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1 Introduction and Motivation 

Modern economies are characterized not only by the growing number of market partici-

pants but also by a steadily increasing range of product variations [36]. Therefore, the 

higher number of products offered is associated with a more significant amount of product 

data that must be managed [1]. To ensure efficient communication between market par-

ticipants, meaning that information of different formats is collected, and no data is lost or 

duplicated, central information systems such as the product information management 

(PIM) systems are applied [78]. The primary purpose of these systems is to prepare prod-

uct data for marketing purposes, which is to enrich necessary product data with additional 

attributes and descriptions so they can then be published for marketing purposes on the 

website, in social media, or the classic print catalog [110]. However, maintaining PIM 

systems can prove to be very time-consuming in practice, mainly because processes 

within product data enrichment must still be carried out manually, therefore, also causing 

inconsistencies in the product data [9].  

A topic currently discussed in the media is the expansion and use of procedures from the 

field of artificial intelligence (AI). The developments on the market show that more and 

more companies are implementing AI-based solutions in their systems and organizations 

to open up new applications and make existing processes more efficient [15]. In this con-

nection, deep learning as a part of AI seems to be very rewarding. Thus, many large tech 

companies already use deep learning for commercial purposes [43]. Furthermore, AI has 

arrived in manufacturing companies [2], and retail [15] and will be used even more widely 

in the future. In this context, dotSource GmbH1, a German digital agency that advises 

customers from the e-commerce sector about PIM systems, has communicated the need 

for research to the extent to which the integration of an AI solution might generate opti-

mization potentials within PIM systems.  

Text-based AI processes already exist in PIM systems [113], [116]. Thus, of particular 

interest is the question of whether other AI procedures could also create advantages. Be-

cause a part of PIM systems deals with organizing product images for catalog creation, 

this thesis examines whether a computer vision technique based on deep learning, such 

as the image classification, may intervene in PIM processes and automate them at least 

 
1 www.dotsource.de 



2 

 

partially. Successful integration would, above all, promise a significant reduction in costs 

and an increase in efficiency [39]. Although there are plenty of different PIM systems 

available on the market [90], very little literature can be found on them [9]. On the other 

hand, in deep learning research, new scientific works can regularly be found in which 

scientists try to improve their deep learning constructs, yet, literature is scarce regarding 

the adoption of new AI procedures in existing business models [5]. Under the aspect that 

AI promises so many potentials and is used or at least planned to be used by many com-

panies and industries in the next few years [2], [15], it would be interesting to take a closer 

look at the difficulties associated with such an application in a business context. 

Since PIM systems are specially designed to support marketing activities in e-commerce 

by enriching product data, monitoring the results of an image classification procedure in 

this context is of importance, as incorrect information might be published. Rich and cor-

rect product information in online retailing can thus be regarded as a fundamental prereq-

uisite for the success of a retailer as it influences the purchasing decisions of customers 

[30]. Thus, the integration of AI-systems raises explicitly the question of how the success 

and added value of these procedures should be measured and monitored in the operative 

business. This thesis intends to analyze these questions and close the gap in research con-

cerning PIM systems and the business-related handling of AI-caused misclassifications. 

For this purpose, besides the theoretical development of the problem, an image classifier 

based on a convolutional neural network [69], [70] is tested in this study.  

This thesis's content is structured as follows: The first section (chapter 2) gives a theoret-

ical introduction of PIM systems, including their main features. Problems arising in the 

context of PIM systems are discussed in more detail, and the research question is defined. 

The next section (chapter 3) concentrates on the modeling of the application. The optimi-

zation potential of the procedure is pointed out, and specific monitoring measures are 

identified and developed. Chapter 4 covers the methodology, including the dataset and 

the structure of the image classifier, as well as the evaluation of the application. The 

methodology is based on the Cross-Industry Standard Process for Data Mining (CRISP-

DM) framework, which was initially developed to manage data mining projects. Here, 

the dataset and the structure of the neural network are presented in more detail. Chapter 

5 summarizes and discusses the results. A review of the methodology and possible pro-

spects are also presented in this chapter. Finally, the conclusion is drawn, and an outlook 

for future work is given in chapter 6.  
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2 Product Information Management Systems  

This section gives a brief overview of PIM systems, their main features, and how they 

differ from similar systems. Furthermore, the major issues of PIM systems are pointed 

out, followed by a first introduction to the objectives of this thesis. Since scientific re-

search on the structure and the processes of PIM systems is very limited [9], the following 

description will primarily draw on the work of Abraham [1]. 

