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Abstract—The automotive industry is undergoing a
significant  digital  transformation, demanding
intelligent, customer-centric, efficient, and scalable
solutions. Traditional customer support systems—
heavily reliant on human agents and basic Natural
Language Processing (NLP) bots—are often plagued by
high operational costs, inefficiencies, and fragmented
user experiences. This paper introduces an Intelligent
Customer Helpdesk framework that incorporates
regression algorithms and Smart Document
Understanding (SDU) to enable dynamic vehicle
recommendations, retailer comparisons, and technical
document-based query resolution. Leveraging open-
source technologies and regression-based techniques
over conventional NLP pipelines, this system achieves
enhanced affordability, scalability, and privacy
preservation, ultimately improving  customer
engagement and operational efficiency across
automotive businesses.

Keywords—Intelligent Automotive Support via SDU &
Al
l. INTRODUCTION

The automotive industry is experiencing a rapid and
widespread digital transformation, driven by
advances in artificial intelligence, cloud computing,
and data analytics. These innovations are not only
changing how vehicles are manufactured and sold
but are also reshaping customer engagement models.
As digital platforms become the norm, consumers
now expect real-time, personalized, and seamless
support throughout their vehicle ownership journey.
This heightened expectation has put significant
pressure on automotive companies to modernize
their customer service strategies. Traditional support
infrastructures, including telephone-based call
centers and rule-based chatbot systems, are
increasingly insufficient. These models are often
associated with high operational overhead, limited
scalability, and inconsistent user experiences.
Human support agents may provide variable service
quality, especially under high query volumes, while
rule-based bots typically rely on static logic trees that
fail to address complex or unexpected queries.
Moreover, these systems are not equipped to handle

diverse and document-intensive queries that require
the extraction and interpretation of technical
information from vehicle manuals, brochures, or
warranty sheets. In response to these limitations, this
paper introduces an Intelligent Customer Helpdesk
framework that combines the capabilities of Smart
Document Understanding (SDU) and regression-
based recommendation algorithms. The SDU
component enables the system to automatically parse
and extract useful insights from unstructured text
documents. Using OCR and natural language
processing, the system can identify key technical and
commercial information embedded in scanned
documents. This capability allows the chatbot to go
beyond surface-level interactions and provide
accurate, data-backed responses to both common and
technical queries. Simultaneously, the regression-
based recommendation module supports intelligent
vehicle matching. Based on user-specified inputs
such as budget, fuel type, brand preferences, and
performance expectations, the system employs
machine learning models to predict and recommend
the most suitable vehicle options. These models are
trained on historical customer interaction data and
vehicle specifications to enhance accuracy and
contextual relevance. Additionally, the system
aggregates data from multiple retailers to provide
dynamic comparisons on pricing, offers, and
availability, further aiding customer decision-
making. Unlike proprietary cloud-based Al systems,
our proposed framework emphasizes modularity,
affordability, and data sovereignty. It leverages
open-source technologies such as Python, Scikit-
learn, and MongoDB, and can be deployed in a self-
hosted environment to ensure privacy compliance.
This makes the solution particularly attractive to
small and medium-sized automotive enterprises that
require intelligent automation without incurring high
software licensing or data management costs. By
bridging the gap between user intent and domain-
specific knowledge, the Intelligent Customer
Helpdesk system promises to redefine the customer
support landscape in the automotive industry, setting
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a foundation for more efficient, personalized, and
document-aware service delivery.

1. RELATED WORK

Existing conversational Al platforms, such as IBM
Watson Assistant, Google Dialogflow, and
Microsoft Bot Framework, provide robust, general-
purpose natural language processing capabilities and
have been widely adopted across industries. These
systems can handle diverse customer interactions
through intent recognition and contextual dialogue
management. However, their adoption within the
automotive sector poses significant challenges.
These include high implementation and licensing
costs, reliance on third-party cloud infrastructures
that raise data sovereignty and privacy concerns, and
the necessity for constant retraining and fine-tuning
to  maintain  accuracy in  domain-specific
applications.

