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Abstract 

In retail, planograms can have a significant impact on a customer’s experience and a company’s bottom 

line. Effective planograms can help retailers improve decision making, better understand product trends, 

and respond to customer needs. Given the dynamics of the retail environment, one of the major issues with 

planograms is compliance. Without planogram compliance, maximizing the benefits from its use may be 

difficult to achieve. Often, the retail environment is dynamic, filled with market nuances, rapid product 

rotation, and unforeseen challenges. One of the major challenges with store level compliance is being able 

to visualize the store shelves to determine the state of compliance. Traditionally, retailers have relied on 

human judgment and labor to perform the planogram compliance tasks, resulting in lost sales and out-of-

stocks. Although some retailers use limited technology in the process, there continues to be room for 

improvement. Recently, there have been technical advancements, like generative artificial intelligence, that 

can revolutionize this process and help to significantly improve planogram compliance. This paper seeks to 

provide a thoughtful perspective on the effectiveness of planograms, the benefits of planogram 

compliance, and the potential impact that generative artificial intelligence can have on compliance. 
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In retail, planograms can have a significant impact on a customer’s experience and a company’s bottom 

line. Effective planograms can help retailers make better decisions, better understand product trends, and 

respond to customer needs. Given the dynamics of the retail environment, one of the key issues with 

planograms is compliance. Without planogram compliance, maximizing the benefits from its use may be 

difficult to achieve. Often, the retail environment is dynamic, filled with market nuances, rapid product 

rotation, and unforeseen challenges. These realities can make it more challenging to ensure that retail 

stores are complying with the requirements of the planogram. One of the major challenges with store level 

compliance is being able to visualize the store shelves to determine the state of compliance. Traditionally, 

retailers have relied heavily on human judgment and labor in planogramming, which has often led to lost 

sales, out-of-stock, and increasing expenses (Sadayappan and Kumar 2021). As a result, there is general 

agreement that incorporating technology and automation can help to improve compliance and lead to a 

process that is more effective and efficient than a human driven manual process. While companies use 

hand-held computers, cameras, and the internet for communication, the process continues to be labor 

intensive and prone to error. Recently, there have been significant technological advancements in artificial 

intelligence that can help to revolutionize and improve planograms and store level compliance. This paper 

seeks to provide a thoughtful perspective on the effectiveness of planograms, the benefits of planogram 

compliance, and the potential impact that generative artificial intelligence (GAI) can have on compliance. 
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Planograms 
 

In the retail environment, there can be significant variations among stores within the same chain. This 

variation can also make it challenging to manage inventory, forecast product needs, and provide consistent 

visual merchandising. However, planograms can help to manage this variation by ensuring that the right 

products are being sold, the products are in the ideal location on the shelf, and that there is appropriate and 

consistent merchandising to help drive sales. Marder et al. (2015) supports the notion that strategically 

optimized planograms are instrumental in enhancing sales and overall profitability. With effective 

planogramming, retailers can help to drive sales and improve customer satisfaction, as such, the following 

provides an overview of planograms and the importance of using them in retail. 

Retail stores can have a lot of variation due to things like store size, product trends, differences in 

product sell through, dynamic customer needs, and geography. Additionally, there is further complexity 

due to the constant in-store shelf rotation of removing non-performing products and replacing them with 

new ones. To help deal with the variation and complexity at the store level, many retailers will use 

planograms. Planograms visualize the predefined ideal arrangement of products, where each product 

should be on the shelf, and how many SKU facings should be present for each product (Czerniachowska 

and Hernes 2021; Goel and Sharma 2020; Laitala and Ruotsalainen 2023; Luca et al. 2021; Saqlain et al. 

2022). Luca et al. (2021) contend that a planogram allows retailers to use product categories to present 

products in an organized manner, which can help to increase sales. Furthermore, Luca et al. (2021) 

reminds us that visual merchandising is the presentation of products in the best possible way and helps 

retailers to gain consumers' attention, which is a key aspect to increasing store traffic and sales. Ideally, 

planograms help to ensure that the right product is in the right place at the right time to maximize sales 

(Wiles et al. 2013). With so much store level variation and complexity, planogramming can sometimes be 

viewed as the art and science of designing store layouts to maximize product visibility and sales (Nexgen 

2023). 

Planograms are primarily used in the retail industry to help manage the products on the shelves in 

a retail store. That is because the major chain big box, department, grocery, and drug retailers can have 

thousands of stores across the United States (US), which makes planogram compliance even more 

challenging. According to the National Retail Federation (2023), in 2022, there were 4.2 million US retail 

stores with the top 10 retailers having more than 35,000 store fronts across the country. Please see Table 1 

for details. 

 

Table #1 2023 Top 10 US Retailers 

 

Name  Number of Retail Outlets US Sales (billions) 

1. CVS Health Corporation 9,728 $106.18 

2. Walgreens Boots Alliance 8,785 $103.91 

3. Walmart 5,330 $499.65 

4. The Kroger Company 2,856 $147.62 

5. Albertsons Companies 2,270 $76.15 

6. The Home Depot 1,994 $145.94 

7. Target 1,948 $107.59 

8. Lowe’s Companies 1,738 $89.28 

9. Costco Wholesale 574 $164.15 

10. Amazon 558 $232.46 

Totals 35,781 $1,672.93 

 

Given the sheer number of store fronts among top US retailers, the importance of effectively 

managing them cannot be understated if these companies expect to maximize sales. Chong et al. (2016) 

notes the importance of compliance and suggest that planograms are models that specify exactly how 

products should be displayed on the shelves to ensure maximum sales, while planogram compliance 

ensures that the products on display are in accordance with the planogram. Saqlain et al. (2022) agrees and 

contends that monitoring store shelves to keep track of product availability and planned merchandising are 

crucial factors that can help to boost sales and improve customer satisfaction. 
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Benefits of Planogram Compliance 

 

To achieve the potential benefits associated with planograms, there needs to be compliance. Laitala and 

Ruotsalainen (2023) suggest that planogram compliance can help to increase sales up to 8% and that 

suboptimal merchandising can lead to a loss of up to 1% of sales. It is not only important to develop a 

planogram, but every effort needs to be made to ensure that the planogram is implemented correctly at 

retail so the benefits can be realized. While there are several benefits linked to planograms, this discussion 

will focus on the importance and benefits associated with compliance. This is an important aspect of retail 

management, as complying with a well-developed planogram can help to increase sales, improve customer 

satisfaction, better manage inventory, and improve accountability at retail. 

