

Cat Boost is a state-of-the-art machine learning algorithm developed by Yandex, specifically designed for handling categorical 

data effectively. It belongs to the family of gradient boosting algorithms, which are known for their high accuracy and robustness 

in a wide range of predictive tasks. One of the key advantages of Cat Boost is its ability to automatically handle categorical 

features without the need for extensive pre-processing, such as one-hot encoding or label encoding. This feature makes it 

particularly well-suited for datasets with a significant number of categorical variables, as it preserves the inherent relationships 

within the data while reducing the risk of overfitting. Additionally, Cat Boost is recognized for its fast-training speed, even with 

large datasets, and its capability to produce highly interpretable models. It incorporates a novel technique called Ordered 

Boosting, which effectively reduces prediction shift and prevents overfitting, making it more reliable in practical applications 

[8]. 

 

4.8 Optuna Library 

To optimize the performance of the Cat Boost model, hyperparameter tuning was conducted using the Optuna library, a powerful 

tool for automated hyperparameter optimization. Optuna’s ability to efficiently search the hyperparameter space using 

techniques like Tree-structured Parzen Estimator (TPE) allowed for the discovery of the optimal set of hyperparameters, 

enhancing model accuracy and generalization [9]. 

 

4.9 Accuracy 

Accuracy is a statistical measure used to evaluate the overall performance of a predictive model. It is defined as the ratio of the 

total number of correct predictions (both true positives and true negatives) to the total number of predictions made by the model. 

In simpler terms, accuracy reflects how often the model correctly identifies both successful and unsuccessful fabrics. 

The formula for accuracy is 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 (𝑇𝑃) +  𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠 (𝑇𝑁)

𝑇𝑜𝑡𝑎𝑙 𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛𝑠 (𝑇𝑃 +  𝑇𝑁 +  𝐹𝑃 +  𝐹𝑁)
 

 

• True Positives (𝑻𝑷): The number of correct positive predictions made by the model. 

• True Negatives (𝑻𝑵): The number of correct negative predictions made by the model. 

• False Positives (𝑭𝑷): The number of incorrect positive predictions made by the model. 

• False Negatives (𝑭𝑵): The number of incorrect negative predictions made by the model 
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5.   Proposed Methodology 
This section outlines the methodology employed in the curation of the data that powers the PARAM tool in the backend. The 

focus of PARAM tool in terms of fashion category is on men’s formal and casual shirts. This decision was made for two key 

reasons: the men's shirt category accounts for the largest share of business revenue, and trend prediction in fashion is particularly 

challenging in today's fast fashion environment, where trends are short-lived. It was believed that trends in men's shirts tend to 

be more stable compared to other fashion categories. This section covers the methodologies applied for data preprocessing, 

predictive analysis, and descriptive analysis in PARAM. 

 

5.1 Data Preprocessing 

The initial data pertaining to fabric, product, sales, and inventory inflow is extracted from the business warehouse hosted on 

Databricks, using SQL queries, and subsequently refined to generate a curated dataset. The fabric related attributes that are 

captured include fabric pattern, color, fibre composition, weave type, EPI, PPI, fabric finish and business defined assortment 

groups. An extensive data preprocessing layer is used to transform the raw data into usable format for predictive as well as 

descriptive analysis. The null value analysis of the showed that several potentially significant columns had a large proportion 

of missing values and thus were unusable for the analysis. Several other columns (e.g. the weight of the fabric) did contain data, 

but after consulting with the business, we found the information to be unreliable. As a result, those columns were also excluded. 

Eventually, filtering out only the pattern, color, fibre composition, weave type, EPI, PPI, fabric finish and business defined 

assortment groups as the attributes to be considered for the exercise.  

 
Table 1 Summary of Fabric Attributes and Associated Preprocessing Techniques 

Attribute Name 
Attribute 

Type 
Small Description 

Fabric Pattern Categorical 
Essential attribute indicating fabric design (e.g., check, stripe, solid); missing values are 
dropped. 