2.1 Main Processes and Features of PIM Systems 

PIM is a rather new concept that primarily finds its application in e-commerce [1]. In this 

regard, PIM systems serve as centralized information systems for the optimal manage-

ment of product information and related media data [1]. It is becoming more and more 

important, as online trade is forcing companies to offer a more significant number of 

product variations compared to physical business [1], [14]. Consequently, the broader 

product range follows a larger amount of product data that must be managed [1]. Since 

traditional spreadsheets are no longer efficient above a particular data volume, systems 

such as the PIM are needed to cope with the increased requirements [1].  

With the expansion of e-commerce, the demand for complete and higher-quality product 

information is continuously growing as it can fundamentally influence the purchasing 

decisions of customers [21], [89]. In this context, comprehensive product information is 

one of the essential product features traded by webshops [30]. The benefits are a higher 

margin for companies and higher satisfaction for customers in the long run [78]. At the 

same time, the product information must be organized through more and more channels. 

Online trading in this connection also means distributing product information via web-

sites, social media, and print, as well as on different end devices such as desktops, tablets, 

or mobile phones [50]. That is where PIM systems show their advantages since they are 

used in cases where product information has to be frequently synchronized, enriched for 

marketing purposes, and published via various channels and devices [110]. Because trade 

is becoming more and more complicated due to the stronger segmentation of customer 

groups, the continually increasing number of products and suppliers, and the growing 

internationalization of markets, integration of systems such as PIM, for enabling the ef-

fective organization of product data in the corporate context, is gaining in importance [1].  
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Abraham [1] offers an overview of the individual processes and components of PIM 

systems in this connection. Table 11 in the appendix summarizes the main features. Ac-

cording to him, all product-related data must first be collected from different sources in 

different formats, sorted, and transformed. That includes importing data from systems 

such as enterprise resource planning (ERP) systems, point of sale systems, procurement 

systems, product suppliers, data suppliers, or media agencies. He also explains that the 

sources of information used by a company differ in each case. Thus, in large companies, 

master data storage sometimes adds up to 20 different system. A common way to import 

this data is via catalogs or entire master category trees. Typically, structured formats for 

data imports include Text, CSV, XML, BMECat, or iDoc [1].  

Often product information provided by the supplier is not enough to be used for further 

operational purposes. Suppliers keep on transmitting information in different unstructured 

formats, like PDF, CD, or even links, which generally makes automated data management 

difficult or even impossible [1]. The retailer himself must then create and integrate the 

basic information into the ERP as it is the central hub for the management of operational 

product data [1]. If the data import is to be automated, Java application programming 

interfaces (APIs) and web services can be utilized for synchronization. This way, direct 

connections between the supplier and the retailer's PIM system are established without 

additional effort to maintain the data [1]. Moreover, typical relational databases con-

nected with PIM systems are Oracle, MS SQL, and MySQL, while standard APIs, in turn, 

control the interfaces with ERP systems [1]. 

The second step is the consolidation and cleansing of product data. Because different 

people and departments in companies often generate product data over several years, this 

step is needed to consolidate and sort out the data to avoid duplicates and to guarantee 

that each product is represented by only one instance [1]. Another part of consolidation 

is supplier consolidation. After all, multiple suppliers may provide the same product, yet 

information of varying quality. Thus it is necessary to bundle this diverging product in-

formation into one instance [1]. 