 

Figure #1 

Planogram Compliance Benefits 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Increased Sales 

As noted earlier, planograms can help to optimize the retail store environment by optimizing shelf space 

and standardizing merchandising. They are designed to highlight and focus on products based on trends, 

consumer needs, and paid promotions. One of the most critical aspects of planogram compliance is the 

potential impact on sales. Czerniachowska and Hernes (2021) highlight this and note that compliance can 

help retailers to maximize sales. A study by the National Association for Retailing Merchandising Services 

(Frontoni et al. 2015) supports this notion and found that a 100% planogram compliance after an initial 

reset can help increase sales by 7.8%. Similarly, Saqlain et al. (2022) found that following an optimal 

planogram can amplify sales more than 7%. Therefore, it is important to not only focus on developing an 

optimized planogram, but it is also important to ensure that efforts are made to ensure that retail stores are 

complying with the planograms to maximize sales. With many retailers having thousands of stores, 

ensuring compliance is an essential, but daunting task. 

 

Improved Customer Satisfaction  

Not only can planogram compliance assist with sales, but it can also help to improve customer satisfaction. 

Saqlain et al. (2022) suggest that effective planograms help organize SKUs on the shelves in a way that  
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attracts more customers and helps them select products more efficiently. Frontoni, Mancini, and Zingaretti 

(2015) contend that planograms have multiple aims, including product placement, marketing decisions, 

and customer experience, so compliance can help increase brand loyalty and customer satisfaction. 

Czerniachowska and Hernes (2021) agree and posit that good shelf space allocation decisions and visual 

merchandising attract customer attention and influence purchase decisions. 

 

Better Inventory Management 

Another benefit of planogram compliance is inventory management, which can impact not only shelf space 

management, but also out-of-stocks. Frontoni, Mancini, and Zingaretti (2015) estimate that 10% of 

planogram errors can lead to an increase of 1% in stock-outs and decrease sell through by .5%. 

Furthermore, Frontoni, Mancini, and Zingaretti (2015) highlight the impact that planogram compliance can 

have on inventory management and note that compliance is crucial to avoid stock-outs and maintain the 

expected level of sell through of products. Czerniachowska and Hernes (2021) agree and contend that 

some potential benefits of compliance include improved shelf space management, supply chain, inventory 

management, and product assortment selection. Without planogram compliance, there can be a risk of 

mismanaging inventory, which can lead to loss of sales.   

 

Improved Accountability 

Accountability at retail is another important benefit associated with planogram compliance. 

Czerniachowska and Hernes (2021) note that available shelf space is a limited resource in most local retail 

stores so having a planogram to follow helps retail employees achieve desired sales and improve customer 

satisfaction. When retail stores comply with the planogram, this helps to ensure that products are in the 

correct place, with the correct pricing, and that all merchandising is appropriate. Goel and Sharma (2020) 

posit that planograms are useful for examining the point of sale, which can lead to improved store 

layout/design and better space utilization as it demonstrates the exact positioning of products. Additionally, 

the planogram helps to ensure that the store personnel are accountable for the plans and spending for the 

company. Without an effective and updated planogram, store level personnel cannot be expected to fulfil 

the merchandising requirements, sales, and revenue objectives. When the planogram is clear and current, 

retail employees can better understand the plans and ensure they are executed. This helps with 

accountability by helping to make sure products are placed on the shelves in the appropriate place, that 

each product has the correct number of facings on the shelf, pricing is correct, and decisions are based on 

trends, customer needs, and current promotions.  

 

Key Challenges with Planogram Compliance 

While planograms can be helpful to retailers, compliance is necessary to realize the potential benefits. 

Planogram compliance checks whether the products at the retail store match the desired arrangement in the 

planogram (Laitala and Ruotsalainen 2023). Planogram compliance is critical in achieving the expected 

benefits of using planograms. Saqlain et al. (2022) notes that in retail management, the continuous 

monitoring of shelves to keep track of the availability of the products and following a proper layout are the 

two critical factors that can improve sales and customer satisfaction. However, compliance is more 

complicated than it may seem on the surface. That is primarily due to the store level variability, constant 

product rotations, and the labor-intensive process associated with checking for compliance, which can 

make the process less desirable and prone to human errors. While planograms can be useful, compliance is 

a challenging but essential part of the process to achieve the expected benefits.  

 

Using Outdated Methods 

One of the main challenges with planogram compliance is that some retailers continue to use manual 

outdated methods, which tend to be labor-intensive and have a greater likelihood of errors. When 

employees are conducting compliance procedures manually, they need to go down each aisle in a store, 

look at each shelf, and compare the products on the shelf to a visualization of the planogram, which is a 

process that can be prone to mistakes (Melek et al. 2023). Similarly, Sadayappan and Kumar (2021) agree 

and suggest that, traditionally, many retailers rely heavily on exploratory methods and human judgment to 

perform a planogram product assessment. Furthermore, Sadayappan and Kumar (2021) explain how 

problematic this approach is by noting that it often results in lost sales, late responses, more out-of-stocks, 

increased product waste, and higher costs due to the labor-intensive process. Laitala and Ruotsalainen 

(2023) agree and posit that the possibility of human error is always present with people conducting the  
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compliance process. Importantly, Melek et al. (2023) point out that an approach that goes beyond the 

traditional methods is needed to solve many of the problems associated with planogram compliance, 

including out-of-stock, shelf management, and customer support. Many scholars agree that planogram 

compliance needs to move away from the traditional manual process and begin to incorporate more 

technology and automation. Saqlain et al. (2022) argue that automation is necessary for effective 

planogram compliance and optimized retail management. Furthermore, Saqlain et al. (2022) posited that 

for optimized retail management, compliance and shelf monitoring should be performed in an automated 

way.  

