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Computer Vision Models for Image Analysis in Advertising Research

Hairong Li and Nan Zhang 

Michigan State University, East Lansing, Michigan, USA 

ABSTRACT 
This study introduces computer vision models for image analysis in advertising research. It 
reviews the literature in social science and computer science and identifies three categories 
and nine types of image analysis. The study uses these categories and types as a framework 
to select 12 computer vision models and compare them on their capability, accuracy, 
availability, and usability. Nine models are single-functional models, and three are multi- 
functional models; all 12 have been used in advertising research. The study also demon
strates how two models are used to classify a sample of image ads and assess the aesthetic 
scores of these ads to answer the research question about the relationship between content 
categories and aesthetic scores in image ads. It outlines several key steps for the use of 
computer vision models in advertising research and proposes future research directions. The 
study can serve as a guide to advertising researchers.

Brand-related images of products and services are 
posted continuously by brands, users, and influencers 
on social media and have become increasingly crucial 
in brand communication. They can effectively convey 
brand messages and personality in a fast-paced digital 
environment with short attention spans among the 
audience. Some studies investigated the impact of 
these images on brand recalls, engagement, and affin
ity (Bisht 2019; Holiday et al. 2021; Jin, Kerr, and Suh 
2019; Li and Xie 2020), and others explored the attrib
utes of these images and the subtle influences of these 
attributes, such as colors, shapes and symbols, and 
objects and scenes (Argyris et al. 2020; Li and Xie 
2020; Shin et al. 2020; Sutcliffe and Namoune 2008). 
Advertising researchers have recently started adopting 
computer vision models to make image analysis more 
effective and efficient. As computer vision models 
become increasingly sophisticated and more research
ers are interested in using them for brand-related 
image analysis, this research trend will likely continue.

Computer vision is a discipline that intersects 
machine learning and image processing and provides 

sophisticated image recognition and classification 
capabilities. A computer vision model is designed to 
interpret and analyze visual content autonomously. In 
advertising research, the utility of such models is 
multifaceted. It enables the extraction of meaningful 
patterns and insights from images that are otherwise 
difficult for human analysts to perceive because of the 
sheer volume and complexity of visual data. This 
model allows advertising researchers to gauge con
sumer attention with techniques such as eye-tracking, 
assess the influence of social media advertising, and 
provide insights into effective content marketing strat
egies (Chen 2023; Maslowska, Ohme, and Segijn 
2021). Furthermore, as emotional responses evoked by 
ad images play a pivotal role in influencing consumer 
behaviors, research using facial expression models can 
reveal how emotional reactions to brand visuals 
impact ad liking, engagement, and purchase intentions 
among different demographic groups (Otamendi and 
Sutil Mart�ın 2020).

Computer vision models significantly outperform 
manual methods, particularly in efficiency and 
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scalability. Manual image analysis methods, such as 
content or semiotic analysis, typically involve human 
coders who annotate images based on predetermined 
criteria. These approaches can provide deep sociocul
tural insights (McQuarrie and Mick 2003) but are lim
ited by their labor-intensive nature, which restricts the 
number of images that can be analyzed. By contrast, 
computer vision models can analyze large datasets 
more rapidly and consistently without fatigue, ena
bling researchers to explore vast image repositories for 
patterns and trends that manual analysis might miss 
(Argyris et al. 2020). For example, emotion recogni
tion models can automate the identification of facial 
expressions, making it easier to assess how consumers 
react emotionally to advertisements (Otamendi and 
Sutil Mart�ın 2020). However, it is important to 
acknowledge the limitations of these automated sys
tems. Although models are excellent at recognizing 
patterns, they may struggle with cultural nuances, 
such as interpreting complex visual narratives that 
require a deep understanding of sociocultural context, 
in which manual analysis excels (McQuarrie and Mick 
2003).

Although computer vision models are advanta
geous, appropriate use is challenging for many adver
tising researchers due to the varying levels of 
complexity of these models. To promote better use of 
computer vision models in advertising research, this 
study reviews the literature in advertising and com
puter science to identify the types and categories of 
image analysis; to compare computer vision models in 
terms of their capability, accuracy, availability, and 
usability; and to demonstrate examples of using such 
models in advertising research. It also outlines the 
steps for designing and implementing image analysis 
using suitable computer vision models. Thus, this 
study can guide all advertising researchers interested 
in brand-related image analysis.

Types of Image Analysis

Brand-related images can be complex, containing vari
ous objects such as logos, symbols, products, scenes, 
humans, faces, and animals. These objects convey 
meanings, express aesthetics, and project the emotions 
of the brands. Thus, image analysis decodes the mean
ings, aesthetics, and emotions of an image. Although 
image analysis can be done manually, computer vision 
models are increasingly used to conduct such analysis. 
These models enable computers to see and understand 
the content of digital images by breaking images into 
pixels using machine learning and neural networks 

(Araujo, Lock, and van de Velde 2020; Nanne et al. 
2020; Paolanti et al. 2017; Tous et al. 2018). We con
ducted a literature review to understand the types of 
image analysis in advertising research and how com
puter vision models are used in such analysis.

We selected social science and computer science 
databases for the search, including Business Source 
Complete, Academic Search Complete, arXiv, ACM 
Digital Library, and IEEE Xplore. We used a combin
ation of several keywords, including “advertise�,” 
“image,” “deep learning,” “computer vision,” and 
“machine learning” to cast a wide net to capture all 
relevant studies. Our initial search generated a list of 
206 articles: 40 from Business Source Complete, 26 
from Academic Search Complete, 33 from arXiv, 107 
from ACM Digital Library, and 85 from IEEE Xplore. 
Following the initial search, we refined the list of 
articles by eliminating those that did not directly 
address the application of machine learning in brand- 
related images. For example, studies centered on ad 
recommendation systems and click-through rates were 
excluded to maintain a clear focus on image analysis. 
The final selection comprised 30 articles of direct 
relevance and served as a foundation for subsequent 
in-depth analysis and exploration, ensuring that our 
analysis was grounded in the most pertinent and high- 
quality literature.

We analyzed these studies in two steps to identify 
and confirm the types of image analysis. First, our 
review of these studies identified nine types of image 
analysis, and we classified these types into three broad 
categories. The visual conception category includes 
terms such as “visual conception,” “image classification,” 
“object detection,” “content understanding,” and 
“advertisement.” These terms highlight the primary 
focus on identifying, classifying, and understanding the 
visual content in advertising images. The emotion rec
ognition category comprises terms such as “emotion 
recognition,” “sentiment analysis,” “facial expression,” 
and “themed sentiment.” These terms indicate a focus 
on recognizing and interpreting the emotional cues in 
advertising images. The aesthetic appreciation category 
includes terms like “aesthetic appreciation,” “image 
aesthetic,” “style,” and “image quality.”

Second, we used natural language processing for 
co-word analysis to confirm the types of image ana
lysis that emerged from our preliminary review of the 
studies. The abstracts of these articles were standar
dized using a template format, focusing on the main 
study, approach, and task, which facilitated the con
struction of a co-word network graph. This graph 
emphasizes these articles’ connections and 
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relationships between key terms and reveals three 
prominent categories: visual conception, emotion recog
nition, and aesthetic appreciation (see Table 1). These 
terms emphasize the evaluation of artistic and tech
nical elements that contribute to the visual appeal of 
advertising images. The co-word analysis and catego
rizing results validated the types of image analysis (see 
Supplemental Online Appendix 1 for more informa
tion about our co-word analysis). As we use these 
nine types of image analysis as a base for selecting 
and comparing computer vision models, these types 
are detailed in three categories in the following 
sections.

Visual Conception

Visual conception offers a systematic method for com
prehending and examining images, including three 
interrelated levels of depth and complexity. Image 
classification is central to comprehending what the 
image represents at a primary level. Object detection 
adds the dimension of identifying and locating mul
tiple specific objects in an image. Content understand
ing advances comprehension by interpreting the 
image’s context, interactions, and narratives.