Recent academic and industry efforts have focused
on enhancing automotive customer service through
sentiment-aware recommender systems, vehicle
feature extraction using NLP, and image-based
diagnostics for maintenance prediction. Studies have
demonstrated promising results using neural
networks and transformer-based architectures for
classification and recommendation tasks. However,
most existing systems primarily focus on structured
user inputs or depend heavily on large labeled
datasets. Few solutions have effectively integrated
Smart Document Understanding (SDU) to interpret
and utilize unstructured sources such as brochures,
pricing sheets, or vehicle manuals. Similarly,
regression-based modeling for real-time
personalization remains underutilized, especially in
the context of vehicle recommendation and retailer
comparison. This paper addresses these gaps by
presenting a lightweight, scalable framework that
combines SDU with regression analytics to improve
service precision and efficiency.

1. PROBLEM STATEMENT

Although  conversational Al  has achieved
considerable progress in recent years, its application
within the automotive customer service domain
continues to face persistent challenges. Existing
chatbot platforms often fall short of meeting the
domain-specific needs of vehicle buyers and owners,
particularly regarding technical queries, real-time

updates, and cost-efficient deployment. Several key

limitations hinder the effective adoption of these

systems:

o High Operational Cost: Proprietary Al systems
often entail steep licensing fees, infrastructure
expenses, and ongoing development costs.

o Complex NLP Pipelines: Advanced Al
platforms typically require large, annotated
datasets and frequent retraining to remain
accurate and contextually relevant, increasing
time and resource demands.

o Data Privacy Concerns: Many commercial
platforms operate in cloud environments, posing
risks of data breaches and non-compliance with
privacy regulations.

o Limited Scalability: Most available solutions are
built for large-scale enterprises and lack the
flexibility or affordability to serve small and
medium-sized automotive businesses.

To address these concerns, there is a pressing need
for a cost-effective, open-source chatbot solution that
ensures data privacy, supports document-driven
query handling, delivers personalized vehicle
recommendations, and facilitates real-time dealer
comparisons.

IV. METHODOLOGY

The proposed intelligent helpdesk system integrates
advanced machine learning, Smart Document
Understanding (SDU), and real-time data
aggregation to address domain-specific challenges in
the automotive industry. The methodology is
structured into three core components that
collaboratively enable personalized, document-
driven, and context-aware customer support.

A. Modular System Architecture

The system is built upon a modular and loosely-
coupled architecture, ensuring easy scalability,
maintenance, and deployment across dealerships and
OEMs. Key modules include:

1. Chatbot Interface and NLP Layer:

The frontend is developed using ReactJS, offering a
conversational Ul for end-users. It incorporates an
NLP layer that performs initial preprocessing—
tokenization, lemmatization, and intent
classification—using spaCy. Queries are then routed
to appropriate backend modules based on identified
intent (e.g.,, FAQs, vehicle recommendations,
technical support).

2. Query Analyzer and Domain Router:
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This component classifies queries as either general
(e.g., showroom hours) or domain-specific (e.g.,
“Which SUVs under [J15L give >20 km/l
mileage?”). A supervised classifier based on TF-IDF
and Logistic Regression determines the routing
logic. Confidence thresholds trigger fallback actions
to human agents when needed.

3. Feature Preference Extractor:

This module extracts user-defined constraints such as
budget, vehicle category, fuel preference, and
performance metrics using named entity recognition
(NER), dependency parsing, and custom automotive
lexicons.

4. Retailer Intelligence Module:

Integrated with dealership inventory databases via
APIs or crawlers, this module fetches dynamic
information like vehicle availability, on-road prices,
and localized promotions. It supports geo-based
filtering to enhance regional recommendations.

5. Recommendation Engine:

A predictive engine that evaluates best-fit vehicles
based on user inputs, dealership stock, and extracted
document knowledge. Results are ranked and
returned with transparent justification.
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B. Smart Document Understanding (SDU)

SDU is a cornerstone of the system that bridges the
gap between unstructured product literature and
structured chatbot knowledge. It operates in the
following stages:

1.  Document Ingestion

The system accepts brochures, manuals, and price
lists in PDF, scanned image, and text formats. These
documents are stored in a centralized document
repository.

2. OCR and Preprocessing

Using Tesseract OCR, the system converts scanned
documents into text. Preprocessing steps such as
noise reduction, de-skewing, and layout detection are
applied to enhance text quality.

3. Information Extraction

NLP techniques identify relevant entities (e.g.,
engine power, mileage, emission norms) using spaCy
and domain-specific dictionaries. Sections such as
technical specifications and warranty policies are
tagged automatically.

