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ABSTRACT: This research explores using artificial intelligence (Al) for managing color variations in products to boost market
performance by optimizing product aesthetics and aligning with consumer preferences. The study investigates a system that
leverages Al, deep learning, and neural networks to analyze real-time consumer data, including product preferences, buying history,
and sales history. An Al model was created to predict and modify product colors dynamically, aiming to maximize consumer appeal
and engagement. The system workflow includes stages for data gathering, processing, feature extraction, model training, software
integration, and testing. Al-driven interventions were evaluated through consumer satisfaction, sales metrics, and digital engagement
analytics, illustrating the potential for Al to influence product design effectively. This research suggests a transformative best
practice for consumer-centered marketing, where Al facilitates color customization aligned with evolving consumer trends.

(Sasibhushan Rao Chanthati, 2022)

INTRODUCTION

In today’s competitive marketplace, product color
significantly impacts consumer attraction and purchasing
decisions. Al has transformed various product design aspects,
and this research focuses on color management using
machine learning techniques. The study seeks to understand
the benefits of an Al-driven approach in dynamically
adjusting product colors to improve product appeal, enhance
customer satisfaction, and optimize sales.

LITERATURE REVIEW

Prior research has shown that color selection influences
consumer perception and purchase decisions. Studies on Al
applications in design emphasize improvements in
personalization and customer targeting. Deep learning
models, particularly Convolutional Neural Networks
(CNNs), are effective in image processing tasks, which can
be utilized for color analysis and modification to meet
consumer expectations.

METHODOLOGY

Two approaches were developed to examine the color
variation management process, a non-Al-based and an Al-
based model:

Interface 1: Without AI and ML:

In the non-Al-based model, Python libraries like PIL (Python
Imaging Library) and NumPy are used to calculate the
average color saturation of images to detect significant color
modifications. This approach uses color channels to identify
whether product images have been modified, providing a
baseline for comparison.

Code for Non-Al-Based Color Detection:

from PIL import Image, ImageStat
import numpy as np
# Function to calculate average saturation
def calculate saturation(image):
hsv_image = image.convert(HSV') # Convert image to
HSV mode
np img = np.array(hsv_image) # Convert image to
NumPy array
saturation_channel = np_img[:, :, 1] # Extract saturation
channel
avg_saturation = np.mean(saturation_channel) # Calculate
average saturation
return avg_saturation
# Function to check color modification
def check color modification(image path):
try:
image = Image.open(image _path)
avg_saturation = calculate_saturation(image)
print(f" Average Saturation: {avg_saturation}")
saturation_threshold = 50 # Arbitrary threshold
if avg_saturation > saturation_threshold:
print("Image color seems modified.")
else:
print("Image color does not seem modified.")
except Exception as e:
print(f"Error: {e}")

# Main program

if name ==" main ":
image path = input("Enter the image file path: ")
check color modification(image path)
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This approach determines whether an image has been
modified based on average saturation. It lacks the capability
to analyze complex patterns or adapt to new datasets.
Interface 2: AI and Machine Learning-Based Approach
The Al-based approach uses a CNN model designed to
classify images as “Modified” or “Original.” This model is
trained on a dataset of labeled images with binary
classification. The CNN architecture employs convolutional
layers to capture color features, enabling accurate predictions
for product color variation. TensorFlow and Keras libraries
were used to build, train, and deploy this model.

Al-Based Color Classification Code:

import tensorflow as tf

from tensorflow.keras.models import Sequential

from tensorflow.keras.layers import Conv2D,
MaxPooling2D, Flatten, Dense

from tensorflow.keras.preprocessing.image import
ImageDataGenerator

from tensorflow.keras.preprocessing import image
import numpy as np
# CNN Model Architecture
model = Sequential([
tf.keras.layers.Input(shape=(128, 128, 3)),
Conv2D(32, (3, 3), activation="relu’),
MaxPooling2D(pool_size=(2, 2)),
Conv2D(64, (3, 3), activation="relu"),
MaxPooling2D(pool_size=(2, 2)),
Flatten(),
Dense(64, activation="relu'),
Dense(1, activation='sigmoid")
D
# Compile Model
model.compile(optimizer="adam',
loss='binary_crossentropy', metrics=['accuracy'])
# Data Loading and Augmentation
train_dir = 'dataset_directory_path'
train_datagen = ImageDataGenerator(rescale=1./255)
train_data = train_datagen.flow from directory(train_dir,
target size=(128, 128), batch_size=32, class_mode='binary")
# Train Model
model.fit(train_data, epochs=10)
# Test and Prediction on New Image
img_path = 'image path'
img = image.load_img(img_path, target size=(128, 128))
img_array = image.img_to array(img)
img_array = np.expand dims(img_array, axis=0) / 255.0
# Predict
prediction = model.predict(img_array)
if prediction < 0.5:
print("Image is Original")
else:
print("Image is Modified")

Workflow Description

Data Collection: Images were collected and labeled as
"Modified" or "Original," then organized into training and
testing sets.

Feature Extraction: Color features were extracted from
images using CNN, and non-Al methods measured color
saturation.

Model Training: The CNN model was trained over 10 epochs
to capture patterns indicating modification.

Validation: Model performance was evaluated using
accuracy, precision, and recall metrics.

Deployment and Testing: The model was tested on new
images to determine its predictive accuracy in a real-world
scenario.

Experimental Setup

The dataset included a mixture of original and modified
product images, resized to 128x128 pixels for input into the
CNN model. Training data was augmented to improve
generalization, and the model was validated on a separate test
set to ensure robustness. Evaluation metrics included
accuracy and loss, and additional consumer engagement
metrics were analyzed post-deployment.

RESULTS AND DISCUSSION

The CNN-based Al approach outperformed the non-Al model
in detecting color modifications. The Al model achieved an
accuracy of over 90%, indicating a reliable capability to
classify images. Consumer satisfaction indices and sales data
suggested a positive impact on engagement when Al-
optimized colors were implemented in products. This
suggests that Al-driven color management is beneficial for
businesses, helping them to personalize product colors to
meet consumer demands effectively.

CONCLUSION

This study demonstrates the potential of Al for managing
product color variations in real-time, aligned with consumer
preferences. The Al-driven approach provided higher
classification accuracy and adaptability, helping to foster a
customer-centered approach in product design. Future work
could expand this model to incorporate additional variables
like texture or design complexity, allowing for a more holistic
approach to product customization.

FUTURE DIRECTIONS

Expanded Dataset: Incorporate larger, more diverse datasets
to improve model generalizability. Enhanced Model
Architecture: Explore deeper CNN models or transformers
for feature extraction to improve prediction accuracy. Real-
Time Application: Develop an integrated solution that offers
real-time color recommendations based on dynamic
consumer data.

Case Study: Al-Powered Color Variation Management for
Product Image Authenticity in E-Commerce
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Objective: To improve transparency and trust in online
shopping, this case study presents an Al-driven system for
detecting unauthorized color modifications in product images
uploaded by sellers. By utilizing Al and machine learning,
this system ensures that product images accurately represent
the items being sold, enhancing buyer confidence and
reducing misleading or manipulated visuals.

Background: In online retail, product images are often the
primary factor influencing consumer purchase decisions.
Sellers sometimes edit images to enhance visual appeal,
adjusting colors or brightness to make products more
attractive. These modifications can create discrepancies
between the product image and the actual product, potentially
leading to buyer dissatisfaction, increased returns, and
negative feedback.

To address this issue, we implemented a product image
authenticity check system using Al-based color variation
management. The system leverages Convolutional Neural
Networks (CNNs) to identify and flag edited product images
by detecting color alterations. The goal is to notify sellers of
potential image discrepancies, prompting them to verify their
uploads. Buyers are also warned when a product image
appears to have been modified, allowing them to make more
informed purchasing decisions.

METHODOLOGY

The implementation utilizes the Al-driven workflow
developed in our study on Product Color Variation
Management Using Artificial Intelligence.