Image classification is a fundamental analysis that 
categorizes an entire image into a single class or label. 
The primary objective is identifying the image’s main 
subject or dominant theme. This task does not focus 
on the subject’s location or how it interacts with other 
elements. Instead, it emphasizes categorizing an 
image’s overall theme or subject into a single category 
or class. Image classification is the technical term used 
to describe this process, and it can be likened to cat
egorical data. Previous studies include the classifica
tion of images as ads or non-ads (Jain, Taneja, and 
Taneja 2024; Li et al. 2007; Villegas, Goanta, and 
Aletras 2023), the classification of the display of 
online ads as clear or unclear (Vo, Tran, and Le 
2017), and the classification of the ads as genuine or 
fake (Zaheer et al. 2022). Image classification is also 
used to classify physical activities, Lululemon-style 
clothing, and pets to examine visual congruence in 
influencer marketing and brand engagement (Argyris 
et al. 2020), food images for social media engagement 
prediction (Philp, Jacobson, and Pancer 2022), and 
brand-related images and their match with Instagram 
influencers (Sweet, Rothwell, and Luo 2019).

Object detection is a more advanced analysis that 
identifies and locates objects within an image. It 
focuses on “what” and “where” questions about 

Table 1. Types of image analysis and example studies.
Type of image analysis Study Title

Visual Conception
Image classification The Effects of Visual Congruence on Increasing Consumers Brand Engagement 

The Power of Brand Selfies 
Advertisement Image Classification Using Deep Learning With BERT 
On Detection of Advertising Images 
Predicting Social Media Engagement with Computer Vision 
A Multimodal Analysis of Influencer Content on Twitter 
Advertisement Image Classification Using Convolutional Neural Network 
A Novel Machine Learning Technique for Fake Smart Watches Advertisement Detection

Object detection Exploring Online Ad Images Using a Deep Convolutional Neural Network 
Approach Branding Luxury Hotels: Evidence from The Analysis of Consumers’ “Big” Visual Data on TripAdvisor 
Deep Learning for Logo Detection: A Survey 
Deep Learning Approaches for Fashion Knowledge Extraction from Social Media: 
A Review the Use of Computer Vision to Analyze Brand-Related User Generated 
Image Content Machine Learning Techniques for Brand-Influencer Matchmaking on The Instagram Social Network

Content understanding Automated Coding of Political Campaign Advertisement Videos 
Automatically Detecting Image-Text Mismatch on Instagram 
Enhancing Social Media Analysis with Visual Data Analytics: A Deep Learning Approach

Emotion Recognition
Facial expression detection Emotional Responses to Tourism Advertisements 

Deep Learning Based Sentiment Analysis on Images 
Visual Sentiment Exploration of Customer Emotions Using Image Analytics

Sentiment analysis Visual Listening In: Extracting Brand Image Portrayed on Social Media 
Visual And Textual Sentiment Analysis of Brand-Related Social Media Pictures Using Deep Convolutional Networks 
A Survey of Multimodal Sentiment Analysis

Themed sentiment analysis Going Negative Online?—A Study of Negative Advertising on Social Media 
What You Feel, Is What You Like Influence of Message Appeals on Customer Engagement on Instagram

Aesthetic Appreciation
Image quality A Multi-Perspective Approach for Analyzing Long-Running Live Events on social media
Image aesthetic Visual Representation for Capturing Creator Theme in Brand-Creator Marketplace 

Camera Eats First: Exploring Food Aesthetics Portrayed on Social Media 
Building Brand Authenticity on social media: The Impact of Instagram Ad Model Genuineness and Trustworthiness

Style and design Style-Aware Image Recommendation for Social Media Marketing
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objects in the image, involving identifying multiple 
objects and their specific locations. Object detection 
was used for clothes detection, clothes parsing, and 
product retrieval, highlighting the identification of 
fashion items (Mameli et al. 2022). It was also 
deployed to detect and locate hotel room-related 
objects (Giglio et al. 2020), detect common objects in 
various image ads to predict ad click-through rates 
(Fire and Schler 2017), and detect multiple objects in 
brand-related images for comparison across computer 
vision models (Nanne et al. 2020).

Content understanding is the most advanced ana
lysis of visual conception. It involves interpreting the 
context, relationships, and interactions between ele
ments in an image. It goes beyond simply identifying 
“what” and “where” elements are located and instead 
seeks to understand “how” and “why” they interact or 
relate to each other. This level of analysis is focused 
on grasping the narrative or story that the image is 
trying to convey. Ha et al. (2021) and Shin et al. 
(2020) used this analysis to detect mismatches 
between images and texts, which recognized an image 
and correlated it with an associated text description. 
Tarr, Hwang, and Imai (2023) applied content under
standing to analyzing political video ads. They broke 
the video into individual images to generate a com
prehensive content summary while underscoring the 
intricate relationship between video and image ana
lysis in understanding complex content.

Emotion Recognition

Emotion recognition in image analysis focuses on iden
tifying and interpreting emotional cues within images. 
Unlike image classification, which categorizes images 
based on their visible content, emotion recognition 
models analyze emotional expressions and sentiments 
in images. These models mimic human visual percep
tion to some extent, allowing computers to identify, 
classify, interpret, and interact with visual data, like 
how a human would perceive and understand visual 
scenes. In advertising research, emotion recognition 
models can adopt ad images to identify the emotion 
in the ad’s content and use customers’ images to rec
ognize their reactions. Specifically, researchers expect 
to label the ad image’s emotional attributes and find 
customer feedback by capturing and understanding 
their emotions. The research in this area varies from 
analyzing facial expressions to sensing the sentiments 
conveyed through the visual cues of an image.

Facial expression detection in computer vision mod
els allows computers to recognize and interpret 

human facial expressions from images. The process 
involves face detection, facial landmark detection, fea
ture extraction, and expression classification (Kumar, 
Kaur, and Kumar 2019). By analyzing facial cues of 
image ads, the detection analysis allows advertisers to 
gauge the potential emotional impact of the content. 
Researchers have used this technique to explore the 
association of smiles in ads with television viewer 
engagement (Hernandez et al. 2013); to examine con
sumers’ emotional responses to tourism videos 
(Hadinejad et al. 2019); to measure the facial expres
sion polarities of images with high accuracy (N et al. 
2023); to examine how emotional variation in Super 
Bowl advertisements influences ad liking (Jones and 
Hamby 2023); and to identify the amount of emotion 
used and the impact on engagement by specific dis
crete emotions (Holiday et al. 2023).

Sentiment analysis simplifies the complex spectrum 
of human emotions by categorizing them into basic 
states: positive, negative, or neutral. This approach 
simplifies analyzing and interpreting the overall senti
ment conveyed in image advertising content. For 
example, Soleymani et al. (2017) provided a compre
hensive overview of the state of the art, challenges, 
and perspectives related to binary sentiment analysis. 
Paolanti et al. (2017) conducted sentiment analysis in 
brand-related social media images, and the analysis of 
brand-related images on Instagram and Flickr 
advanced sentiment analysis using visual cues and 
texts. Liu (2019) focused on sentiment analysis in pol
itical advertising, employing Google Cloud Vision for 
image recognition, and offered insights into the 
impact of negative advertising on social media.

Themed sentiment analysis is an advanced approach 
to sentiment analysis that goes beyond the basic 
categorization of sentiments to delve deeper into the 
specific themes or topics of visual content in combin
ation with text. This technique provides a more 
detailed understanding of the sentiments of images. 
Instead of interpreting the image as “positive,” 
“negative,” or “neutral,” the themed sentiment analysis 
can attribute the image to more categories or self- 
defined categories. For example, the customized cate
gories can be “violence,” “love,” or “happiness.” In 
previous research, Rietveld et al. (2020) utilized the 
themed sentiment analysis to determine the visual 
content sentiment with “violence” and “arousal” and 
then investigated how different sentiments of the ads 
affect customer engagement on Instagram. Liu, 
Dzyabura, and Mizik (2020) proposed a visual-textual 
sentiment analysis, which extracted the themed senti
ments by integrating the image and text content in 
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ads together so that they precisely understand the 
message conveyed in the ads. Srivastava (2021) 
explored customer emotions in marketing through 
themed sentiment analysis by focusing on specific 
emotional themes evoked in marketing materials and 
analyzing the associated sentiments. These studies 
indicate the value of themed sentiment analysis in 
providing in-depth knowledge of sentiments in spe
cific contexts and enhancing the understanding of 
consumer behavior and preferences in advertising and 
marketing.

Aesthetic Appreciation

Aesthetic appreciation in image analysis encompasses 
image quality, aesthetics, and style and design. Unlike 
visual conception and emotion recognition, which 
focus on objective analysis, aesthetic appreciation ana
lyzes the image content subjectively. For example, Li 
and Xie (2020) conducted manual image coding, 
focusing on facial expressions, image quality, and 
image-text mismatch, and their findings revealed that 
professionally shot, high-quality images consistently 
lead to higher user engagement.