After the consolidation follows the data enrichment process, where products are divided 

into main and sub-categories using classification systems that support the management of 

product attributes [1]. Although it is possible to build individual classification systems, 

many PIM systems also support standardized or industry-specific variants such as 
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eCl@ss2, ETIM3, or UNSPSC4 [1]. Because the imported product data is often limited to 

basic information such as identification numbers, prices, weights, and sizes, a process is 

needed to enrich this data with more detailed information and product descriptions. The 

applied product data enrichment process ensures to raise the information quality to a level 

where the data is utilizable for customer-oriented marketing purposes [1]. In this context, 

product-related media data such as photos, videos, manuals, or drawings are also linkable 

to the corresponding products [1]. However, the enrichment process is not limited to in-

dividual products, but it is extendable to entire product categories to which specific at-

tributes and characteristics are assigned [1]. Also, PIM systems offer various possibilities 

to establish relationships between related products and thus carry out cross-selling activ-

ities. For quality assurance, the system does likewise support the execution of version 

controls and the assignment of access authorizations [1]. 

In the last step, according to Abraham [1], the product information is exported to the 

publication channels, depending on the final purpose, whereby a wide range of formats is 

available (e.g., Text, PDF, HTML, XLS, XML, CSV, JSON5). PIM systems are not pub-

lication channels themselves. Instead, they connect data to respective output systems like 

newsletters, websites, mobile apps, marketplaces, social media, and classic print catalogs. 

This way, the edited product data is presented to the customer for information purposes 

[1]. Similar to the data import, the export can function automatically, including real-time 

synchronization at predetermined time intervals via standard APIs and web services [1]. 

2.2 Distinction to Similar Systems 

Since PIM systems and other product or process-related systems used in the corporate 

context share many properties, a distinction should be made between these individual 

concepts [1]. For example, PIM systems should not be confused with product data man-

agement (PDM) and product lifecycle management (PLM), whose concepts are hard to 

differentiate and thus mixed up in the literature [54], [55]. PDM supports design and de-

 
2 www.eclass.eu 
3 www.etim.de 
4 www.unspsc.org 
5 The data format JSON is not mentioned directly in Abraham [1]. However, other sources show that this 

format is also generally supported [35], [127]. 
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velopment processes and ensures storage of the relevant data, whereas, PLM has the pur-

pose of maintaining the transition between product life cycle stages [55]. Thus, PLM may 

be considered process-oriented, while PDM has a more data-oriented approach instead 

[87]. Hence, PIM constitutes more of a sub-feature of the bigger PLM, whereas there is 

little difference with the PDM, as both are very similar in their function but serve different 

target groups [1]. 

Media assets are graphic information that does not consist of text [1]. The media asset 

management (MAM), also referred to as digital asset management (DAM), stands for the 

storage and management of marketing relevant media data like images, videos, drawings, 

or presentations [1]. Next to the upload and mass import of media data, their main tasks 

are the automatic linking to specific product categories or product instances as well as 

formatting media data for the use in different output channels. Thus, depending on the 

PIM system, MAM/DAM can represent an already integrated part of the PIM system 

itself or be a separate module linked via an interface [1]. 

ERP systems function as relevant data suppliers for PIM systems. The main difference 

between PIM and traditional ERP systems is that ERP systems mainly serve to manage 

operational processes (e.g., finance, logistics) [1]. In contrast, PIM is generally used to 

manage product information centrally for all kinds of customer-based marketing purposes 

[1]. Although ERP systems could theoretically take over the tasks of PIM systems, this 

would require an extraordinary technological effort, as these systems were initially not 

designed for such a purpose [1].  

Master data management (MDM) systems go beyond PIM systems since they unite all 

company-related core data in a comprehensive view, including strategic, organizational, 

and technological data, thus providing benefits to various departments of a company [78]. 

Moreover, thanks to holistic data consolidation, new data-driven applications from the 

field of artificial intelligence are also possible [78]. 

In summary, PIM mainly differs from other similar systems by the centralized enrichment 

of product data for marketing and sales purposes. This property of PIM will be the basis 

for further theoretical elaboration and the use case considered in the following sections 

of this thesis. 
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2.3 PIM Systems’ Problems 

As the size of a company increases, so does the amount of data to be managed. In this 

relation, the number of manually performed working steps also rises, which poses a higher 

risk of error [65]. In the expanding area of e-commerce, retailers often only receive basic 

product data from their suppliers, like identification numbers, names, weights, sizes, and 

prices, which do not meet the required quality standards for online shops. In such cases, 

retailers themselves must ensure to upgrade the product data via the data enrichment pro-

cess, i.e., to add additional attributes and descriptions to the individual products [1]. Some 

PIM systems already perform automated keyword extraction from supplied information 

and create product descriptions based on those keywords [91]. However, these procedures 

naturally demand the availability of product texts for functioning. If no product infor-

mation is available, these text-based solutions may not work, and thus, entering attributes 

into the PIM database must again be done manually or at least requires manual prepara-

tion as in the classical enrichment process. 