4. Semantic Structuring and Indexing

Extracted data is normalized and mapped to internal
vehicle databases through entity linking algorithms.
The information is stored in a NoSQL schema,
enabling fast retrieval and query formulation.
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C. Regression-Based Recommendation Modeling
To recommend vehicles tailored to user needs,
regression techniques are employed for real-time
prediction and ranking:

1. Input Variables

Features considered include brand, vehicle type, fuel
economy, region, budget, and performance
expectations.

2. Polynomial Regression

Handles nonlinear dependencies between customer
preferences and attributes, allowing more nuanced
predictions.

3. Ridge Regression

Used to manage multicollinearity among features
(e.g., price and mileage). It improves generalization
while maintaining accuracy on sparse datasets.

4. Ranking Logic

Each vehicle receives a composite score based on
alignment with user inputs. Top-k results are
displayed with justifications, including
specifications, availability, and offers.
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V. RESULTS AND DISCUSSION

The proposed Intelligent Customer Helpdesk
framework was comprehensively evaluated using a
custom benchmark dataset consisting of 2,500 real-
world customer queries and 350 heterogeneous
automotive documents, including user manuals,
brochures, pricing sheets, and technical specification
catalogs. The evaluation focused on four core
dimensions: recommendation accuracy, response
latency, user satisfaction, and cost efficiency.

A. Recommendation Performance

e The regression-based vehicle recommendation
engine achieved a 92.7% Top-3 Match
Accuracy, indicating that in over 92% of cases,
the correct or preferred vehicle was among the
top three recommendations presented to the
user. The model outperformed rule-based and
basic NLP models by a margin of 17-23% in
accuracy. This high predictive capability is
attributed to the contextual alignment of user
preferences (e.g., fuel type, budget, vehicle
category) with vehicle specifications derived
from structured and unstructured sources.

B. Response Time and Latency

e The system demonstrated exceptional real-time
performance, with a median response time of 4.3
seconds per query. Even under simulated load
conditions involving concurrent users, the
latency remained below 5.1 seconds for 95% of
requests. This responsiveness stems from the
lightweight regression models and the efficient
SDU pipeline, optimized for fast information
retrieval and intent resolution.

C. User Satisfaction Metrics

e Blind A/B testing was conducted with 300
participants, comparing our system against a
leading cloud-based chatbot service. The User
Approval Rate reached 88.2%, indicating a
substantial preference for the proposed system’s
accuracy, relevance, and interactivity. Users
reported greater satisfaction in handling
document-specific queries and receiving
precise, tailored vehicle suggestions.

D. Operational Cost Efficiency

e By adopting an open-source and self-hosted
deployment stack, the helpdesk system resulted
in a 60% reduction in operational costs
compared to commercial cloud platforms. This
includes savings on licensing fees, data handling
charges, and infrastructure maintenance.

Additionally, the reduced dependency on
frequent model retraining further minimized
maintenance overhead.

E. Scalability and Resource Utilization

e Stress testing indicated that the system scales
effectively to handle up to 1,000 concurrent
sessions  without  notable  performance
degradation. CPU and memory profiling
revealed that average resource utilization
remained below 65% on a standard 8-core,
16GB RAM virtual machine, making it viable
for small to mid-sized automotive enterprises.

Metric Value |Description

High prediction accuracy in recommendation
Top-3 Match Accuracy 92.7%

Efficient real-time query resolution

Median Response Time 4.3s
Positive user experience in blind A/B tests
User Approval Rate 88.2%
3 o Significant savings over commercial cloud
Cost Reduction 60% platforms
Table 1
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Detailed Bar Graph for Intelligent Helpdesk Analysis
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V1. CONCLUSION AND FUTURE
ENHANCEMENT

The intelligent helpdesk framework effectively

bridges customer interaction gaps in the automotive

domain by combining Smart Document

Understanding, regression-based recommendations,

and retailer intelligence. Its open-source, self-hosted

design ensures high accuracy, privacy compliance,

and cost-efficiency. Future developments will aim to

expand user accessibility, diagnostics, and

immersion.

Key Takeaways:

. Enhanced Automation — Reduces manual load
on support agents.

° Data Sovereignty — Ensures privacy through
self-hosting.

e  Scalable & Modular — Adaptable across dealers
and regions.

e  Future Scope — AR integration, multilingual
support, and live diagnostics.
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