 

Faulty Automation 

While automation is available, much of it continues to be faulty and requires human intervention to be 

completed. Specifically, human intervention is needed to take a picture of the shelf, determine if there are 

inconsistencies, and then report back the results. Saqlain et al. (2022) posited that to automate this process, 

object detection of the products on the shelves can help to solve the problem of monitoring distinct 

categories and subcategories of SKUs, assessing whether there are missing SKUs, and matching 

planograms continuously. However, currently, there are some problems with imaging and object detection 

that need to be improved to make the process more reliable. Many problems associated with object imagery 

for products on store shelves are linked to packaging with nuanced differences. In addition to improved 

object detection, a more efficient automated process may include robots that help to minimize the need for 

human intervention. While there continue to be some challenges with planogram compliance, it is essential 

to continue to perform the necessary tasks, as compliance can have real benefits. As such, retailers need to 

ensure that there is an effective compliance process in place in order to realize the full benefits of having 

planograms. 

This discussion provided an overview of the benefits associated with planogram compliance. This 

included increased sales, improved customer service, better inventory management, and improved retail 

accountability. However, due to the lack of technology and automation many retailers continue to be 

challenged with effective compliance and are not fully realizing the benefits of having planograms. As 

noted above, automation can improve planogram compliance, reduce labor needs, and drive down costs. 

While this task has been challenging in the past, fast-paced technological advancements have given hope 

to new opportunities in planogram compliance. Like many other industries, these advancements are linked 

to artificial intelligence (AI). Up next, the focus will shift to AI, deep learning (DL), and the impact these 

recent technological advancements can have on planogram compliance. 

 

Artificial Intelligence, Deep Learning and Planogram Compliance 
 

Planogram compliance is an important aspect of driving sales, improving store level accountability, and 

improving customer satisfaction in the retail environment. However, the traditional approach to compliance 

lacks impactful automation, is labor intensive, and prone to mistakes. Retail and consumer product 

companies have begun to realize that the traditional approach of performing planogram product detections 

has its limitations and needs to be reimagined in a rapidly evolving and highly competitive market 

(Sadayappan and Kumar 2021).  In addition, there can be a lot of SKU turnover in the retail environment. 

This adds complexity to planogram compliance, as there is a constant rotation of old SKUs being replaced 

with new ones coming into the market. There has been a lot of work done to automate planogram 

compliance with visualization software that can automatically detect products and assess compliance. But 

these technologies are not fully effective, as there are a lot of similarities in product packaging that makes 

automated product detection more challenging, so many retailers continue to rely on the traditional labor 

intensive and error prone approach. While planogram compliance has been and continues to be a mostly a 

manual process, AI and DL have started playing a critical role in planogram assortment by helping to rank 

and recommend the best products to maximize sales (Sadayappan and Kumar 2021). This discussion 

focuses on how AI and DL can have a significant impact on the retail sector and planogram compliance. 

 

Artificial Intelligence 

Integrating AI into planogram compliance can help to revolutionize how stores manage space and 

inventory, ensuring optimal product placement for maximum appeal and efficiency. In the contemporary 

landscape of technological advancements, AI is at the center of the transformative change currently taking 

place in the retail sector because of its potential to fundamentally alter how retailers operate. That is  
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because AI can analyze vast amounts of data, which allows businesses to understand consumer behavior on 

a granular level (Mitchell 2023). AI's role in analyzing shopping patterns aids in optimizing product 

placement and inventory management. Retailers have increasingly focused on utilizing AI to reshape the 

customer's retail shopping experience by gathering information about where products are physically located 

within a store and suggesting what other products might work well with the purchased item (Grewal, 

Roggeveen, and Nordfält 2017). AI can significantly impact the retail sector by improving planogram 

compliance and shelf monitoring.  

Furthering this discourse, Sadayappan and Kumar (2021) underscored the transformative 

application of using AI and machine learning (ML) to refine retail planograms, as it can help to better rank 

and recommend products, gain data-driven insights, improve customer satisfaction, and enhance sales. 

Complementing this perspective, Muthugnanambika et al. (2018) introduced a novel automated vision-

based system employing image processing coupled with ML techniques. This system was designed to 

identify and analyze variations in object arrangements relative to a standard planogram. Their research 

indicated that this method was effective in detecting several types of deviations, including misplacement, 

absence of expected items, and alterations in product quantities. Recent advancements, especially in 

convolutional neural networks (CNNs), have helped to enhance image-based compliance and product 

detection, which can help to overcome challenges with differentiating between products with similar 

packaging and sizing. Higa and Iwamoto (2019) used supervised learning to improve on-shelf availability. 

The authors focused on ensuring high shelf availability by using CNNs to observe the changes in shelf 

regions. The results of one of the three experiments achieved a success rate of 89.6% for product 

availability, which was much higher than traditional methods.  

 

Deep Learning   

Deep learning, a subset of AI, has also been instrumental in retail. The DL concept appeared for the first 

time in 2006 as a new field of  ML research related to pattern recognition (Hinton et al. 2006) and has an 

objective to learn deep representation, i.e., to learn multilevel representation and abstraction from 

information (Zhang et al. 2019). Deep learning emerged efficiently by showing improved performance as it 

can automatically process and learn the features from images, like those used in computer visualization, 

natural language processing, and planogram compliance (Saqlain et al. 2022). Through DL, AI can help to 

improve in-store shelf visualization, analyze shopping patterns, and better understand customer 

preferences, enabling retailers to tailor their planograms to meet consumer demands and trends more 

effectively. The most frequently used technique in DL is CNN, and it has outperformed traditional methods 

based on hand-crafted features that could not extract deep information from images (Saqlain et al. 2022). A 

CNN is a DL algorithm that can take in an input image, assign importance to various aspects/objects in the 

image, and then differentiate them from each other (Saha 2018). CNNs have shown remarkable 

performance on image classification tasks, which has led to more accurate results (Goel and Sharma 2020).  

There have been several studies on computer visualization and planogram compliance. In their 

study, Chong, Bustan, and Wee (2016) employed DL to assess planogram compliance within retail 

establishments. The finding suggested that the CNN models exhibited superior accuracy compared to 

alternative models, demonstrating enhanced generalization capabilities. Laitalia and Ruotsalainen (2023) 

employed DL and computer visualization to automate shelf monitoring and planogram compliance. Their 

work focused on recent advancements in retail product detection using DL that emphasized the crucial role 

of product classification and localization in image-based compliance checks. Saqlain et al. (2022) proposed 

a hybrid approach that leverages DL's feature extraction capabilities (O’Mahony et al. 2019; Wei et al. 

2020) to achieve planogram compliance and shelf monitoring. This method surpasses simple neural 

networks by capturing intricate product details, leading to enhanced retail management through improved 

layout adherence and product visibility.   