The influence of seasonal trends in the fashion industry plays a significant role in product 

management [34]. Nowadays, some retailers even deal with up to 24 collections per year 

[93]. The online retailer ASOS offers on its website between 2,500 – 7,000 new products 

per week from its production and third-party brands [106]. Another example from Adidas 

shows that they develop 20,000 new products each season, resulting in 40,000 new items 

by the end of the year [29]. Taking the last number and assuming that each new product 

is to be enriched by three attributes, this would result in a total amount of 120,000 attribute 

assignments every year. Adidas's example, moreover, demonstrated that the assignment 

of more than 20 attributes to every new product is a task manual work alone can no longer 

accomplish [29].  

This simple calculation shows how effortful it can be to manage data within the PIM 

system. Adding new products thus requires a lot of manual work. It also entails a risk of 

data inconsistencies arising from incorrect entries, which adversely affects the total qual-

ity of the data [71], [65]. Yet, it seems that difficulties also stem from the correct handling 

of the heterogeneity of the information exchanged [33]. Different people can describe the 

same products in various fashions, which eventually leads to inconsistencies in the data 

[33]. Therefore, employees must have a uniform conception of the processes in the PIM 

[65]. Standardized methods can help in this connection to systemize the tasks and the way 
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of collaboration so that some of the mistakes resulting from missing knowledge or skills 

can be avoided [65].  

In this context, a system would be desirable, which could take over a part of these manu-

ally executed working steps. Such a solution could eventually reduce human workload 

and human error at the same time and lower overall costs in connection with PIM admin-

istration. Since AI is currently regarded as one of the most demanded and promising tech-

nical solutions over the next years (see chapter 1), this work shall question the extent to 

which AI can be implemented beneficially in the PIM context. The PIM system Akeneo6, 

for example, uses machine learning algorithms to build a product library that provides the 

user with access to publicly available product information. It automatically collects prod-

uct features and supplies them to the PIM system during the product data enrichment 

process if required [44][113]. The PIM provider Contentserv7, on the other hand, offers 

in cooperation with AX Semantics8 a plug-in solution for automated text generation using 

natural language generation [116].  

This thesis, though, pursues a different objective. Since a substantial part of PIM systems 

is the linkage of products with corresponding images (see chapter 2.1), the focus shall lie 

on the extent to which image-based AI procedures can generate efficiency gains. Image 

classification is of particular interest here, as it has been extensively researched in the past 

few years and has also found practical application in the meantime (see chapter 3.1). Fig-

ure 1 illustrates a simplified concept of how AI-based image classification could be ap-

plied to optimize the processes within PIM. 

 

Figure 1: Basic idea of the AI application in PIM (own representation). 

 
6 www.akeneo.com 
7 www.contentserv.com 
8 www.ax-semantics.com 
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The primary goal is to build a neural network that independently classifies product images 

and therefore provides them with labels or product tags. For this purpose, a neural net-

work is trained in advance with product images and labels corresponding to the individual 

company's industry. 

When a new product instance, together with its product image, is uploaded to the PIM 

system (1), the neural network is set to pick the product image up (2). It classifies and 

outputs its associated labels (product attributes) (3). These labels load back into the PIM 

system at the location of the corresponding product instance (4). The image classifier 

ensures that products in the PIM system are automatically provided with appropriate at-

tributes, meaning that the process of manual product data enrichment (PDE) is no longer 

required. Consequently, the method promises a faster and more consistent PDE as it 

avoids errors due to individual manual activities.  