Image quality refers to the technical aspects of an 
image, such as clarity, resolution, and color accuracy, 
which all contribute to the overall visual appeal of an 
image. High-quality images are essential for capturing 
attention and conveying a sense of professionalism 
and credibility. For example, Sabet, Brambilla, and 
Hosseini (2021) explored how image quality, particu
larly brightness and color, impacts user behavior dur
ing live events on Instagram. Hartmann et al. (2021) 
investigated the influence of image quality in brand 
selfies on Twitter and Instagram, revealing its signifi
cant impact on brand engagement. These studies sug
gest the importance of maintaining high image quality 
in digital advertising to enhance brand perception and 
user engagement.

Image aesthetic refers to an image’s artistic and 
compositional elements, such as balance, harmony, 
and emotional appeal. These elements are crucial in 
creating visually appealing advertisements that reson
ate emotionally with viewers. Studies have highlighted 
the pivotal role of image aesthetics in several key 
areas: shaping user interaction and brand identity in 
digital advertising; as the visual appeals of food images 
on Yelp (Gambetti and Han 2022); aesthetic align
ment between creators and brands for effective brand 
representation (Duanis et al. 2023); brand authenticity 
in visual presentation (Yang et al. 2021); and the 

technological advancement in leveraging image aes
thetics (Shin et al. 2020).

Style and design in image analysis deal with an image’s 
overall visual presentation and thematic elements, 
including specific design styles, color schemes, and visual 
themes that align with the brand’s identity and message. 
Zhang and Yamasaki (2021) used style and design ana
lysis by exploring the impact of image style on content 
discovery and brand posts on social media. Focusing on 
brand concept consistency, the study used object and 
style vectors to learn brand representation. The findings 
suggest that the visual style of an image significantly 
influences how content is perceived and engaged with by 
social media users and that influencers’ recommenda
tions should be tailored to specific brand concepts and 
styles.

In sum, these three categories and nine types of 
media analysis we identified from the review of the 30 
studies provided a framework for comparing com
puter vision models used in these studies. The follow
ing section focuses on the capability, accuracy, 
availability, and usability of select computer vision 
models for advertising research.

Comparison of Computer Vision Models

In the process of identifying the types of image ana
lysis in advertising, we found that 16 of the 30 studies 
utilized computer vision models that are available for 
academic use, with some being open-source and 
others provided through commercial application pro
gramming interfaces (APIs) with extensive documen
tation (e.g., Philp, Jacobson, and Pancer 2022; Rietveld 
et al. 2020), and the rest used self-developed models 
by the authors (e.g., Argyris et al. 2020; Vo, Tran, and 
Le 2017). In our comparison, we used the models 
accessible for academic research and excluded those 
self-developed models. Publicly accessible models, like 
those from open-source repositories, offer transpar
ency and reproducibility, which are paramount in aca
demic settings. In contrast, self-developed, proprietary 
models may offer advanced capabilities beyond public 
models or incorporate cutting-edge algorithms and 
proprietary technologies unavailable in the public 
domain. For example, proprietary models may lever
age unique data sets or advanced machine learning 
techniques that significantly enhance performance in 
specific applications. They may also include features 
beyond the standard set, such as more sophisticated 
forms of natural language processing and real-time 
processing capabilities. Whereas these nonpublic mod
els can offer superior performance and advanced 
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features, they also have limitations, such as restricted 
access and lack of transparency. For academic 
researchers, the choice between public and proprietary 
models will depend on the specific needs of their 
research, the importance of open access and reprodu
cibility, and the potential benefits of accessing 
advanced, proprietary technologies. For this review, 
however, no adequate information is available for 
these nonpublic models.

As a result, 10 existing publicly accessible models 
were selected from these studies. Seven of the selected 
models are single-functional models, and three are 
multifunctional models capable of more than one cat
egory of image analysis. To cover all three categories 
and nine types of image analysis with at least one sin
gle-functional model in our comparison, we added 
two more computer vision models: DeepFace and 
image quality assessment (IQA). These two models 
are highly relevant to advertising research; as the 
model’s name indicates, the first model focuses on 
recognition of facial emotion, and the second focuses 
on assessment of image quality. DeepFace not only 
detects facial expressions but also identifies race, age, 
and gender, whereas the IQA model encompasses a 
broad range of contemporary quality assessment 
architectures. We verified these 12 selected models 
using reputable online resources known for high-qual
ity, state-of-the-art models. This approach to selection 
ensures the reliability of our analysis in providing a 
holistic evaluation of computer vision models in 
advertising research.

Our comparison of these models evaluates their 
capability, accuracy, availability, and usability. 
Capability refers to a model’s ability to perform spe
cific tasks, such as categorizing and analyzing visual 
content. This feature is exemplified by the automated 
visual content analysis approach, which utilizes pre- 
trained models for large-scale image classification, aid
ing in theory building and research (Araujo, Lock, 
and van de Velde 2020). Similarly, a multimodal vis
ual communication system demonstrates a model’s 
capacity to personalize video content based on user 
emotions, enhancing engagement and satisfaction 
(Fang and Gong 2023). Accuracy is another critical 
criterion, reflecting a model’s precision in identifying 
and classifying visual elements. For instance, models 
designed to detect e-cigarette products on social 
media or recognize facial emotions are vital for tar
geted advertising and content moderation. High 
accuracy ensures that these models can reliably inter
pret and respond to visual data, which is crucial for 
the success of advertising campaigns (Vassey et al. 

2024; Asresa et al. 2023). Furthermore, accurate mod
els are essential for maintaining trust and validity in 
research findings (Borji et al. 2015). Availability and 
usability are particularly important in multidisciplin
ary studies because only reachable computational 
resources and data can help researchers of different 
disciplines. The availability of models and datasets 
affects the scope of their evaluation and application 
(Xu et al. 2022). They ensure that sophisticated tools 
are accessible to researchers and practitioners across 
various fields, facilitating the implementation of these 
technologies in diverse applications (Fang and Gong 
2023; Araujo, Lock, and van de Velde 2020). These 
evaluations also establish that the selected models 
meet technical requirements and confirm their practi
cality and effectiveness for the intended applications.

For model capability, as presented in Table 2, these 
models are grouped according to the categories and 
types of image analysis. Nine single-functional models 
are grouped by the three categories of image analysis: 
visual conception, emotion recognition, and aesthetic 
appreciation. Three multi-functional models follow 
them. Some single-functional models can have more 
than one type of image analysis in a category, so we 
listed them first in that group. We conducted a mul
tiple correspondence analysis (MCA) to visually depict 
the relationships among these 12 computer vision 
models in Figure 1. The MCA plot provides a detailed 
visualization of the capabilities of various computer 
vision models across three principal axes (visual 
conception, emotion recognition, and aesthetic appre
ciation). This three-dimensional plot effectively high
lights the specialization and versatility of these models 
based on their categorical features.

Figure 1 reveals distinct groupings among the mod
els. Neural image assessment (NIMA), IQA, and style- 
aware image recommendation (S-AIR) are closely 
grouped on the visual conception axis, indicating their 
focus on image quality and aesthetics, which is crucial 
for fields like marketing and design. FaceReader, 
DeepFace, and BrandImageNet form another cluster, 
emphasizing their capabilities in recognizing facial 
expressions and emotions. Finally, YOLO (You Only 
Look Once), Inception, and ImageIdentify are posi
tioned together, suggesting similar functionalities and 
suitability for certain image analysis tasks.

Moreover, the plot illustrates the versatility of 
multi-functional models such as Vertex AI, Clarifai, 
and CLIP (contrastive language–image pretraining), 
which are located near each other, indicating their 
ability to handle diverse tasks across different areas 
of computer vision. This visualization aids in 
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understanding the range of model capabilities from 
specialized functions to more generalized applications, 
providing valuable insights for selecting appropriate 
models for specific tasks based on their strengths and 
areas of effectiveness.

The model’s accuracy, availability, and usability are 
summarized in Table 3. We assess the accuracy of 
each model based on self-report data. Because not all 
authors used the same metrics, we classified these 
metrics into three levels: low, moderate, and high 
accuracy. Specifically, following the convention of 

computer vision model analysis, the models with an 
accuracy or performance metric of 85% or higher 
were classified to be high in accuracy; those with 60% 
to 84% were considered moderate; and those below 
60% were classified as low. This classification allows 
for a simplified comparison and easy understanding 
of the models’ effectiveness in their respective applica
tions. Finally, we examined these models’ availability 
and usability to discuss where users can find them, 
whether there is any cost, and the required skills for 
using these models.

