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Objective: The objective of this study is to develop a structural-interpretive model for
image processing in augmented reality (AR) marketing advertisements using a system
analysis approach.

Methodology: This mixed-method study utilized both qualitative and quantitative
methodologies. In the qualitative phase, data were gathered through semi-structured
interviews with 35 marketing experts and scholars. Ten key components of image
processing were identified through thematic coding. In the quantitative phase, MATLAB
software was used to construct an Interpretive Structural Modeling (ISM). MICMAC
analysis was subsequently employed to evaluate the influence and dependence of the
components.

Findings: The results indicated that the proposed model consists of three hierarchical
levels. The first level includes core components such as depth estimation, machine
learning integration, semantic content, and image composition. The second level
encompasses color, texture, real-time tracking and registration, and feature matching.
The third level comprises smart object recognition and low-latency rendering techniques.
MICMAC analysis categorized the components into six types: risk variables, target
variables, influencing variables, influenced variables, secondary leverage, and
independent variables.

Conclusion: Advanced image processing techniques such as depth estimation, real-time
tracking, and machine learning significantly enhance user experience in AR-based
advertising. The proposed model can help businesses and marketers design more
engaging and immersive advertising strategies using AR technologies. It offers strategic
insights into optimizing consumer interaction by integrating key visual elements
effectively.

Keywords: Image processing, advertising, marketing, augmented reality, interpretive
structural modelling.
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EXTENDED ABSTRACT
Introduction

In recent years, augmented reality (AR) has emerged as a powerful and transformative technology
across various industries, particularly in marketing and advertising. AR bridges the gap between physical
and digital environments by superimposing digital elements onto real-world settings, thus creating
immersive and interactive user experiences. The unique ability of AR to blend real and virtual content has
made it a compelling tool in strategic communication and consumer engagement. Within this context,
image processing serves as the foundational technology that enables accurate object recognition, real-time
rendering, spatial tracking, and depth estimation—capabilities essential for creating realistic and
responsive AR environments (Divya et al., 2024a).

Visual perception plays a central role in how users interpret and engage with AR content. Images
not only provide aesthetic appeal but also convey semantic, cultural, and emotional information that
directly affects consumer attitudes and behavioral intentions. Studies have demonstrated that visual stimuli
such as color, composition, semantic content, and spatial cues significantly influence users' perceptions
of credibility, trustworthiness, and purchase decisions (Barnes, 2022; Chung & Saini, 2021; Kuo & Zhang,
2021; Yu et al., 2020). For example, the complexity and vibrancy of color schemes in product visuals can
impact users' perceptions of quality and attractiveness, especially in digital contexts like e-commerce and
tourism platforms (Afshardoost & Eshaghi, 2020; Peng et al., 2020).

The increasing integration of artificial intelligence (Al) and machine learning (ML) with image
processing in AR has further enhanced system performance, enabling dynamic adaptation to real-time
environmental changes and user behavior. Deep learning models such as convolutional neural networks
(CNNs) and region-based CNNs (R-CNNs) have demonstrated exceptional accuracy in feature detection,
object recognition, and segmentation tasks, making them indispensable in AR image systems (Chen & Wu,
2023; Nguyen & Le, 2023; Wang & Li, 2023). These models can extract hierarchical features from complex
visual data and learn patterns across diverse contexts, thus supporting highly responsive and intelligent
AR applications (Divya et al., 2024b).

Depth estimation, a core component of image processing in AR, facilitates the realistic placement
of digital elements in physical environments. Accurate monocular depth prediction ensures that virtual
content aligns spatially with the user’s surroundings, providing a seamless and believable AR experience.
Monocular depth estimation techniques based on large-scale image datasets and deep learning frameworks
have proven effective even in uncontrolled, dynamic settings (Kumar & Sharma, 2023; Mohammad &
Gholamali, 2024). Additionally, object tracking and image registration technologies such as the extended
Kalman filter (EKF) and iterative closest point (ICP) methods are critical for maintaining alignment and
continuity of digital overlays during user interaction (Smith & Anderson, 2023).

While substantial advancements have been made in the technical foundations of AR systems, the
marketing application of these technologies remains under-theorized. A critical gap exists in
understanding how specific image features contribute to persuasive messaging, emotional engagement,
and consumer decision-making in AR-enhanced advertisements. Research on the influence of visual cues
such as facial expressions, spatial composition, and symbolic content has indicated their ability to shape
user trust, emotional resonance, and perceived brand value (Berger et al., 2020; Cole & Balcetis, 2021).