Fabric Color Categorical 
Contains Pantone codes and business-defined colors; Pantone codes are mapped to RGB 
values for standardization. 

Fibre Constituents String 
Records multiple fiber types in a single string, split into separate columns and combined as 
needed. 

EPI and PPI Numeric 
Ends Per Inch and Picks Per Inch; combined in raw data, split into separate columns, 
imputed with median values if missing. 

Weave Type Categorical 
Describes the fabric structure based on warp and weft interweaving; engineered using a 
design matrix of 1’s and 0’s. 

Fabric Finish Categorical 
Describes the finish of the fabric, indicating treatments that affect texture, appearance, and 
performance. 

Business Defined 
Assortment Group 

Categorical 
A grouping used by the business to categorize fabrics based on specific criteria or market 
segments. 

 

 

Figure 1 Highlighting EPI (Ends Per Inch) and PPI (Picks Per Inch): Two Key Metrics in Fabric Construction that Influence Texture and 
Durability. 

 

 

Figure 2 Satin Weave Provides a Glossy Finish, While Basket Weave Showcases a Textured Pattern—Two Examples of the Many Different 

Weave Type 

5.2 Predictive Analysis – PARAM 

The predictive analysis in PARAM leverages machine learning to model relationships between historical sales data and 

corresponding fabric attributes to predict the potential success probability of new season fabrics. The goal of this analysis was 

Satin Weave Basket Weave
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to generate accurate predictions of fabric success, aiding in more data-driven decision-making during the design and buying 

phases. Initially, we experimented with several models, including logistic regression, decision trees, support vector machines 

(SVM), random forests, and XGBoost with different loss functions as mentioned in Table.2. However, the performance metrics 

from these models did not match the accuracy achieved with Cat Boost. In this context, Cat Boost was chosen for its ability to 

model complex relationships between fabric attributes and their performance outcomes, while efficiently managing the 

categorical data inherent in the dataset. The algorithm’s robust performance and minimal requirement for data preprocessing 

make it an ideal choice for predictive modelling in the fashion industry, where diverse and complex categorical data is common. 

 
Table 2 Model Specification and Loss Functions for Binary Classification 

Model Criterion / Loss Function 

Logistic Regression Log Loss (Binary Cross-Entropy) 

Decision Trees Gini Impurity / Log Loss 

Support Vector Machines (SVM) Hinge Loss / Squared Hinge Loss 

Random Forests Log Loss (Binary Cross-Entropy) 

XG Boost Log Loss (Binary Cross-Entropy) 

 

We use the data from 2021 and 2022 for training the Cat Boost model. To ensure robust and reliable performance of the 

predictive models within the PARAM tool, the training process was conducted using the following approach: 

 

 

Figure 3 Overview of the Training Process: Implementing 5-fold Cross-Validation with Historical Data and Machine Learning Algorithms 

to Enhance Fabric Selection and Predict Market Success in Fashion Retail. 

 

5.2.1 Data Splitting and Cross-Validation: 

Stratified K-Fold Cross-Validation: Given the balanced nature of the dataset, stratified K-fold cross-validation was employed. 

This method was chosen to maintain the proportion of the target variable across each fold, ensuring that the model is trained 

and validated on representative samples of the data. This approach helps in reducing variance in performance metrics and 

provides a more generalized model evaluation. Stratified 5-fold cross validation was used to train the models to find the best 

hyperparameters with the help of Optuna (python library for hyperparameter optimization) [10]. 

  

   
Figure 4  In-Depth Representation of the Process of Training and Validation of each fold in the 5-fold Cross Validation Process. 

 

5.2.2 Hyperparameter Optimization 

In our early experiments we noticed that the overall accuracy remained close to 60% on our validation and test sets. Upon 

further analysis, we identified four distinct clusters of fabrics based on predicted probabilities: those with high probability, 

above average probability, below average probability, and low probability. The accuracy of classification into successful and 

unsuccessful was much better, close to 75% for the fabrics with high and low predicted probability. This outcome can is 

attributed to the inherent complexity of the fashion industry, where certain combinations of attributes have historically led to 

both successful and un-successful fabrics. As such, the models cannot predict that these attribute combinations will consistently 
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result in successful or unsuccessful performance moving forward; however, for fabrics with a history of clear success or failure, 

the models reliably assign higher or lower probability scores. 