Recently, DL has enjoyed a thriving expansion with enormous achievements in image 

classification and object detection (Wei et al. 2020). According to Wei et al. (2020), the success of DL in 

computer vision is due to CNNs, which stand out for their superior performance in various tasks. As DL 

evolves, its potential to reshape the retail landscape is undeniable, promising operational efficiency gains 

and a shift toward customer-centric merchandising (Saqlain et al. 2022). That said, there are some 

limitations with DL. Next, the discussion will shift to these limitations and the implications for planogram 

compliance. 
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Limitations with Deep Learning 
 

In the contemporary milieu of retail marketing, incorporating AI and DL into planogram software marks a 

noteworthy technological advancement. This observation is supported by several authors in the field. 

Nonetheless, it is imperative to acknowledge and mitigate the risks and threats associated with this 

technological progression to ensure AI is utilized responsibly and effectively in retail environments. AI 

applications often raise ethical questions, including data privacy, informed consent, and bias. A notable 

concern is the potential for bias and discrimination in AI-generated outputs. 

Given that these models are trained on extensive datasets, there is a risk that they may 

inadvertently perpetuate and amplify societal disparities (Wei et al. 2020). This phenomenon could result in 

deleterious effects for both brands and consumers. Specifically, there is a danger that AI-driven planogram 

generation might lead to unfair or prejudiced outcomes, such as the preferential treatment of specific 

products or brands based on irrelevant criteria such as race, gender (Feldman and Peake 2021), or 

discriminatory behavior (Mehrabi et al. 2020). These limitations sometimes overshadow the benefits of 

retail product detection and planogram compliance, mainly when the technology is applied without 

adequate oversight.  

Another DL issue is the required data for retail product detection. DL models require a substantial 

amount of labeled training data to perform well. These models also require significant computational 

resources, including powerful graphic processing units (GPUs) and substantial amounts of memory (Wei et 

al. 2020). This can be costly and time-consuming because retail product detection and planogram 

compliance rely heavily on large, labeled image datasets. In addition, DL models can only make 

predictions based on the data they have been trained in. The models may need help generalizing to new 

situations or contexts not represented in the training data. Existing product designs often evolve, 

necessitating a flexible recognition system that can adapt with little or no retraining upon introducing a new 

product or package. However, CNNs typically face a challenge known as "catastrophic forgetting," where 

they struggle to remember previously learned objects when trained for new tasks. Leading image 

classification and object detection models require complete retraining to incorporate new categories (Wei 

et al. 2020). This inflexibility is especially problematic in retail product detection, where a rapidly 

changing product range leads to models needing longer retraining periods (Laitala and Ruotsalainen 2023).  

An additional disadvantage of DL is that the internal logic to achieve the desired output is not 

explained. This behavior is called "Black Box" (Buhrmester, Münch, and Arens 2021), where there is a 

lack transparency or interpretability of how data are transformed to model outputs. The complexity of the 

black box prevents individuals from correctly understanding and auditing them, even if they produce 

accurate results. It can misidentify products in retail product detection without providing an apparent 

reason. This lack of transparency can be problematic in understanding and trusting the output from these 

models.   

In summary, DL has emerged as a powerful tool for planogram compliance and retail product 

detection, offering numerous advantages in efficiency and accuracy. However, there are some challenges. 

These can include high resource demands, adaptability issues, and lack of transparency in decision-making 

processes (i.e. Black Box). In addition, there can be limitations to DL because it requires a large amount of 

annotated data for training and flexibility issues, CNNs because there may be a lack of recognition of some 

previously learned products when adapted to new shelf items, and ethical issues like bias and 

discrimination with some algorithms. 

 

The Future of Planogram Compliance with Generative Artificial Intelligence 
 

Artificial intelligence and DL are recent technological advancements that have a lot of promise for retail 

management, planogram development, and planogram compliance. As should be expected, there are more 

technological advancements on the horizon for retail management. Specifically, this includes GAI, which 

has emerged as a major force in driving the adoption of AI (Dwivedi et al. 2023; Kshetri et al. 2023). The 

commercial impact of GAI is equally noteworthy. In 2022, the GAI market was valued at $10.79 billion 

and is projected to have exponential growth to $118.06 billion by 2032 (Bandi et al. 2023). Korthikanti et 

al. (2023) posit that GAI has the potential to revolutionize many functions in business and leaders should 

view it as a general-purpose technology akin to electricity, the steam engine, and the internet. While GAI’s 

influence may not be evident in today’s landscape, the impact of GAI on performance and competition 

throughout the economy will be apparent in just a few years (Korthikanti et al. 2023). 
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Generative AI has emerged as a prominent field of study and holds immense potential to transform 

industries. The power of GAI is that it goes beyond AI models that just process data. Generative AI can 

process data and create new content/data. Most AI models focus on processing, analyzing, and interpreting 

data (Lawton 2023) and are suitable for making predictions on structured data, like the tabular data in a 

spreadsheet (Zewe 2023). According to Marr (2023), most AI models focus on performing a specific task 

intelligently and have systems that can not only learn from data, but also make decisions and predictions 

based on that data. These AI models are trained to follow specific rules and do a particular job, as they are 

determined by extant data's decision boundaries (e.g., classification, regression, or clustering) (Tomczak 

2022; Weisz et al. 2023). However, these models do not create something new. This can be slightly 

problematic when it comes to retail product classification and planogram compliance, as there are varying 

rules, a lack of consistent data, and AI does not inherently explore new possibilities beyond existing data 

and rules (Laitalia and Ruostalainen 2023). This is not the case for GAI, which uses DL techniques like 

algorithms to create new content through text, images (Susarla et al. 2023), photos and paintings (Lawton 

2023), and data augmentation (Cao and Li 2015). The theoretical framework of GAI comprises ML, 

natural language processing, image processing, and computer vision (Banh et al. 2023). Although GAI 

models have been around for decades, new models relying on neural networks have paved the way for 

significantly higher-quality generated content (Banh et al. 2023). Generative AI's ability to create content is 

unparalleled, including performing virtual prototyping and simulation. It enables the creation of intricate 

virtual prototypes and simulations that closely mimic real-world scenarios (Ambilio 2023). These recent 

breakthroughs in GAI models have created new tools for creating content, from photos to paintings and 

coding (Lawton 2023) to enhancing product visualization, which can help to significantly impact and 

improve planogram compliance. This recent phenomenon is rapidly disrupting retail and reshaping 

customer experiences, marketing, and operations (Elbayadi 2023). 