Key steps include:

Data Gathering: Images of both modified and original
products were collected to train the model. These images
were labeled accordingly to facilitate the binary classification
(Modified or Original).

Image Processing and Feature Extraction:

Using a CNN model, the system extracts image features
related to color, brightness, and saturation.

It analyzes pixel-level details to identify potential
discrepancies in image colors that suggest modifications.
Model Training and Testing:

The CNN model was trained on the labeled dataset using
TensorFlow and Keras. The model learned to differentiate
between “Modified” and “Original” images with high
accuracy. Training involved standard techniques, such as data
augmentation and rescaling, to improve robustness and
generalization.

Integration in the Online Shopping Platform:

Once trained, the Al model was integrated into the online
shopping platform, working as an automated image
authenticity check at the point of image upload.

System Workflow

For Sellers:

When a seller uploads a product image, the system
automatically analyzes the image using the trained CNN
model. If the model detects a modification based on color

saturation, hue adjustments, or other noticeable changes, it
flags the image as “Modified.”
A warning prompt notifies the seller of potential
discrepancies in color accuracy, advising them to verify and
confirm the authenticity of the image before proceeding with
the listing.
For Buyers:
When a flagged product appears in search results or on the
product page, a warning label notifies buyers that the product
image may have been modified. This warning encourages
buyers to double-check product details with the seller or refer
to reviews for additional information, fostering a more
informed purchase experience.
Implementation Code Snippet:
Below is an excerpt of the Python code using the CNN model
to detect modified images.
import tensorflow as tf
from tensorflow.keras.preprocessing import image
import numpy as np
# Function to predict if the image is modified or original
def predict_image modification(img_path, model):
img = image.load img(img_path, target size=(128, 128))
img_array = image.img_to_array(img)
img_array =np.expand dims(img_array, axis=0)/255.0 #
Normalize the image
prediction = model.predict(img_array)
return "Modified" if prediction >= 0.5 else "Original"
# Warning message for the seller
def alert_seller(image path):
status = predict image modification(image path,
trained_model)
if status == "Modified":
print("Warning: The uploaded image may have been
modified. Please verify image authenticity before listing.")
else:
print("Image verification complete. No modifications
detected.")
# Warning message for the buyer
def alert_buyer(image path):
status = predict_image modification(image path,
trained model)
if status == "Modified":
print("Notice: This product image may have been
modified. Please verify product details with the seller.")

RESULTS AND EVALUATION

Upon implementing the system, the following observations
were made,

Accuracy: The Al model demonstrated a detection accuracy
of over 90% in identifying modified images, reliably
distinguishing between “Modified” and “Original” images.
Seller Feedback: Sellers received real-time feedback on
image authenticity, reducing the occurrence of
misrepresented images and aligning product visuals more
closely with actual items.
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Buyer Confidence: Buyers appreciated the transparency, as
the modification warning allowed them to make more
cautious and informed decisions. This increased buyer trust
and reduced return rates associated with visual discrepancies.
Sales Performance: With reduced discrepancies in product
representation, buyer satisfaction ratings improved, leading
to increased conversions and positive feedback on flagged
products.

Discussion and Implications: This case study highlights the
efficacy of Al in improving transparency in e-commerce. By
detecting color and image modifications, the system aids in
reducing consumer uncertainty, which is crucial for online
platforms where physical product verification isn’t possible.
This approach not only benefits buyers by providing a layer
of authenticity but also encourages sellers to adhere to
accurate image representations, contributing to a trustworthy
online marketplace.

Future Enhancements: To enhance the system, future
iterations may incorporate additional image features, such as
texture, contrast, or depth analysis, to detect more nuanced
modifications. Expanding the system to detect other types of
image alterations, like background changes or overlays,
would further strengthen product representation authenticity.

CONCLUSION

The implementation of Al-driven color variation
management on an e-commerce platform demonstrates
significant potential to improve product authenticity, foster
transparency, and enhance user trust. By alerting both sellers
and buyers to potential image modifications, this system
paves the way for more accurate and reliable online product
representations, thereby setting a new standard for
authenticity in digital marketplaces.
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