 

The probability output from the model was, therefore, categorized into four distinct zones: the bottom zone, near bottom zone, 

near top zone, and top zone. This classification was based on the prediction probabilities that the model assigned to the training 

data after training. The thresholds for each zone were established as follows: 

• Bottom Zone: 0 to 25th percentile 

• Near Bottom Zone: 25th to 50th percentile (median) 

• Near Top Zone: 50th (median) to 75th percentile 

• Top Zone: 75th to 100th percentile 

These thresholds allowed us to effectively segment the predicted probabilities into meaningful zones for analysis 

 

 
Figure 5 The Process for Splitting the Model Output into 4 Zones: Top, Near To, Near Bottom and Bottom zone. 

 

PARAM recommends that business stakeholders prioritize the purchase of fabrics in the top zone and refrain from selecting 

those in the bottom zone. In the near bottom and near top zones, PARAM provides valuable analytics to guide decision-making, 

however, the predictive recommendations are less conclusive. Hence, stakeholders integrate their expertise with our insights to 

arrive at informed selection choices.  

 

5.2.3 Optimization Objective 

We utilized stratified 5-fold cross-validation, which allowed us to obtain a top accuracy and a bottom accuracy from each of 

the 5-folds. The goal of hyperparameter optimization was to maximize the model's accuracy in both the top and bottom zones. 

To achieve our objective, we defined a simple objective function: the sum of the average top zone accuracies and the average 

bottom zone accuracies. Our aim was to maximize this combined accuracy. 

The goal is to maximize the sum of the top and bottom precision metrics 
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+ 𝐵𝑜𝑡𝑡𝑜𝑚 𝐹𝑜𝑙𝑑 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 𝑖 

 

• 𝑇𝑜𝑝 𝐹𝑜𝑙𝑑 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦𝑖 ̇ be the top precision score for fold i. 

• 𝐵𝑜𝑡𝑡𝑜𝑚 𝐹𝑜𝑙𝑑 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦𝑖 be the bottom precision score for fold i. 

• 5 be the total number of folds. 

 
Table 3 Defines the Fold Accuracies for Validation 

Zone 5-Fold Accuracies Mean Accuracy 

Top Zone 69.76, 77.32, 79.19, 78.11, 77.89 76.45 

Bottom Zoe 72.73, 72.04, 74.88, 67.82, 71.64 71.82 

 

Once optimal hyperparameters were identified, the model was trained on the complete dataset spanning from 2021 and 2022. 

The data from 2023 was then used to test the model, with a focus on achieving a business-acceptable accuracy threshold of over 

70%. Only after surpassing this benchmark on the test data, we proceed to train a new model on the entire dataset, now including 

data from 2021 to 2023, to predict the potential performance of fabrics for 2024. 
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Figure 6 New Season Fabrics view on PARAM Displays all the Newly Designed Fabrics Alongside their Probability Of Success. 

 

The prediction results from the Catboost model are displayed in the new season fabrics view on the tool alongside the fabric 

images and the fabric attributes as shown in Figure 6. 

 

 

5.3 Descriptive Analysis – PARAM 

Once the fabrics for the upcoming season are designed, analyzing the performance of similar fabrics previously sold provides 

valuable insights into the potential success of the new season's offerings. Thus, the descriptive analysis feature of PARAM, 

which identifies the most similar fabrics, is essential for supporting effective decision-making. By streamlining this process, 

PARAM significantly reduces the effort and time needed for the buying and merchandising team to make well-informed choices. 

PARAM provides the capability to identify the most similar fabrics based on fabric attributes, images, or a combination of both. 

This allows end users to find comparable fabrics according to their specific use case and perspective of analysis, offering greater 

flexibility and precision in fabric selection. 

 

 

Figure 7 The Overall Process Followed for Identifying Similar Fabrics using an Ensemble of Techniques. 