One of the critical differences between AI and GAI is the use of training data. With GAI, there is 

less reliance on real-world data because it is adept at creating synthetic data and can play an essential role 

in planogram compliance. Synthetic data are artificial data generated by a model trained to learn the 

essential characteristics of a natural source data set (D'Amico et al. 2023). Synthetic data creates new 

datasets that imitate real-world data, but these data are artificially generated. Generative AI can help to 

create synthetic data that mimics real-world patterns. The ability of GAI to create and use synthetic data 

offers numerous value propositions for enterprises, including its ability to fill gaps in real-world data sets 

and replace historical data that are obsolete or otherwise no longer useful (Klubnikin 2023). According to 

Eastwood (2023), a synthetic data set has the same mathematical properties as the real-world data set. It 

generates a second set of data that can contain general patterns and properties of the original data, 

numbering in billions. 

AI can help to improve planogram compliance, but there continue to be shortcomings with AI 

models because they require well-defined rules and consistent data. Using AI for retail product detection, 

an essential component of planogram compliance, has been an issue due to the small amount of available 

training data and test data (Laitalia and Ruostalainen 2023). Another shortcoming in planogram compliance 

has been dim lighting and backgrounds, making it more difficult for people to accurately check and 

maintain planogram compliance (Saqlain et al. 2022). However, GAI can address these gaps by creating 

models with synthetic data that mimic real-world distribution of products, shelves, and planogram 

configurations that adhere to the basic rules but go beyond existing examples. Synthetic data can artificially 

vary existing product images, simulating different lighting conditions, poses, or backgrounds, and is 

typically more cost-effective and faster than capturing new photos.  

Planograms are an essential part of driving retail sales and necessary for keeping up with the 

highly competitive modern retail market (Laitala and Ruotsalainen 2023). As noted above, equally 

important is planogram compliance to ensure that retail stores are accurately executing planograms at 

retail. Currently, much of planogram compliance is done manually, which is time consuming, labor 

intensive, and increases labor costs. While some of the process is automated, there is a lack of an industry 

wide automated standardized approach to planogram compliance. However, the future of planogram 

compliance is likely to change with the recent technological advancements associated with GAI and its 

improved visualizations and data analysis, which can help to improve and streamline the process for 

capturing images on store shelves. That is because GAI can capture the image, evaluate the data in the 

visualization, analyze the data, and make recommendations. While there will still be a need for personnel 

to take pictures for current visualizations of the shelves, they would not have to input any data or assess the 

accuracy of the planogram, as GAI models would be able to automate that portion of the process.  
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According to Swagler (2023), GAI can help to optimize planograms and compliance by analyzing 

historical sales data, customer flows, shelf layouts, and other data sources. With this analysis, GAI can 

generate multiple design options based on predefined objectives, such as maximizing sales or improving 

customer navigation. Generative AI systems can generate multiple design options by using adaptive and 

continuous learning to adjust based on feedback and new data. This capability allows the models to 

improve performance and generate outputs that align better with user preferences and objectives (Singh 

2022). For example, it would adjust planograms, ensuring optimal product placement even as 

circumstances change. Leibowitz (2023) contends that the power of GAI will allow retailers to conduct 

virtual experiments with different configurations without physically rearranging the store shelves. This is 

powerful and can result in improved inventory management, increased product rotations on store shelves, a 

better understanding of the nuances associated with customer shopping behaviors, and optimized store 

design/layout to ensure maximum product sales. 

 

Conclusion 
 

Effective planograms can help retailers make better decisions, better understand product trends, and 

respond to customer needs. However, without planogram compliance, maximizing the benefits from its use 

may be difficult to achieve. The realities of the retail environment can make it challenging to ensure that 

retail stores are complying with planogram requirements. Challenges with relying upon a traditional labor 

driven process and not being able to visualize store shelves to determine the state of compliance can led to 

lost sales, out-of-stock, and increasing expenses. While companies have incorporated limited automation, 

there is a lack of an industry wide automated standardized approach in determining compliance. Recently, 

there have been significant technological advancements in GAI which enhance its capability to generate 

and use synthetic data. This ability of GAI to generate new, realistic content from training data has the 

potential to change the landscape in planogram compliance. The use of synthetic data offers numerous 

value propositions for enterprises due to its ability to replicate real-world data characteristics and offer 

solutions for planogram compliance. While GAI is reemerging and gaining users, the projected double-

digit yearly growth suggests that these advancements will soon be on the horizon in not only planogram 

and planogram compliance, but also a plethora of other industries as well. 

 

References 
 

Ambilio (2023), “Generative AI for Virtual Prototyping and Simulation in Automotive,” Ambilio, 

https://ambilio.com/generative-ai-for-virtual-prototyping-and-simulation-in-automotive/. 

Banh, Leonardo and Gero Strobel (2023), “Generative Artificial Intelligence,” Electronic Markets, 33 (63), 

https://doi.org/10.1007/s12525-023-00680-1. 

Bandi, Ajay, Pydi Venkata Satya Ramesh Adapa, and Yudu Eswar Vinay Pratap Kumar Kuchi 

(2023), “The Power of Generative AI: A Review of Requirements, Models, Input–Output 

Formats, Evaluation Metrics, and Challenges, Future Internet, 15 (8), 260, 

https://doi.org/10.3390/fi15080260. 

Buhrmester, Vanessa,  David Münch, and Michael Arens (2021), “Analysis of Explainers of Black Box 

Deep Neural Networks for Computer Vision: A Survey,” Machine Learning & Knowledge 

Extraction, 2021, 3 (4), 966-989, https://doi.org/10.3390/make3040048. 

Cao, Lanlan and Li, Li (2015), “The Impact of Cross-Channel Integration on Retailers’ Sales Growth,”  

Journal of Retailing, 91 (2), 198-216, https://doi.org/10.1016/j.jretai.2014.12.005. 