However, systematic modeling of these elements in the context of AR marketing has not been fully
explored. Therefore, the present study aims to develop an interpretive structural model for image
processing components in AR advertising, grounded in both qualitative insights and quantitative structural
analysis.

Methodology

This study adopted an exploratory mixed-methods design. In the qualitative phase, semi-structured
interviews were conducted with 35 experts in marketing and digital advertising, including faculty
members and professional practitioners with significant experience in AR applications. From these, 22
validated and complete responses were used for further analysis. Interviews were transcribed and analyzed
using three-stage coding (open, axial, and selective coding) to identify critical components of image
processing in AR marketing.

In the quantitative phase, an Interpretive Structural Modeling (ISM) approach was employed using
MATLAB software to establish hierarchical relationships among the identified components. The
Structural Self-Interaction Matrix (SSIM) was formulated based on expert input and literature review,
followed by the creation of the Reachability Matrix. Subsequently, MICMAC (cross-impact matrix
multiplication applied to classification) analysis was conducted to evaluate the influence and dependence
of each component, resulting in the categorization of components into six types: independent, dependent,
driver, linkage, target, and secondary leverage variables.

Findings

Ten key components of image processing in AR marketing advertisements were identified and
analyzed. These included: (1) color, (2) texture, (3) image composition, (4) semantic content, (5) real-time
image tracking and registration, (6) effective feature detection and matching, (7) intelligent object
recognition and segmentation, (8) accurate depth estimation, (9) low-latency rendering techniques, and
(10) machine learning integration.

The ISM analysis structured these components into a three-level hierarchical model. At the top
level (Level 1), four core components—semantic content, depth estimation, machine learning integration,
and image composition—were positioned as having both high driving and high dependence power. These
were deemed foundational to the success of AR advertising systems.

At Level 2, components such as color, texture, real-time tracking, and feature matching were
placed. These were identified as intermediary elements that play critical regulatory roles within the system.
The MICMAC results categorized some as secondary leverage or independent variables depending on
their impact levels.

At Level 3, intelligent object recognition and low-latency rendering techniques were placed as
target variables. These were found to be heavily dependent on upstream processes and thus crucial to the
delivery of seamless and interactive AR experiences.

The MICMAC analysis further revealed six clusters of variables: risk, target, influencing,
influenced, secondary leverage, and independent variables. The variable classification highlighted
systemic instability, indicating that changes in core variables such as depth estimation or machine learning
could lead to significant shifts across the model.
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Discussion and Conclusion

The findings of this study offer a conceptual and practical framework for understanding the
structural relationships among image processing components in AR marketing advertisements. The top-
tier components—depth estimation, semantic content, image composition, and machine learning—form
the cognitive and technical backbone of AR environments. Their placement at the apex of the structural
model suggests that without these foundational elements, AR systems would struggle to deliver believable,
engaging, or context-sensitive advertising experiences.

The role of semantic content, in particular, underscores the importance of narrative, emotion, and
symbolic meaning in visual communication. AR advertisements that effectively leverage meaningful
imagery can trigger user curiosity, emotional engagement, and brand recall. Similarly, accurate depth
estimation ensures that visual realism is maintained, which is critical for user immersion and interaction.

Machine learning integration elevates the adaptive capabilities of the system, allowing real-time
optimization of visuals based on user behavior and environmental input. This intelligent responsiveness
not only enhances usability but also supports personalization, which is increasingly vital in competitive
digital markets.

Mid-level variables such as color and texture play equally important, though more regulatory,
roles. They influence user perceptions and affective reactions but are also shaped by upstream processes.
For example, the color scheme of an AR object may appear different depending on depth perception and
lighting conditions, highlighting the interdependence of system components.

Lower-tier variables such as object recognition and real-time rendering function as executional
mechanisms. While they depend on other inputs, their accuracy and responsiveness are essential for
ensuring the continuity of user interaction and narrative flow. Without rapid rendering and precise object
detection, AR advertising would appear disjointed or unreliable.

From a systems perspective, the classification of variables into influence-dependence categories
revealed dynamic interconnections and potential instability in the AR image processing ecosystem. This
instability points to the need for ongoing calibration, modular system design, and fault-tolerant
architecture to accommodate evolving user contexts and technical challenges.
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