 

5.3.1 Identification using Fabric Attribute Information and Gower Distance 

Identification of similar fabrics is based on the numerical as well as the categorical fabric attributes captured by the design 

teams. The attributes include business defined assortment group, fabric pattern, season of release, fabric color, cotton%, 

polyester%, nylon%, bamboo%, viscose fibres%, stretch fibres%, linen fibres%, EPI, PPI and weave type of the fabric. A 

weighted Gower distance is then utilized as the measurement of similarity between the fabrics. These weights for fabric 

attributes were decided after multiple rounds of discussions with the business and multiple sets of weights were designed to 

cater to various kinds of similarity that the end users might be interested in exploring. These similarities can be based of the 

visual similarity, thereby giving higher weights to fabric color and pattern, or can be based on the structural properties of the 

fabric thereby giving higher weightages to the weave type and the EPI and PPI of the fabric. Gower distance is calculated for 

each new fabric from all the previously sold fabrics and 10 fabrics with the least Gower distance are shortlisted to be displayed 

on the PARAM tool.  

 

5.3.2 5.3.2 Identification using Fabric Images 

Identification of similar fabrics based on images begins with the extraction of fabric swatches from garment images. Using the 

YOLO model for pose estimation, key body landmarks such as the shoulders and hips are detected, enabling precise isolation 

of the fabric segment for further analysis. Following swatch extraction, two parallel workflows are initiated to capture different 

aspects of fabric similarity. First, the extracted swatch images undergo color analysis. The images are initially converted from 

the RGB color space to the CAM02-UCS color space to improve perceptual accuracy in representing color differences [5]. This 

conversion ensures that color distances reflect human visual perception more accurately. After this transformation, K-means 

clustering is applied to each image to identify the three most dominant colors, along with their respective proportions within 

the image. 
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To calculate the similarity between two images, each with three dominant colors and their associated proportions, the DeltaE 

color distance metric is employed. The similarity score is derived by comparing each color from one image with every color 

from the other, resulting in nine total comparisons. The weight of each comparison is determined by multiplying the proportions 

of the corresponding colors from both images, allowing for a weighted average calculation. This comprehensive approach, 

which considers both color distribution and perceptual difference, provides a nuanced similarity score that effectively captures 

the color-based relationship between fabrics. 

 
Table 4 Describe the Delta e Calculations 

Proportions 
0.75 

C1a 

0.15 

C1b 

0.1 

C1c 

0.5 

C2a 
(0.75 x 0.5) x Delta-E(C1a, C2a) (0.15 x 0.5) x Delta-E(C1b, C2a) 

(0.1 x 0.5)  

x Delta-E(C1c, C2a) 

0.3 

C2b 
(0.75 x 0.3) x Delta-E(C1a, C2b) (0.15 x 0.3) x Delta-E(C1b, C2b) (0.1 x 0.3) x Delta-E(C1c, C2c) 

0.2 

C2c 
(0.75 x 0.2) x Delta-E(C1a, C2c) (0.15 x 0.2) x Delta-E(C1b, C2c) (0.1 x 0.2) x Delta-E(C1c, C2c) 

 

Concurrently, a pattern analysis is conducted by converting the swatch images to grayscale, which isolates the textural and 

structural features of the fabric without the influence of color. A Vision Transformer (ViT) model, specifically google/vit-base-

patch16-224-in21k, is employed to extract feature embeddings from these grayscale images. This model, pre-trained on a 

diverse set of visual tasks, captures intricate pattern details that are essential for assessing pattern-based similarity. To 

complement this, the same ViT model is applied to the original color images, thereby generating feature embeddings that 

incorporate both pattern and color information. This dual approach allows for a comprehensive assessment of fabric similarities, 

differentiating between purely pattern-based similarities and those influenced by both pattern and color. Output from this was 

utilized to enhance the result of PARAM fabric similarity.   