Chong, Timothy, Idawati Bustan, and Mervyn Wee (2016), “Deep Learning Approach to Planogram 

Compliance in Retail Stores,” Stanford, 

http://cs229.stanford.edu/proj2016/report/ChongWeeBustan-

DeepLearningApproachToPlanogramComplianceInRetailStores-report.pdf 

Chui, Michael, Lareina Yee, Bryce Hall, Alex Singla, and Alexander Sukharevsky (2023), “The State of 

AI in 2023: Generative AI’s Breakout Year,” McKinsey & Company, 

https://www.mckinsey.com/capabilities/quantumblack/our-insights/the-state-of-ai-in-2023-

generative-ais-breakout-year. 

Chui, Michael, Eric Hazan, Roger Roberts, Alex Singla, Kate Smaje, Alex Sukharevsky, Lareina Yee, and 

Rodney Zemmel (2023), “The economic potential of Generative AI: The Next Productivity  

 

http://www.ijbms.net/


International Journal of Business & Management Studies                                    ISSN 2694-1430 (Print), 2694-1449 (Online) 

66 | Promises & Perils for Planogram Compliance in a World with Generative AI: Lynne Patten et al.            

 

Frontier,” McKinsey & Company, https://www.mckinsey.com/capabilities/mckinsey-digital/our-

insights/the-economic-potential-of-generative-ai-the-next-productivity-frontier. 

Czerniachowska, Kateryna and Marcin Hernes (2021), “Simulated Annealing Hyper-Heuristic for a Shelf 

Space Allocation on Symmetrical Planograms Problem,” Symmetry, 13 (7), 1182. 

https://doi.org/10.3390/sym13071182. 

D'Amico, Saverio, Daniele Dall’Olio, Claudia Sala, Lorenzo Dall’Olio, Elisabetta Sauta, Matteo Zampini, 

Gianluca Asti, Luca Lanino, Giulia Maggioni, Alessia Campagna, Marta Ubezio, Antonio Russo, 

Maria Elena Bicchieri, Elena Riva, Cristina A. Tentori, Erica Travaglino, Pierandrea Morandini, 

Victor Savevski, Armando Santoro, Iñigo Prada-Luengo, Anders Krogh, Valeria Santini, Shahram 

Kordasti, Uwe Platzbecker, Maria Diez-Campelo, Pierre Fenaux, Torsten Haferlach, Gastone 

Castellani, and Matteo Giovanni Della Porta (2023), “Synthetic Data Generation by Artificial 

Intelligence to Accelerate Research and Precisión Medicine in Hematology,” Clinical Cancer 

Informatics, 7 (7), https://doi.org/10.1200/CCI.23.00021. 

De Bellis, Emanuel and Gita Venkataramani, Johar (2020), “Autonomous Shopping Systems: Identifying 

and Overcoming Barriers to Consumer Adoption,” Journal of Retailing, 96 (1), 74–87, 

https://doi.org/10.1016/j.jretai.2019.12.004. 

Dwivedi, Yogesh K., Nir Kshetri, Laurie Hughes, Emma Louise Slade, Anand Jeyaraj, Arpan Kumar Kar, 

Abdullah M. Baabdullah, Alex Koohang, Vishnupriya Raghavan, Manju Ahuja, Hanaa Albanna, 

Mousa Ahmad Albashrawi, Adil S. Al-Busaidi, Janarthanan Balakrishnan, Yves Barlette, Sriparna 

Basu, Indranil Bose, Laurence Brooks, Dimitrios Buhalis, Lemuria Carter, Soumyadeb 

Chowdhury, Tom Crick, Scott W. Cunningham, Gareth H. Davies, Robert M. Davison, Rahul Dé, 

Denis Dennehy, Yanqing Duan, Rameshwar Dubey, Rohita Dwivedi, John S. Edwards, Carlos 

Flavián, Robin Gauld, Varun Grover, Mei-Chih Hu, Marijn Janssen, Paul Jones, Iris Junglas, 

Sangeeta Khorana, Sascha Kraus, Kai R. Larsen, Paul Latreille, Sven Laumer, F. Tegwen Malik, 

Abbas Mardani, Marcello Mariani, Sunil Mithas, Emmanuel Mogaji, Jeretta Horn Nord, Siobhan 

O’Connor, Fevzi Okumus, Margherita Pagani, Neeraj Pandey, Savvas Papagiannidis, Ilias O. 

Pappas, Nishith Pathak, Jan Pries-Heje, Ramakrishnan Raman, Nripendra P. Rana, Sven-Volker 

Rehm, Samuel Ribeiro-Navarrete, Alexander Richter, Frantz Rowe, Suprateek Sarker, Bernd 

Carsten Stahl, Manoj Kumar Tiwari, Wil van der Aalst, Viswanath Venkatesh, Giampaolo Viglia, 

Michael Wade, Paul Walton, Jochen Wirtz, and Ryan Wright (2023), “Opinion Paper: “So what if 

ChatGPT Wrote it?” Multidisciplinary Perspectives on Opportunities, Challenges and Implications 

of Generative Conversational AI for Research, Practice and Policy.” International Journal of 

Information Management, 71, 102642, https://doi.org/10.1016/j.ijinfomgt.2023.102642. 

Eastwood, Brain (2023), “What is Synthetic Data - And How Can it Help You Competitively?” MIT Sloan, 

https://mitsloan.mit.edu/ideas-made-to-matter/what-synthetic-data-and-how-can-it-help-you-

competitively 

Elbayadi, Moudy (2023), “How Generative AI is Transforming the Retail Industry,” (December 2023), 

BuiltIn, https://builtin.com/artificial-intelligence/generative-ai-transforming-retail.  

Feldman, Tal and Ashley Peake (2021), “End-To-End Bias Mitigation: Removing Gender Bias in Deep 

Learning,” Arxiv, https://arxiv.org/abs/2104.02532. 

Frontoni, Emanuele, Adriano Mancini, and Primo Zingaretti (2015), “Embedded Vision Sensor Network 

for Planogram Maintenance in Retail Environments,” Sensors, 15 (9), 21114–21133, 

https://doi.org/10.3390/s150921114. 

Garrido-Muñoz, Ismael, Arturo Montejo-Ráez, Fernando Martínez-Santiago, and Alfonso Ureña-López 

(2021), “A Survey on Bias in DEEP NLP,” Applied Sciences, 11 (7), 3184, 

https://doi.org/10.3390/app11073184. 

Goel, Eesha and Kulbhushan Sharma (2020), “Planogram Design Analytics Using Image Processing,” 

2020 Indo – Taiwan 2nd International Conference on Computing, Analytics and Networks, 

https://doi.org/10.1109/indo-taiwanican48429.2020.9181341. 