From this consideration, the central hypothesis of this work is derived: 

H1: The automation of the PDE process using the AI-based image classification 

releases time and cost-saving potentials in the long term. 
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3 Modeling the Integration of Image Classification into 

PIM Systems 

The following chapter further develops the modeling of the application with a particular 

focus on PDE. First, more detailed information about the image classification technique 

is given (chapter 3.1). The second chapter discusses how AI-based image classification 

may be incorporated as a useful tool to support PDE (chapter 3.2). An additional goal is 

to identify any factors that might influence the process's general feasibility and economic 

efficiency. Therefore, key figures and monitoring measures are presented, which can help 

to manage the risk of misclassifications and associated costs (chapter 3.3). 

3.1 Differentiation of Image Recognition Procedures 

Chollet [22] explains that in deep learning, neural networks apply whose depth is deter-

mined by the number of information processing layers. According to him, the advantage 

of deep learning compared to traditional machine learning methods is that information is 

downsized to smaller parts without having to specify the structure of features in advance. 

This way, deep learning applies to more complex problems than machine learning, as 

laborious feature engineering is omitted, and feature learning is performed in one go [22]. 

Starting with the annual ImageNet Large Scale Visual Recognition Challenge9 first held 

in 2010, Krizhevsky, Sutskever, and Hinton [64] presented a deep convolutional neural 

network (CNN) [69], [70], which surprised scientists with its performance in the field of 

computer vision10. Computer vision can thereby be roughly explained as the extraction 

and the understanding of visual information (e.g., images or videos) using AI models [60]. 

In this context, CNNs are used to a large extent for computer vision tasks [4]. Here, they 

have proven to be one of the best algorithms for image recognition applications [98], [60]. 

Various CNN-based methodologies and applications within the area of image recognition 

such as image classification [24], [118], object detection [112], [41], as well as segmen-

tation [95], [7], exist. Even though there is no uniform definition within the literature [6], 

at least a rough outline of the main differences between individual computer vision sub-

 
9 www.image-net.org/challenges/LSVRC 
10 The CNN achieved a top-5 test error rate of 15.3% in the classification context. For comparison, the next 

best error rate was 26.2% [64]. 
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tasks shall be given to provide a better understanding of the later application part of this 

work.   

Image classification, in its basic form, is about assigning a label to an image [95], [119]. 

Although CNNs have shown high performance in image classification on single-label 

problems [64], [104], research has shifted its focus towards multi-label classification, as 

it is supposed to capture better complex information and object relationships within real-

world images [118], [119]. It should be clear regarding the terminology that the terms 

multi-class and multi-label are not equivalent. While the first case selects one class from 

a pool of mutually exclusive classes, the second case assigns several classes to one in-

stance simultaneously [57]. Image classification is in this regard similar to object classi-

fication and object categorization, having the purpose of determining the presence of ob-

jects, regardless of their exact position on the image [73]. It should not be confused with 

object detection, which is more complicated than image classification as it combines the 

localization and classification of objects [74], [73].  

Since visual properties such as the color or texture of an object associate with specific 

pixels of the image, the core idea of image segmentation is to distinguish individual image 

sections and objects on a pixel basis by either the clustering of similar regions or by de-

tection of region boundaries [99]. Applications for image segmentation, for example, in-

clude scene understanding and autonomous driving [7]. According to Russakovsky et al. 

[98], there is a significant trend towards more complex procedures for image recognition 

applications. However, the following practical part of this thesis will be limited to the 

simplest case, the image classification, mainly since this study does not primarily aim to 

elaborate more sophisticated procedures, but rather for clarifying the applicability of a 

simple image classification task within PIM. 

3.2 Optimization Potential of AI Integration  

As already shown in chapter 2.1, the four main pillars of PIM are data collection, consol-

idation, product data enrichment, and data distribution. While the collection and distribu-

tion aim at organizing data flows and consolidation intends to avoid system-wide redun-

dancies, PDE, in turn, targets the improvement of data quality for marketing activities.  
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Via the PDE, PIM distinguishes itself from similar systems such as PDM or MDM (see 

chapter 2.3). Because of that, this thesis concentrates only on the use case of PDE in the 

course of further modeling and practical application. Unfortunately, there are no instruc-

tions in the literature on how to organize PDE operations in PIM systems. Consequently, 

the following process description builds on aspects already mentioned in chapter 2 as well 

as on various real-world use cases, which are presented by Abraham [1]. Figure 2 illus-

trates the essential process steps of classic PDE. 