Table 2. Capability of computer vision models by category of image analysis.
Visual Conception Emotion Recognition Aesthetic Appreciation

Computer vision models IC OD CU FED SA TSA IQ IA SD

YOLO N Y N N N N N N N
Inception Y Y N Y N N N N N
ImageIdentify N Y N N N N N N N
FaceReader N N N Y N N N N N
DeepFacea N N N Y N N N N N
BrandImageNet N N N N N Y N N N
NIMA N N N N N N N Y N
IQAa N N N N N N Y Y N
S-AIR N N N N N N N N Y
Vertex AI Y Y Y Y Y Y N N N
Clarifai Y Y Y Y Y Y N N N
CLIP Y Y Y Y Y Y Y Y N

Note. aThese models were chosen to enhance the models, and all others were sourced from the 30 articles used in developing the type of image 
analysis.
CLIP¼ contrastive language–image pretraining; CU¼ content understanding; FED¼ facial expression detection; IA¼ image aesthetic; IC¼ image classifica
tion; IQ¼ image quality; IQA¼ image quality assessment; NIMA¼ neural image assessment; OD¼ object detection; SA¼ sentiment analysis; TSA¼ themed 
sentiment analysis; S-AIR¼ style-aware image recommendation; SD¼ style and transfer design; YOLO¼ you only look once.

Figure 1. Multiple correspondence analysis (MCA) pivot of computer vision models.
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Visual Conception Models

Three models in this visual conception category are 
YOLO, Inception, and ImageIdentify.

YOLO (vision 7) is a state-of-the-art, real-time 
object detection model that allows advertising 
researchers to analyze visual content. Its strength lies 
in the speed and accuracy, enabling rapid identifica
tion and classification of objects within images and 
videos. For advertising researchers, this translates to a 
streamlined process for pinpointing crucial elements 
such as products, brand logos, or specific objects fea
tured in advertisements. The model opens doors to 
automating content analysis, allowing researchers to 
efficiently derive insights from vast amounts of visual 
advertising data. Boasting an average precision of 
56.8%, it demonstrates high proficiency in correctly 
detecting and categorizing objects across diverse scen
arios. Moreover, the model’s remarkable speed, oper
ating at 30 frames per second or higher, makes it 
indispensable for real-time applications for which 

rapid insights are essential (Wang, Bochkovskiy, and 
Liao 2023).

YOLO is an open-source model readily accessible 
on GitHub, which democratizes researchers’ use. 
Although its availability is a major advantage, effect
ively utilizing YOLO requires a solid foundation in 
programming skills (particularly Python) and familiar
ity with deep learning frameworks like PyTorch or 
TensorFlow. Researchers possessing these skills can 
harness the capabilities of YOLO to streamline work
flows, analyze visual advertising content in depth, and 
uncover valuable insights that inform strategic deci
sion-making. By leveraging its speed, accuracy, and 
open-source nature, researchers can unlock a new 
level of efficiency and precision in their investigations, 
leading to more informed strategies and enhanced 
advertising campaigns.

Inception is an ensemble model that harnesses the 
power of multiple architectures, including Inception 
(version 4) and residual networks, to achieve 

Table 3. Image analysis models: Accuracy, availability, and usability.
Model Accuracy Availability Usability

Visual Conception
YOLOv7 Moderate Open-source model available on GitHub Strong programming skills in Python and 

experience with deep learning frameworks
Inception High Available through various deep learning 

frameworks like TensorFlow 
Pre-trained on large datasets and can be fine- 

tuned

Good understanding of deep learning 
concepts and proficiency in Python or a 
similar language

ImageIdentify — Offers a user-friendly interface Basic understanding of image classification
Emotion Recognition
FaceReader Varies Commercial software with a user-friendly 

interface
Basic understanding of facial expression 

analysis
DeepFace Varies Python library available from viso.ai Strong programming skills and a deep 

understanding of facial recognition 
algorithms

BrandImageNet High Research-oriented model accessible through 
published papers and code 
implementations

Good understanding of deep learning 
concepts and proficiency in Python or a 
similar language

Aesthetic Appreciation
NIMA Moderate Open-source model available on GitHub Strong Python programming skills and 

familiarity with PyTorch
IQA Varies Comprehensive framework available as a 

Python library (IQA-PyTorch) on GitHub
Strong Python programming skills and 

familiarity with PyTorch
S-AIR High Research-oriented model accessible through 

published papers and code 
implementations

Strong programming skills and a deep 
understanding of recommendation systems 
and machine learning algorithms

Multi-functional
Vertex AI Varies Accessible through the Google Cloud platform, 

offering both pre-trained models and 
custom model development 

User-friendly interface with options for varying 
levels of expertise

Python (beneficial for customization and 
integration)

Clarifai Varies User-friendly platform with a range of pre- 
trained models 

Offers a visual interface and APIs

Basic coding skills (helpful for complex 
integrations)

CLIP Varies Accessible through its open-source codebase Strong understanding of Python and machine 
learning frameworks like PyTorch

Note. Some accuracy varies by specific attributes or models; details are presented in the paper.
API¼ application programming interface; CLIP¼ contrastive language–image pretraining; IQA¼ image quality assessment; NIMA¼ neural image assess
ment; S-AIR¼ style-aware image recommendation; YOLO¼ you only look once.
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exceptional accuracy in image classification tasks. As a 
study by Szegedy et al. (2017) demonstrated, 
Inception achieved a remarkable 3.08% top-5 error 
rate on the ImageNet classification challenge test set, 
highlighting its prowess in recognizing and categoriz
ing a vast array of objects and scenes. For advertising 
researchers, this capability translates to a potent tool 
for understanding the visual content of advertise
ments, identifying key objects, themes, and even sub
tle nuances that might influence consumer perception. 
The ensemble nature of Inception contributes to its 
robustness and high accuracy. Combining different 
model architectures leverages their strengths while 
mitigating their weaknesses, resulting in a more com
prehensive and reliable classification system. 
Inception’s ability to discern fine-grained details and 
classify images into thousands of categories makes it 
an asset for analyzing advertising visuals, particularly 
in complex scenes with multiple elements.

Inception models are available through popular 
deep-learning frameworks like TensorFlow. These pre- 
trained models, trained on extensive datasets, can be 
fine-tuned for specific advertising research tasks, such 
as identifying product categories, analyzing brand 
imagery, or understanding visual trends. However, 
effectively utilizing Inception requires a good under
standing of deep-learning concepts and proficiency in 
Python or a similar programming language. 
Researchers with these skills can leverage Inception’s 
capabilities to delve deeper into the visual aspects of 
advertising, uncovering insights that drive more effect
ive campaigns.

ImageIdentify is a sophisticated neural network- 
based model developed by Wolfram Research, and it 
is designed for the robust identification and classifica
tion of a wide array of objects and scenes in images. 
Specific details regarding its accuracy and perform
ance metrics are not readily available. However, it was 
trained on an extensive array of more than 4,000 
object classes. This model was meticulously designed 
to balance classification accuracy, computational size, 
and evaluation speed, ensuring efficient and effective 
image recognition capabilities (Villalobos Alva 2021). 
Although specific accuracy metrics are not readily 
available, its comprehensive training in many object 
classes suggests a robust capability to recognize and 
label various elements within advertising visuals. This 
capability can be particularly valuable for researchers 
seeking to understand the composition of ads, identify 
prominent objects or themes, and even detect subtle 
details that might influence consumer responses.

The uniqueness of ImageIdentify lies in its ability 
to process images while maintaining high accuracy 
and efficiency. This capability makes it well-suited for 
analyzing large datasets of advertising visuals, 
promptly providing researchers with actionable 
insights. The model’s ability to handle diverse object 
classes and scenes further enhances its utility in adver
tising research, enabling comprehensive and nuanced 
analyses. Accessing and utilizing ImageIdentify is 
facilitated by its integration within the Wolfram 
Language ecosystem. While specific technical skills 
required might vary depending on the implementa
tion, a general understanding of image analysis princi
ples and familiarity with the Wolfram Language can 
enable researchers to leverage the power of this model 
for their advertising research endeavors.

Emotion Recognition Models

FaceReader, DeepFace, and BrandImageNet are three 
models in the emotion recognition category.