To harmonize the varied similarity metrics, all calculated distances are normalized using MinMaxScaler [11], ensuring 

uniformity across different scales. These metrics are then integrated through a weighted ensemble approach, allowing users to 

assign specific weights to pattern, color, and attribute-based similarities based on their analytical needs. These measures are 

aggregated to compute a final similarity score for each fabric comparison, reflecting the combined influence of pattern, color, 

and attribute-based similarities. 

Finally, the system ranks fabrics based on their aggregated similarity scores, presenting the top matches for each query. This 

structured methodology, which combines advanced machine learning models with robust statistical measures, equips 

stakeholders with precise, data-driven insights for fabric selection and development, ultimately enhancing decision-making and 

operational efficiency. 

 

 

Figure 8 Comparison with Existing Designs view on PARAM Displays the 10 Most Similar Fabrics to the New Season Fabric. 

 

 

Figure 9 Top 5 Best & Worst view on PARAM Displays the Shirts Made from the most Similar Fabrics Displayed on the Comparison of 
Existing Design’s view. 
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5.4 Impact of Attributes 

The impact of attributes is a descriptive analysis page which helps uncover and compare how different combinations of fabrics 

attributes have performed in the past. This helps answer questions for designers where they might be contemplating choice 

between different choices for a certain fabric attribute given that the rest of the attributes remain the same. For example, if a 

designer is designing a red colored check fabric and wants to understand what weave type have worked best for red colored 

check fabrics in the past. This is achieved by creating the tree-based drill down visualization using the sales data merged with 

the fabric attributes data. The page also covers the timeline chart over the first 8-week lifecycle of a product in the store and 

gets updated every time a certain combination of attributes is chosen. 

 

 

Figure 10 Impact of Attributes view on PARAM displays the overall and the Weekly Performance of Different Combinations of Fabrics 

Attributes 

 

6. Evaluation 
6.1 Predictive Model Performance Criteria 

The performance of the Cat Boost model was assessed using accuracy, emphasizing its ability to predict the success or failure 

of fabrics based on historical data. To evaluate the efficacy of our solution, we focus on the model's ability to accurately predict 

successful fabrics within the top zone and to identify unsuccessful fabrics within the bottom zone. 

In evaluating the performance of the model for the top zone, we consider accuracy because it provides a comprehensive view 

of how well the model identifies both successful and unsuccessful fabrics. The formula for top zone accuracy is: 

 

 

𝑇𝑜𝑝 𝑍𝑜𝑛𝑒 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑁𝑜.  𝑜𝑓 𝑠𝑢𝑐𝑐𝑒𝑠𝑠𝑓𝑢𝑙 𝑓𝑎𝑏𝑟𝑖𝑐𝑠 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑

𝑁𝑜.  𝑜𝑓 𝑠𝑢𝑐𝑐𝑒𝑠𝑠𝑓𝑢𝑙 𝑓𝑎𝑏𝑟𝑖𝑐𝑠 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 +  𝑁𝑜.  𝑜𝑓 𝑢𝑛 − 𝑠𝑢𝑐𝑐𝑒𝑠𝑠𝑓𝑢𝑙 𝑓𝑎𝑏𝑟𝑖𝑐𝑠 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑
 

 

Similarly, we define the metric for bottom zone performance evaluation as 

 

𝐵𝑜𝑡𝑡𝑜𝑚 𝑍𝑜𝑛𝑒 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑁𝑜.  𝑜𝑓 𝑢𝑛 − 𝑠𝑢𝑐𝑐𝑒𝑠𝑠𝑓𝑢𝑙 𝑓𝑎𝑏𝑟𝑖𝑐𝑠 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑

𝑁𝑜.  𝑜𝑓 𝑠𝑢𝑐𝑐𝑒𝑠𝑠𝑓𝑢𝑙 𝑓𝑎𝑏𝑟𝑖𝑐𝑠 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 +  𝑁𝑜.  𝑜𝑓 𝑢𝑛 − 𝑠𝑢𝑐𝑐𝑒𝑠𝑠𝑓𝑢𝑙 𝑓𝑎𝑏𝑟𝑖𝑐𝑠 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑
 

 

7. Results 
7.1 Predictive Model Performance Results 

The CatBoost model’s performance was optimized through hyperparameter tuning, yielding significant improvements in 

accuracy. Once the optimal hyperparameters were applied, the model achieved robust results, reducing overfitting and 

demonstrating strong generalization capabilities across the dataset from 2021 and 2022. Using data from 2021 and 2022, the 

model achieved a mean 5-fold training accuracy of 76% for the top zone and mean 5-fold accuracy of 72% for the bottom zone. 