Grewal, Dhruv, Anne L. Roggeveen, and Jens Nordfält (2017), “The Future of Retailing,” Journal of 

Retailing, 93 (1), 1-6, DOI:10.1016/j.jretai.2016.12.008. 

Higa, Kyota and Kota Iwamoto (2019), “Robust Shelf Monitoring Using Supervised Learning for 

Improving On-Shelf Availability in Retail Stores,” Sensors, 19 (12), 2722, 

https://doi.org/10.3390/s19122722. 

 

 



Vol. 06 – Issue: 06/June_2025                                                                                                        DOI: 10.56734/ijbms.v6n6a5 

67 | www.ijbms.net                                                                    ©Institute for Promoting Research & Policy Development 

 

Hinton Geoffrey, Simon Osindero, and Yee-Whye Teh (2006), “A Fast-Learning Algorithm for Deep 

Belief Nets,” Neural Computation, 18, 1527–1554, 

https://www.cs.toronto.edu/~hinton/absps/ncfast.pdf. 

Howard, Ayanna and Jason Borenstein (2019), “Trust and Bias in Robots: These Elements of Artificial 

Intelligence Present Ethical Challenges, Which Scientists are Trying to Solve,” American 
Scientist, 107 (2), 86–90, https://doi.org/10.1511/2019.107.2.86. 

Korthikanti, Vijay Anand, Jared Casper, Sangkug Lym, Lawrence McAfee, Michael Andersch, 

Mohammad Shoeybi, and Bryan Catanzaro (2023), “Reducing Activation Recomputation in Large 

Transformer Models,” Proceedings of the 6th MLSys Conference, 

https://proceedings.mlsys.org/paper_files/paper/2023/file/e851ca7b43815718fbbac8afb2246bf8-

Paper-mlsys2023.pdf. 

Klubnikin, Andrei (2023), “Generative AI in Retail: Top 5 Use Cases to Consider,” (October 11), ITRex, 

https://itrexgroup.com/blog/generative-ai-in-retail/. 

Klubnikin, Andrei (2023), “How Generative AI Helps Me Create Content 30% Faster,” (December 2023), 

LinkedIn, https://www.linkedin.com/pulse/how-generative-ai-helps-me-create-content-30-faster-

andrei-klubnikin-7mrbf/?trk=public_post_main-feed-card_feed-article-content. 

Kshetri, Nir, Yogesh K. Dwivedi, Thomas H. Davenport, and Niki Panteli (2023), “Generative Artificial 

Intelligence in Marketing: Applications, Opportunities, Challenges, and Research Agenda,” 

International Journal of Information Management, 102716, 

https://doi.org/10.1016/j.ijinfomgt.2023.102716. 

Laitala, Julius and Laura Ruotsalainen (2023), “Computer Vision Based Planogram Compliance 

Evaluation,” Applied Sciences, 13 (18), https://doi.org/10.3390/app131810145. 

Lang, Niklas (2023), “Breaking Down Convolutional Neural Networks: Understanding the Magic Behind 

Image Recognition,” (May 13), Medium, https://towardsdatascience.com/using-convolutional-

neural-network-for-image-classification-

5997bfd0ede4#:~:text=The%20Convolutional%20Neural%20Network%20(CNN,suited%20for%

20this%20use%20case. 

Lawton, George (2023), “Generative AI vs. Predictive AI: Understanding the Differences” (September 

2023), TechTarget, https://www.techtarget.com/searchenterpriseai/tip/Generative-AI-vs-

predictive-AI-Understanding-the-differences. 

Leibowitz, David (2023), “Unmasking Bias in Generative AI: An Experiment with Chatgpt Gets Weird,” 

(June 19), LinkedIn, https://www.linkedin.com/pulse/unmasking-bias-generative-ai-experiment-

chatgpt-gets-weird-leibowitz/. 

Marder, Mattias, Sivan Harary, Amnon Ribak, Yochay Tzur, S. Alpert, and Asaf Tzadok (2015), “Using 

Image Analytics to Monitor Retail Store Shelves,” IBM Journal of Research and Development, 59 

(2/3), https://doi.org/10.1147/jrd.2015.2394513. 

Marr, Bernard (2023), “A Short History of ChatGPT: How We Got To Where We Are Today,” (May 

2023), Forbes, https://www.forbes.com/sites/bernardmarr/2023/05/19/a-short-history-of-chatgpt-

how-we-got-to-where-we-are-today/?sh=1a7bc59d674f. 

Martin, Charles H., Tongsu (Serena) Peng, and Michael W. Mahoney (2021), “Predicting Trends in the 

Quality of State-of-the-Art Neural Networks Without Access to Training or Testing Data,” Nature 

Communications, 12, 4122, https://www.nature.com/articles/s41467-021-24025-8. 

Marinelli, Luca, Fabio Fiano, Gian Luca Gregori, and Lucia Michela Daniele (2021), “Food Purchasing 

Behaviour at Automatic Vending Machines: The Role of Planograms and Shopping Time,” British 
Food Journal, 123 (5), 1821–1836, https://doi.org/10.1108/bfj-02-2020-0107. 

Mehrabi, Ninareh, Fred Morstatter, Nripsuta Saxena, Kristina Lerman, and Aram Galstyan (2022), “A 

Survey on Bias and Fairness in Machine Learning,” (July 1), ACM Computing Surveys, 

https://dl.acm.org/doi/10.1145/3457607. 

Melek, Ceren Gulra, Elena Battini Sonmez, Hakan Ayral, and Songul Varli (2023), “Development of a 

Hybrid Method for Multi-Stage End-to-End Recognition of Grocery Products in Shelf Images,” 

Electronics, 12 (17), 3640, https://doi.org/10.3390/electronics12173640. 

Mellionard, A. K. (2023), “What is a Virtual Prototype, And How is it Used by Companies for Product 

Development?” (June 21), CAD Crowd, https://www.cadcrowd.com/blog/what-is-a-virtual-

prototype-and-how-is-it-used-by-companies-for-product-development/. 

 

 

http://www.ijbms.net/


International Journal of Business & Management Studies                                    ISSN 2694-1430 (Print), 2694-1449 (Online) 

68 | Promises & Perils for Planogram Compliance in a World with Generative AI: Lynne Patten et al.            