FaceReader is a powerful model in the arsenal of 
advertising researchers, specializing in the real-time 
analysis of facial expressions to gauge audience 
responses to various stimuli, including advertisements. 
As Hadinejad et al. (2019) demonstrated, FaceReader 
can measure how people react emotionally to different 
ad creatives, providing invaluable insights into the 
effectiveness of emotional appeals, humor, or shock 
value. With an 89% recognition rate for static images 
and 80% for dynamic expressions, FaceReader offers a 
reliable way to assess the emotional impact of adver
tising images.

For advertising researchers, the user-friendly inter
face of FaceReader is desirable. They can easily ana
lyze facial expressions frame by frame, tracking 
emotional changes throughout an ad’s duration. These 
data can reveal which moments resonate most with 
viewers, pinpoint areas where engagement drops, and 
identify specific emotions elicited by different ad ele
ments. FaceReader is a commercial software designed 
for researchers and practitioners across various fields. 
Although it requires no coding, a basic understanding 
of facial expression analysis is beneficial for interpret
ing results and drawing meaningful conclusions.

DeepFace is a cutting-edge facial analysis library 
that has become a valued tool for advertising 
researchers seeking to understand audience responses 
and demographics. It can analyze photographs to 
identify human faces with high accuracy. Researchers 
have observed that this facial recognition model sur
passes the human accuracy benchmark (Serengil and 
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Ozpinar 2020, 2021). Beyond facial recognition, 
DeepFace analyzes various facial attributes, including 
age, gender, and emotion. For specific attribute pre
dictions, the model demonstrates a mean absolute 
error of 4.65 in age estimation, suggesting it can pre
dict age with an accuracy range of about plus or 
minus 4.65 years. On the same dataset used for age 
estimation, the model achieves a 97.44% accuracy in 
gender prediction, 68% in race/ethnicity classification, 
and 57.42% in emotion detection (Serengil and 
Ozpinar 2021). DeepFace is a research-oriented model 
primarily accessible through published papers and 
code implementations. It requires strong program
ming skills and a deep understanding of facial recog
nition algorithms. It is more suitable for researchers 
and developers with expertise in this domain.

By identifying various facial attributes, this model 
enables researchers to gauge audience attention to 
faces within ads, measure emotional reactions to spe
cific characters or scenarios, and even conduct demo
graphic analysis based on facial types, and thus, tailor 
advertising campaigns for maximum impact and res
onance. DeepFace is available as a Python library, 
offering a wide range of features and capabilities for 
facial analysis. While it requires programming skills 
and familiarity with machine learning concepts, its 
extensive documentation and active community sup
port make it accessible to researchers and developers 
with varying levels of expertise. With its exceptional 
accuracy and comprehensive facial analysis capabil
ities, DeepFace has become an essential tool for adver
tising researchers seeking to unlock the hidden 
potential of facial data and gain a deeper understand
ing of consumer behavior.

BrandImageNet, a specialized model trained to 
identify and analyze brand imagery attributes, offers a 
unique capability for advertising researchers. Unlike 
FaceReader and DeepFace, which focus on facial ana
lysis, BrandImageNet takes ad images as input and 
outputs a range of brand-related attributes, such as 
“glamorous,” “healthy,” “rugged,” or “fun.” With an 
average accuracy rate of 90% (Liu, Dzyabura, and 
Mizik 2020), this model provides a reliable way to 
assess brand image consistency across different cam
paigns. Thus, BrandImageNet provides a window into 
the minds of consumers, revealing how a brand is 
being perceived in the real world. This information is 
invaluable for assessing the effectiveness of brand 
positioning strategies, identifying potential misalign
ments between intended and perceived brand images, 
and tailoring marketing messages to evoke specific 
emotions or associations.

BrandImageNet is available primarily through aca
demic research papers and code implementations, 
making it a valuable resource for researchers with a 
strong foundation in machine learning and image 
analysis. While it offers immense potential for brand- 
related insights, utilizing BrandImageNet effectively 
requires familiarity with machine learning concepts 
and potential coding skills to adapt and apply the 
model to specific research questions. Researchers with 
this expertise can use BrandImageNet to better under
stand brand perception, refine brand messaging, and 
ultimately enhance brand equity.

Aesthetic Appreciation Models

We have three models in the aesthetic appreciation 
category: NIMA, IQA, and S-AIR.

NIMA represents a paradigm shift in aesthetic 
evaluation, enabling researchers to quantify the visual 
appeal of advertising images through a lens that aligns 
with human perception. Predicting the aesthetic qual
ity of images allows researchers to understand the vis
ual elements that resonate most effectively with 
consumers. It has demonstrated an accuracy of 81.5% 
in predicting image appeal, a testament to its ability 
to mimic human judgment in evaluating aesthetic 
qualities. This accuracy offers researchers a reliable 
metric for assessing the effectiveness of visual ele
ments within advertisements (Talebi and Milanfar 
2018).

In the context of advertising research, NIMA pro
vides a valuable tool for optimizing visual content. 
Researchers can utilize NIMA to identify high-per
forming visuals, analyze the impact of different artistic 
styles, and tailor creative strategies to maximize viewer 
engagement. Advertisers can craft visually compelling 
campaigns that leave a lasting impression by under
standing the aesthetic qualities that appeal to target 
audiences. NIMA is an open-source model accessible 
to researchers and developers proficient in Python 
and deep learning frameworks. Although technical 
expertise is necessary for implementation and fine- 
tuning, the insights from NIMA’s analysis can provide 
a significant competitive advantage in advertising 
research.

IQA is a comprehensive framework that offers the 
reimplementation of a diverse set of models and met
rics designed to evaluate images’ technical and percep
tual quality. This toolbox enables advertising 
researchers to assess various aspects of image quality, 
including sharpness, noise, color accuracy, and overall 
aesthetic appeal. The performance evaluation protocol 
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of this toolbox is methodically structured. When offi
cial models are available, they are utilized for evalu
ation purposes. When official models are unavailable, 
the toolbox adopts a uniform set of training and evalu
ation settings to ensure simplicity and consistency 
across different models. This approach allows for a fair 
and standardized comparison of model performance. 
All benchmark results can be assessed at the GitHub 
site (https://github.com/chaofengc/IQA-PyTorch/tree/ 
main/tests).

IQA can play a crucial role in the visual integrity 
of advertising campaigns. By rigorously evaluating the 
quality of images used in advertisements, researchers 
can identify and address potential issues that may 
detract from the overall impact, such as compression 
artifacts, blurriness, or color inconsistencies. IQA is 
available as a Python library (IQA-PyTorch), requiring 
strong programming skills and familiarity with the 
PyTorch framework. Its comprehensive nature and 
extensive evaluation tools make it an indispensable 
resource for researchers and professionals dedicated to 
upholding the highest visual quality standards in 
advertising.

S-AIR is a content-based recommendation system 
that leverages machine learning to understand and 
predict the visual preferences of specific brands or 
influencers. By analyzing vast amounts of visual data, 
this model learns a particular entity’s unique style and 
aesthetic characteristics, enabling it to recommend 
images that align with their established brand identity 
or personal style. The evaluation is made using the 
metric area under the ROC curve (AUC). The higher 
AUC indicates a higher probability of achieving a 
high true positive rate while maintaining a low false 
positive rate. Here, the true positive is counted by the 
model correctly recommending associated ad images 
to the brands, and the false positive is calculated by 
the model falsely recommending a related ad image to 
the brands. Their method achieved an AUC of 0.946 
(maximum ¼ 1) on the brand dataset and 0.918 on 
the influencer dataset, further affirming its effective
ness in aligning image recommendations with specific 
influencer styles (Zhang and Yamasaki 2021).

This model is a powerful tool for optimizing visual 
content strategies for advertising research. By under
standing the specific visual preferences of target audi
ences, researchers can curate and recommend images 
that resonate with them, leading to increased engage
ment, brand recall, and positive consumer interac
tions. The model’s ability to learn and adapt to 
evolving styles ensures that recommendations remain 
relevant and effective. This model is available through 

research papers and code implementations, requiring 
strong programming skills and expertise in recom
mendation systems and machine learning algorithms.