On the test dataset from 2023, the model maintained a top zone accuracy of 71% and the bottom zone accuracy of 72%, 

surpassing the business threshold of 70%. While many fabrics were accurately classified, a few outliers with unique 

characteristics presented challenges, highlighting opportunities for further refinement in future iterations. These 

misclassifications were primarily due to two factors: shifts in market trends and the introduction of entirely new fabric designs 

that lacked close historical analogues. The retrained model, now incorporating data from 2021 to 2023, generated predictions 

for over 2500 fabrics designed for 2024. The predictions, supported by high confidence levels, are expected to play a crucial 

role in prioritizing fabrics for production. Stakeholders can now rely on these insights to make data-backed decisions, enhancing 

their ability to predict fabric success. By incorporating PARAM’s data-driven insights, the fabric selection process has been 

streamlined, leading to faster decision-making, reduced resource expenditure, and increased market competitiveness. The 

combination of predictive and descriptive analysis equips stakeholders with a comprehensive tool for both assessing future 

success and drawing lessons from past performance, ultimately improving product-market alignment. 

 

7.2 Similar Fabrics Performance 

The descriptive analysis component, which employs Gower distance, machine learning and a deep learning-based model, 

effectively identified past fabrics that closely resemble newly designed ones. This comparison offered critical insights into the 
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historical performance of similar fabrics, enabling stakeholders to draw meaningful parallels between new designs and past 

successes or failures. By leveraging this historical context, buyers were able to make more informed decisions, refining fabric 

selection to enhance the likelihood of market success while mitigating risks associated with unsuccessful fabrics. 

 

 

Figure 10 Comparison of the Newly Designed Fabric (Left) with the Ten Most Similar Historical Fabrics (Right). The Similarity Distances 

Shown Represent: BW_Vit for Grayscale Images, Color_Vit For Colored Images, Color For Distances Based On Color Distributions, And 
Gower for Distances Based on Fabric Attributes. 

 

8. Conclusion 
The implementation of PARAM, an advanced machine learning-based tool, has significantly transformed the fabric selection 

process in the fashion-retail industry. By combining descriptive and predictive analytics, PARAM empowers stakeholders with 

actionable insights that drive more informed decision-making, reduce incorrect selections, and increase the overall market 

competitiveness of new fabric designs. 

The descriptive analysis, leveraging Gower distance and deep learning models, offers a robust comparison between newly 

designed fabrics and their historical counterparts, providing valuable context on past performance. This enables stakeholders to 

anticipate potential success or failure early in the selection process. The predictive analysis, powered by the CatBoost model, 

delivers high-accuracy predictions on fabric performance in comparison to traditional methods, enabling businesses to prioritize 

fabrics with the highest probability of success. The tool's ability to learn from vast historical data and provide real-time 

predictions has proven instrumental in streamlining the fabric selection process. 

However, challenges remain in handling outliers, particularly with fabrics that either deviate from established trends or 

represent completely new designs without historical analogues. Addressing these limitations will be a key focus in future 

iterations of PARAM, ensuring that the tool continues to evolve in parallel with emerging trends and innovations in fabric 

design. Ultimately, PARAM has proven to be a game-changer, allowing the business to optimize fabric selections, and make 

data-backed decisions. As a result, this tool not only supports more efficient resource utilization but also strengthens the 

company’s ability to maintain a competitive edge in a fast-paced, innovation-driven market. Continued enhancements and 

iterations of PARAM will further refine its predictive power and broaden its applications, ensuring that the business remains 

agile and responsive to market dynamics. 
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