 

Mohtaram, Noureddine and Farouk Achakir (2022), “Automatic Detection and Recognition of Products 

and Planogram Conformity Analysis in Real Time on Store Shelves,” ISVC 2022: Advances in 
Visual Computing, 67-79, https://doi.org/10.1007/978-3-031-20716-7_6. 

Muthugnanambika, M., Bagyammal Thirumurthy, Latha Parameswaran, and Karthikeyan Vaiapury 

(2017), “An Automated Vision Based Change Detection Method for Planogram Compliance in 

Retail Stores,” 4th International Conference on Advanced Computing and Communication 

Systems (ICACCS), https://ieeexplore.ieee.org/document/8014572. 

National Retail Federation (2024), “Top 100 retailers 2023,” National Retail Federation, 

https://nrf.com/research-insights/top-retailers/top-100-retailers/top-100-retailers-2023-list. 

Nexgen (2023), “Future Trends in Planogramming: AI, Virtual Reality, and Augmented Reality,” (July 7), 

LinkedIn. https://www.linkedin.com/pulse/future-trends-planogramming-ai-virtual-reality-

augmented/. 

O’Mahony, Niall, Sean Campbell, Anderson Carvalho, Suman Harapanahalli, Gustavo Velasco 

Hernandez, Lenka Krpalkova, Daniel Riordan and Joseph Walsh (2019), “Deep Learning vs. 

Traditional Computer Vision,” Proceedings Conference of Advances in Computer Vision 
Conference, 1, 128–144, https://doi.org/10.1007/978-3-030-17795-9. 

Pietrini, Rocco, Alessandro Galdelli, Adriano Mancini, and Primo Zingaretti (2023), “Embedded Vision 

System for Real-Time Shelves Rows Detection for Planogram Compliance Check,” IEEE/ASME 
International Conference on Mechatronic and Embedded Systems and Applications, 7 (19), 

https://doi.org/10.1115/detc2023-114921. 

Sadayappan, Chida and Dinesh Kumar (2021), “A Scientific Approach with AI/ML Modeling to Improve 

Planograms in the Retail and Consumer Products Industry – Deloitte on Cloud Blog,” (June 24), 

Deloitte, https://www2.deloitte.com/us/en/blog/deloitte-on-cloud-blog/2021/scientific-approach-

with-AI-ML-modeling.html. 

Saha, Sumit (2018), “A Comprehensive Guide to Convolutional Neural Networks,” Towards Data 

Science, https://towardsdatascience.com/a-comprehensive-guide-to-convolutional-neural-

networks-the-eli5-way-

3bd2b1164a53#:~:text=A%20Convolutional%20Neural%20Network%20(ConvNet,differentiate%

20one%20from%20the%20other. 

Saqlain, Mehwish, Saddaf Rubab, Malik Muhammad Zaki Murtaza Khan, Nouman Ali, and Shahzeb Al 

(2022), “Hybrid Approach for Shelf Monitoring and Planogram Compliance (Hyb-SMPC) in 

Retails Using Deep Learning and Computer Vision,” Mathematical Problems in Engineering, 1–

18, https://doi.org/10.1155/2022/4916818. 

Singh, Jatin Pal (2022), “Quantifying Healthcare Consumers’ Perspectives: An Empirical Study of the 

Drivers and Barriers to Adopting Generative AI in Personalized Healthcare,” ResearchBerg 

Review of Science and Technology, 2 (1), 171–193, 

https://researchberg.com/index.php/rrst/article/view/181. 

Susarla, Anjana, Ram Gopal, Jason Bennett Thatcher, and Suprateek Sarker (2023), “The Janus Effect of 

Generative AI: Charting the Path for Responsible Conduct of Scholarly Activities in Information 

Systems,” Information Systems Research, 34 (2), 399–408, 

https://doi.org/10.1287/isre.2023.ed.v34.n2. 

Swagler, Justin (2023), “Generative AI: The Catalyst for Revolutionizing Physical Retail,” (September 

18), Amazon Web Services, https://aws.amazon.com/blogs/industries/generative-ai-the-catalyst-

for-revolutionizing-physical-retail/.  

Tomczak, Jakub M. (2022), Deep Generative Modeling, Springer Cham. 

Wei, Yuchen, Son Tran, Shuxiang Xu, Byeong Kang, and Matthew Springer (2020), “Deep Learning for 

Retail Product Recognition: Challenges and Techniques,” Computational Intelligence and 
Neuroscience, 1–23, https://doi.org/10.1155/2020/8875910. 

Weisz, Justin D., Michael Muller, Jessica He, Stephanie Houde (2023), “Toward General Design 

Principles for Generative AI Applications,” Arxiv, https://arxiv.org/pdf/2301.05578.pdf. 

Wiles, Stephanie, Nishant Kumar, Bidisha Roy, Udai Rathore (2013), “Planogram Compliance: Making It 

Work,” Cognizant 20-20 Insights, https://www.cosyrobo.com/InsightsWhitepapers/Planogram-

Compliance-Making-It-Work.pdf. 

Yao, Mariya (2023), “Generative vs Predictive AI: Key Differences & Real-World Applications. 

(November 26), TOPBOTS, https://www.topbots.com/generative-vs-predictive-ai/. 

 

https://www.topbots.com/author/mariya/


Vol. 06 – Issue: 06/June_2025                                                                                                        DOI: 10.56734/ijbms.v6n6a5 

69 | www.ijbms.net                                                                    ©Institute for Promoting Research & Policy Development 

 

Yilmazer, Ramiz and Derya Birant (2021), “Shelf Auditing Based on Image Classification Using Semi-

Supervised Deep Learning to Increase On-Shelf Availability in Grocery Stores,” Sensors, 21 (2), 

327; https://doi.org/10.3390/s21020327. 

Zewe, Adam (2023), “Unpacking the “Black Box” to Build Better AI Models, (January 2024), MIT News, 

https://news.mit.edu/2023/stefanie-jegelka-machine-learning-0108. 

Zhang, Shuai, Yi Tay, Lina Yao, Bin Wu, and Aixin Sun (2019), “DeepRec: An Open-source Toolkit for 

Deep Learning based Recommendation,” Arxiv, https://arxiv.org/pdf/1905.10536.pdf. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

http://www.ijbms.net/