Multi-Functional Models

Three multi-functional models, Vertex AI, Clarifai, 
and CLIP, were used in our reviewed studies. These 
models represent the forefront of computer vision 
technology and can carry out image analysis in more 
than one category. The accuracy and performance of 
these platforms are highly contingent on the choice 
between using their sophisticated pre-trained models, 
which are adept in tasks such as object detection and 
sentiment analysis, and the option to train custom 
models, which allows for tailored solutions specific to 
unique datasets and requirements.

Vertex AI, a comprehensive machine learning plat
form offered by Google Cloud (previously known as 
Google Vision), empowers advertising researchers with 
a diverse suite of pre-trained and customizable models 
for various visual analysis tasks. Its capabilities span 
brand logo detection, object identification within ad 
creatives, sentiment analysis, and image text extraction. 
This versatility stems from its extensive collection of 
pre-trained models and the ability to develop and 
deploy custom models tailored to specific research 
needs. Vertex AI offers a robust solution for advertis
ing research for comprehensive visual content analysis. 
Its ability to identify brand logos enables researchers to 
track brand visibility and measure the effectiveness of 
product placements. Object detection facilitates the 
analysis of visual elements within ads, providing 
insights into composition, messaging, and potential 
biases. Sentiment analysis helps gauge audience reac
tions to advertising content, and text extraction can be 
used to analyze textual elements embedded within 
images. Vertex AI caters to users with varying levels of 
expertise, offering a user-friendly interface for begin
ners and more advanced tools for experienced practi
tioners. Whereas proficiency in Python benefits 
customization and integration with other tools, the 
platform’s intuitive design allows researchers to lever
age its capabilities without extensive coding knowledge.

Clarifai is a user-friendly platform renowned for 
its wide array of pre-trained models for visual recog
nition tasks, including image classification, object 
detection, and facial recognition. Its intuitive visual 
interface and API integrations make it accessible to 
technical and non-technical users, enabling seamless 
integration into existing research workflows. For 
advertising research, the real-time analysis capabilities 
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of Clarifai are particularly advantageous. By quickly 
identifying objects, demographics, and potentially 
harmful content within images and videos, researchers 
can gain immediate insights into audience compos
ition, brand safety, and the effectiveness of visual ele
ments. This capability enables timely adjustments to 
advertising strategies and ensures that brand messag
ing aligns with ethical standards. The Clarifai pre- 
trained models are readily available, and the platform 
also offers the option to train custom models for spe
cific research needs. Whereas basic coding skills can 
be helpful for more complex integrations, the user- 
friendly design for Clarifai allows researchers to 
harness its power without extensive programming 
knowledge. With its focus on real-time analysis and 
ease of use, Clarifai has become a valuable tool for 
advertising researchers seeking efficient and actionable 
insights from visual content.

CLIP, developed by OpenAI, represents a break
through in bridging the visual and textual content 
gap. Its unique capability to understand and interpret 
images and text allows it to perform various tasks 
with remarkable efficiency, including image classifica
tion, object detection, and sentiment analysis. The 
zero-shot learning capabilities of CLIP enable it to 
generalize its understanding to new, unseen data, 
making it a versatile tool for advertising research. In 
advertising, the strength of CLIP lies in analyzing the 
alignment between ad copy and visuals, content mod
eration, and sentiment analysis. It can assess whether 
the visual elements of an advertisement effectively 
convey the intended message, identify potential biases 
or inconsistencies, and gauge audience reactions to 
both textual and visual components (Ramesh et al. 
2022). The capability of CLIP to understand the inter
play between language and images offers valuable 
insights into how these elements create meaning and 
influence consumer behavior. CLIP is primarily 
accessible through its open-source codebase, requiring 
a strong understanding of Python and machine learn
ing frameworks like PyTorch. The unique approach of 
CLIP to multi-modal understanding opens new ave
nues for advertising research, allowing for a deeper 
exploration of the complex relationship between text 
and image in advertising communication.

Single- Versus Multi-Functional Models

Multi-functional models offer numerous benefits, 
including performing various tasks in a single frame
work. This versatility streamlines the workflow by 
reducing the need for multiple models, simplifies 

integration processes, and provides a consistent 
approach to various types of analysis. These models are 
particularly useful in settings that require a compre
hensive analysis because they can handle everything 
from image classification and object detection to 
emotion recognition and aesthetic assessment. 
Furthermore, multi-functional models often come with 
pre-trained capabilities and customizable options, mak
ing them accessible and adaptable for various research 
and practical applications. However, there are situa
tions in which choosing single-functional models is 
more advantageous. Single-functional models are often 
preferred when a task requires high precision and spe
cialized features that multi-functional models may lack. 
They tend to have optimized performance for particu
lar applications. Due to their focused scope, single- 
functional models can be more resource-efficient and 
easier to train, fine-tune, and debug. They are also bet
ter when computational resources are limited or the 
deployment environment demands minimal resource 
consumption. Thus, whereas multi-functional models 
offer broad capabilities, single-functional models pro
vide superior performance and efficiency for special
ized tasks.

Example Use of Select Computer 
Vision Models

To demystify the use of computer vision models in 
advertising research, we present an example study that 
used single-functional and multi-functional models in 
image analysis. Our research question is: What con
tent categories strongly correlate with high aesthetic 
advertisement scores? We conducted two interrelated 
studies using Vertex AI for image classification and 
NIMA for aesthetic evaluation.

We utilized the Pitts Ad dataset (Kovashka 2024), 
which is available online (https://people.cs.pitt.edu/ 
�kovashka/ads/). This dataset is a large collection of 
visual advertisements representing various products 
labeled by human coders. This dataset is ideal for 
training and evaluating machine learning models for 
image classification and aesthetic evaluation tasks. We 
visited the “readme” page to access this dataset and 
followed the instructions to download the images. The 
readme file contains links to the image files and add
itional details about the dataset. Once the images were 
downloaded, we randomly selected 500 advertisements 
for this study.

We went to Vertex AI dashboard on Google Cloud 
to create our machine-learning model for classifying 
the sample image advertisements. In the dashboard, 
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we clicked “Prepare Data” to create the dataset and 
selected “Image Classification.” It used the single label 
to predict the correct label the user wanted assigned 
to an image. We uploaded the downloaded Pitts Ad 
images from our computer, and once the import was 
done, we got an email from Google support. Then, we 
split our 500 images into 90 images as the training set 
and 410 images as the testing set. We labeled the 
training set with various categories of advertisements, 
such as food, beauty, clothing, auto, public service 
announcements (PSAs), and others. We used those 
labels just for demonstration purposes; researchers can 
label those ads they deem the most suitable for 
analysis.

After labeling the training set, we returned to the 
dashboard and found the “Model Development” tab. 
We selected to create a model and train a new model. 
Our model training process lasted for 1 hour and 
53 minutes. Returning to the dashboard, we selected 
“Deploy & Use” and “Online Prediction—Deploy 
models for online predictions.” The trained model 
was then applied to the testing dataset to predict the 
content categories of the image ads, and we received 
the predicted labels and some accuracy results. 
Completing the training model cost us $18, which 
would escalate with larger datasets and extended train
ing durations. Also, additional costs would arise when 
deploying the model on the cloud. For instance, stor
ing and deploying the training model on Google 
Cloud for approximately 20 hours would cost 
about $200.

The precision and recall metrics provide valuable 
insights when evaluating the model’s performance 
across various advertisement categories like food, 
beauty, clothing, auto, and PSAs. The model demon
strates high reliability with an average precision of 
0.869, and it achieves a precision of 100% at a higher 
confidence threshold of 0.75, which indicates that the 
model accurately identifies when an advertisement fits 
a specific category. Therefore, when the model catego
rizes an ad as belonging to one of these groups, there 
is a high likelihood it is correct, particularly when 
operating above the confidence threshold. The two 
example testing images and their predicted category 
with a confidence score are presented in Figure 2.

The recall rate of 50% indicates a limitation in the 
model’s ability to identify all relevant ads across the 
various categories. This metric shows that the model 
only successfully identifies 50% of the advertisements 
that should be classified under the categories it has 
been trained to recognize. This lower recall rate could 
stem from several factors. First, each advertisement 

category has a significant diversity. For example, 
beauty ads could range from minimalist to highly 
elaborate. If the training data did not capture this 
wide variation, the model might fail to recognize less 
typical ads. Second, ads across different categories 
might share visual or thematic similarities, such as 
color schemes or imagery, which could confuse the 
model if it has not been adequately trained to distin
guish these nuances. Lastly, different categories may 
rely on distinct features, such as textual content in 
PSAs versus visual imagery in food ads. If the model 
is not well-tuned to these specifics, its performance 
might lag in certain categories.

Now that we had all the content category labels for 
our 500 images, we moved on to assess the aesthetic 
appeal of the categorized ads using the NIMA model 
from the IQA PyTorch library. NIMA was chosen for 
its robust training on extensive datasets specifically 
rated for aesthetic quality, making it a reliable tool for 
evaluating the aesthetic appeal of images. To utilize 
the IQA-PyTorch library, we first need to install 
PyTorch and the IQA PyTorch library. Then, we must 
create a Python script to load the NIMA model and 
evaluate the images. Due to their objective and struc
tured nature, generative AI tools, including ChatGPT, 
can efficiently handle these scripts. After running the 
script, we received a column called “Image Scores”, 
which contained the aesthetic scores for each image 
ad. We further analyzed these scores to examine cor
relations between advertisement categories and aes
thetic appeal scores to answer our research question 
(see Supplemental Online Appendix 2 for a descrip
tion of our example study, including the procedures 
and research findings).

Summary and Discussion

We reviewed the literature on social science and com
puter science and identified three categories and nine 
types of image analysis of brand-related images on 
social media. We then used these categories and types 
to select 12 computer vision models and compare 
them in terms of their capability, accuracy, availabil
ity, and usability. As a quick demonstration, we gath
ered a sample of image ads from a publicly available 
dataset. We used two computer vision models to ana
lyze the sample and answer our research question. 
These analysis, comparison, and example use of select 
models should facilitate advertising scholars and prac
titioners in selecting and using the models in 
research.
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Advantages and Limitations of Computer 
Vision Models

Before embarking on computer vision models, 
researchers should understand the advantages and 
limitations of these models compared with manual 
coding and analyzing images. The application of com
puter vision models in image analysis brings several 
clear advantages, particularly in advertising research. 
One of the most significant advantages is the ability 
to analyze large datasets efficiently. Unlike manual 
image analysis, which is time-consuming and labor- 
intensive, automated methods allow researchers to 
quickly handle and process vast amounts of visual 
data. This efficiency opens new possibilities for asking 
research questions that were previously unfeasible due 
to resource constraints (Araujo, Lock, and van de 
Velde 2020). Additionally, automated models reduce 
the potential for human coder bias, thereby offering 
more consistent and objective results across different 
datasets (Argyris et al. 2020). This objectivity is crucial 
when conducting large-scale because it helps establish 
reliable and reproducible findings.

Despite these advantages, the use of computer 
vision models for image analysis has several disadvan
tages. A key limitation is the inability of automated 
models to capture the rich qualitative insights that 
manual methods can accomplish, such as content ana
lysis or semiotic analysis. Manual approaches allow 
researchers to delve deeper into images’ cultural and 
societal meanings, interpreting visual rhetoric and 
uncovering nuances that automated systems may 
overlook (McQuarrie and Mick 2003). When inter
preting and analyzing visual data, it is important to 
recognize that visual representations can be ambigu
ous and open to multiple interpretations (Patricia 
2020) because images can hold multiple meanings 
depending on the cultural, social, and historical con
texts in which they are viewed. In addition, computer 
vision models can struggle with cultural variation, 
potentially misinterpreting images from different 
sociocultural contexts due to biases in the training 
data (Serengil and Ozpinar 2020). Lastly, fully auto
mated systems may lack the capacity to understand 
the subjective and context-dependent meanings cen
tral to understanding visual content’s cultural impact 

Figure 2. Example of Vertex AI performance.
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(Patricia 2020). Therefore, while computer vision 
models provide valuable quantitative insights, they 
should complement qualitative approaches to offer a 
more holistic and nuanced visual data analysis.

Selection of Suitable Models

With so many types of image analysis and computer 
vision models, researchers may start to think about 
three basic questions about image analysis: 1) what is 
in an image ad?; 2) what emotion does an image ad 
convey?; and 3) what is the quality of an image ad?. 
These three questions can be further explored consid
ering the three categories of image analysis using rele
vant computer vision models (see Table 4 for a 
summary). For example, if a study intends to investi
gate what products virtual influencers are likely to 
present in their posts on social media, a sample of 
such posts can be collected, and some of them can be 
used to train an image classification model, like 
ImageIdentify. After classifying the products in the 
sample, an emotional model, like BrandImageNet, can 
be used to reveal brand-related attributes of these 
products. If the study is also interested in the facial 
impression of the virtual influencers, a model like 
FaceReader or DeepFace can be used to generate data 
from these image posts. Finally, if the study needs to 
assess the aesthetics of these posts, models like NIMA 

can be easily trained to analyze these posts. 
Ultimately, what computer vision model to use in a 
study will depend on the research questions, types of 
images, and the researcher’s programming skills.

Key Steps in Using a Model

Although brief, our example study includes several 
key steps in using a computer vision model, summar
ized in the following section.

Developing Research Questions
The first step in applying computer vision models in 
advertising research is clearly stating the research 
questions your study aims to answer. For example, 
“Do certain ads evoke positive emotions?” or “How 
does the ad’s aesthetic align with its brand identity?” 
These questions will guide the choice of models and 
the overall research design. At this stage, researchers 
must ensure the questions are well-defined, context
ually relevant, and feasible for analysis with a com
puter vision model.

Selecting Appropriate Models
Once the research questions are defined, the next step 
is to select the most suitable computer vision model. 
Choose a model that fits best with the objective of 
analysis—for instance, using emotion recognition 

Table 4. Relevance of computer vision models to advertising issues.
Model Relevance to Advertising Issues

Visual Conception
YOLOv7 Real-time object detection for tracking ad placements in videos, analyzing product placement effectiveness, measuring 

viewer attention to specific elements within an ad
Inception Transfer learning for custom image classification tasks (e.g., identifying ad types, categorizing brand imagery), feature 

extraction for building custom models
ImageIdentify Automatic identification of objects and scenes in ads, providing insights into visual content and its potential impact
Emotion Recognition
FaceReader Emotion detection in response to ads, analyzing the effectiveness of facial expressions in ad creatives, understanding 

audience engagement through facial cues
DeepFace Facial recognition for identifying celebrities or influencers in ads, measuring audience attention to faces in ads, demographic 

analysis based on facial types
BrandImageNet Analyzing brand image consistency across different ad campaigns, measuring the effectiveness of brand imagery, 

understanding how consumers perceive brands based on visual cues
Aesthetic Appreciation
NIMA Assessing the aesthetic quality of ad creatives, predicting consumer preferences based on visual appeal, optimizing ad 

design for maximum impact.
IQA Ensuring high-quality visuals in ad campaigns, evaluating the technical quality of images and videos, comparing the visual 

quality of different ad variations
S-AIR Recommending visually similar ad creatives to users, personalizing ad experiences based on visual preferences, generating 

new ad variations based on existing styles
Multi-functional
Vertex AI Brand logo detection, object detection in ad creatives, sentiment analysis of images, optical character recognition for text 

analysis
Clarifai Object recognition and classification, visual search for similar ad creatives, demographic analysis of people in ads, NSFW 

content detection
CLIP Text-image pairing for analyzing the relationship between ad copy and visuals, content moderation for brand safety, 

sentiment analysis of images

CLIP¼ contrastive language–image pretraining; IQA¼ image quality assessment; NIMA¼ neural image assessment; NSFW¼ not safe for work; S- 
AIR¼ style-aware image recommendation; YOLO¼ you only look once.
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models like FaceReader or DeepFace to gauge emo
tional cues and aesthetic appreciation models like 
NIMA or IQA to evaluate the visual appeal of image 
advertisements. When in doubt, engaging domain 
experts in computer science is helpful to refine the 
research focus and ensure that the model’s outputs 
align with analytical tasks. Refer to Tables 2 and 3 for 
guidance on the capability, accuracy, availability, and 
usability of each of the 12 models, ensuring that your 
selection is well-informed and suitable to your 
research needs.

Collecting and Preparing Data
Gather or create a dataset of relevant images or videos 
relevant to the research questions. The dataset should 
be properly formatted and labeled according to the 
requirements of the chosen computer vision model. 
For instance, if using a model that requires labeled 
emotional states, ensure that each image or video seg
ment is annotated with the corresponding emotional 
labels. Human validation is vital during data labeling 
to ensure that annotations accurately reflect the 
intended categories because errors in labeling can lead 
to misinterpretation of the results. Proper data prepar
ation is crucial for the accuracy and reliability of the 
model’s output.

Training the Model If Applicable
Training a customizable model on a specific dataset 
can significantly optimize the performance for the 
intended tasks. For example, fine-tuning a facial 
expression model to recognize subtle emotional nuan
ces better can enhance its accuracy. This step involves 
adjusting the model’s parameters and training it on 
the labeled dataset to ensure it performs well in the 
research context. During this process, human valid
ation is key to verifying that the model is learning 
appropriately and not overfitting or underfitting the 
data.

Analyzing Images
Apply the selected computer vision model to the data
set to extract relevant information. For instance, a 
model can be used to identify facial expressions and 
analyze emotional valence scores or to assess aesthetic 
ratings of ad creatives. This step involves running the 
images or videos through the model and interpreting 
the outputs based on the research questions. Human 
validation is critical to confirm the accuracy and rele
vance of the model’s predictions, ensuring that the 
extracted insights are correct and meaningful within 
the research context.

Reporting and Interpreting Findings
The final step is to report the results and interpret 
their implications. This step involves synthesizing the 
data outputs into meaningful insights that address the 
research questions. The findings should be presented 
clearly and concisely, with key takeaways and their 
relevance to advertising theories and practices. 
Researchers should contextualize the findings and 
warrant that the conclusions drawn from the model 
align with established theoretical frameworks in adver
tising research. Effective reporting ensures that the 
insights derived from the computer vision models are 
actionable and can inform future advertising research.

Ethical Considerations

Incorporating ethical considerations into computer 
vision models is imperative, especially when dealing 
with sensitive data like images of individuals. One of 
the primary concerns is privacy. Researchers must be 
certain they have proper consent for using images, 
particularly those gathered from public platforms such 
as social media. The potential for misuse, such as in 
surveillance or manipulative advertising, raises signifi
cant ethical questions. Researchers should be cautious 
and transparent about how the data are collected and 
processed, emphasizing the importance of safeguard
ing individual privacy and consent (Joo and Steinert- 
Threlkeld 2022).

Another major ethical issue is bias in the models. 
Computer vision algorithms, particularly those trained 
on biased datasets, can perpetuate or amplify preexist
ing societal biases. For instance, emotion detection 
models may interpret facial expressions differently 
based on race or gender (Serengil and Ozpinar 2020, 
2021). Researchers must validate their model outputs 
with human judgments and ensure their training data 
are representative and diverse. Raising awareness of 
these ethical challenges can be achieved through trans
parent reporting, collaboration with ethical experts, 
and publishing clear guidelines for the responsible use 
of these technologies.

Lastly, transparency and accountability are fundamen
tal when using automated tools, especially in research 
contexts. Researchers should be transparent about their 
models’ limitations and potential errors to guarantee that 
the outcomes are trustworthy and ethically sound. This 
transparency involves documenting the model’s design, 
data sources, and the assumptions embedded in its algo
rithms. By providing transparency, researchers make it 
easier for others to scrutinize and verify the findings, pro
moting a culture of openness and collaboration in the 
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scientific community (GOV.UK 2023). Additionally, they 
should advocate for external accountability mechanisms, 
ensuring that their models undergo thorough ethical 
reviews and regular audits by independent experts. 
Accountability measures include oversight, risk assess
ments, and ensuring the system is auditable and can trace 
errors or biases to prevent unintended consequences 
(Balasubramaniam et al. 2022).

Future Research Directions

Using computer vision models for image analysis is still 
in its early stages, and researchers can use such models 
to open new areas and explore new issues in advertising 
research. One direction is to explore the relationships 
between attributes of brand-related images and consumer 
responses. Image attributes gleaned from computer vision 
models can serve as independent variables. In contrast, 
dependent variables may include many factors, such as 
brand recall, brand perception, brand engagement, pur
chase intent, and actual purchases. While some of these 
relationships have been studied, little is known regarding 
consumer responses to new forms of brand-related 
images, such as virtual influencers’ posts on social media 
and AI-generated brand-related images. Computer vision 
models can play an important role in new studies of 
these issues. Although most computer vision models we 
reviewed in this study are designed to analyze images, 
some can decode videos for object detection, like YOLO. 
As more brands have established a presence in the meta
verse, more models are expected to emerge that can 
effectively and efficiently analyze visuals in virtual, aug
mented, and mixed-reality settings. Using computer 
vision models in advertising research in the metaverse 
represents a brand domain worth exploring.

When selecting computer vision models, researchers 
should understand the currency of these models. Our 
review examined the release dates, update frequencies, 
and current relevance of these 12 models. For visual con
ception models, the YOLO family began with its original 
release in 2016 and has seen continuous development, 
with YOLOv7 being the latest major iteration released in 
July 2022. These models are highly regarded for real-time 
object detection, with newer versions like YOLOv7-Tiny 
and YOLOv7-W6 further improving speed and accuracy, 
particularly useful for applications like tracking ad place
ments and analyzing viewer attention. Inception, inte
grated into the Google TensorFlow framework, has been 
a cornerstone in image classification tasks since its intro
duction, benefiting from regular updates and extensive 
use in transfer learning. While ImageIdentify may not 

receive frequent updates, they remain specialized and 
user-friendly, effectively serving specific use cases.

For emotion recognition models, FaceReader, released 
in 2005, provides reliable emotion detection capabilities 
that are useful in analyzing facial expressions in advertise
ments. DeepFace, launched in 2014, is widely employed 
for facial recognition, including identifying celebrities and 
conducting demographic analysis. BrandImageNet ana
lyzes brand image consistency across campaigns and is 
more research-oriented; hence, it is updated less fre
quently. For aesthetic appreciation models, NIMA, intro
duced in 2018, plays a critical role in assessing the 
aesthetic quality of images, predicting consumer preferen
ces, and optimizing ad design. The broader field of IQA 
has seen various models developed and refined through 
ongoing research, ensuring the maintenance of high-qual
ity visuals in advertising campaigns. S-AIR, released in 
2021, represents a cutting-edge development in recom
mending images based on stylistic elements.

For multi-functional models, Vertex AI, part of the 
Google Cloud platform, supports tasks like brand logo 
detection and sentiment analysis, offering pre-trained 
models and custom development options. Clarifai, 
launched in 2013, is a versatile platform known for object 
recognition and visual search, continually updated to 
meet diverse needs. CLIP, introduced by OpenAI in early 
2021, excels in analyzing the relationship between ad 
copy and visuals, providing content moderation and sen
timent analysis. Although the regular updates and adapt
ability of these models ensure their continued relevance 
in the rapidly evolving field of computer vision, research
ers should attend to newer models that are likely superior 
in capability, accuracy, availability, and usability.

Like any algorithm in machine learning, computer 
vision models may have biases due to the data on which 
they are trained. Thus, researchers who use such models 
should be mindful and test them in the research process. 
Addressing algorithmic biases in computer vision models 
and establishing ethical guidelines for their use in adver
tising research is paramount. Bias mitigation and ethical 
considerations ensure equitable and responsible deploy
ment, safeguarding against potential misuse and ensuring 
that the benefits of the models are accessible to all.

Finally, breakthrough findings are often the results of 
multidisciplinary collaboration. Thus, fostering interdisci
plinary collaboration between advertising researchers, 
computer scientists, psychologists, and neuroscientists can 
lead to more comprehensive and nuanced models of con
sumer response to visual content. Such collaboration can 
integrate diverse perspectives and expertise, enhancing the 
depth and breadth of using computer vision models 
research in advertising research.
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Managerial Implications

While this review focuses on the academic use of 
computer vision models, it does not mean they are 
less valuable in advertising practice. Computer vision 
models are transforming the advertising industry by 
offering innovative tools to enhance customer engage
ment and personalize marketing strategies. These 
models enable brands to recognize visual content that 
resonates with specific audiences, allowing for more 
targeted and engaging advertisements (Adweek n.d.). 
They also detect logos and products in social media 
posts, allowing brands to monitor their presence and 
gauge customer sentiment effectively (Medium 2024). 
Future more, computer vision models can help brands 
understand the context of visual content, ensuring 
that ads are not only relevant to the user but also 
aligned with the content they are viewing, thus aiding 
in improving ad placements and increasing overall 
engagement by ensuring that the advertisements com
plement the content consumed (GumGum n.d.). 
Creative use of these models in advertising should 
boost the effectiveness of various campaigns involving 
brand-related images and achieve better consumer 
responses.
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