Once the ERP or the supplier, via a direct link, delivers new data (1), it is transferred 

either manually (2a) by an employee (e.g., PIM manager), or automatically (2b) to the 

PIM. The data is then consolidated and stored on the PIM system's server (3), from where 

it can be retrieved and further processed within the scope of PDE. Since the information 

quality of the data is often insufficient to be presented to the customer, the employee must 

execute manual enrichment of the data (4). The enrichment process includes attributes 

like product descriptions and media data, such as images (see chapter 2.1). The image 

data is stored in the MAM, which is either a direct part of the PIM or a separate module 

connected via an interface. The linkage between product instances and corresponding 

product images in the PIM is the essential prerequisite for the image classifier's deploy-

ment since it naturally requires input images to operate. 

Figure 2: Classic PDE process (own representation). 
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Figure 3 shows the visualized workflow of the new AI-based PDE process.  

Steps (1) – (3), i.e., data collection and consolidation, basically remain unaffected. What 

changes is the manual enrichment activity by transferring it on to the automated process 

of image classification. After the PIM server stores the new product image, it is retrieved 

by the image classifier for further analysis (4). The input image is preprocessed and ana-

lyzed during the actual classification process, by mapping it to corresponding output clas-

ses (here: product attributes) (5). The classification results are then stored in PIM-com-

patible formats (e.g., CSV, Excel, JSON)11 and imported into the PIM the traditional way 

(6). The automated PDE process itself is complete at this point. Steps (4) – (6) are carried 

out without human intervention, which means, that the manual working steps are now 

entirely transferred to the neural network. 

A closer look at the process seems to underline the initial hypothesis that image classifi-

cation in PIM saves manual workload and thus reduces working time and costs since the 

manually performed steps for PDE are left out. However, especially at the beginning, 

errors made by the image classifier cannot be excluded, which is why it is necessary to 

introduce a control measure such as human revision in an additional step (7). The imple-

mentation of a new process for monitoring is also consistent with the recommendations 

of standardized analytical models from the field of data science such as the CRISP-DM 

[19] or Microsoft’s Team Data Science Process (TDSP) [83]. 

 
11 If the neural network is designed in Python, see, for example, pandas documentation [82].  

Figure 3: AI-based PDE process (own representation). 
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The idea behind the human revision process is to check and, if necessary, to relabel in-

correctly classified PIM entries. For the neural network to learn from these changes per-

manently, the new data instances could be collected and provided as additional training 

examples for later retraining measures (see, for example, [124]). Thus, through the revi-

sion process, the system could be optimized. Boosting the network’s performance is 

therefore expected to steadily reduce the need for corrective actions within the process of 

revision as well as the overall manual workload. 

There are various ways to execute the retraining of the network. One possibility would be 

to retrain everything from scratch. That could take place periodically, as a form of mainte-

nance activity, or when adding new data to the system [124]. Another way to allow the 

system to be more dynamic is to use continual learning [86], [88], which also refers to 

continuous learning [80], incremental learning [18], or lifelong learning [72]. One thing 

these methods have in common is that they all ultimately attempt to adapt neural networks 

to cope with changing data conditions in real-time, without having to retrain the network’s 

parameters from the ground up. Therefore, this technique is particularly suitable for real-

time applications with limited memory and computing capacities, such as those found in 

smartphones or robotic systems [59].  

The main problem is that this kind of training accompanies the risk of overwriting learned 

information with newly acquired knowledge. That is also known as catastrophic interfer-

ence [81], [92], or catastrophic forgetting [38]. A solution for this issue would be to retrain 

the neural network from scratch with the original and new data. This measure would not 

be particularly efficient for real-time applications due to the amount of time involved 

[59]. It is questionable whether a real-time application regarding the introduced model of 

the image classification procedure in PIM systems would be overall useful. It might serve 

little purpose since the classified attributes, and their PIM entries are first to be reviewed 

manually before being approved for upload to an online shop or other publication chan-

nels. Thus, this work builds on the premise that it is sufficient to retrain the neural network 

with new product images at predetermined maintenance intervals. 

It is also important to note that the final number of applied attributes may vary greatly 

depending on the industry or product type. For example, garments might only have 5-7 

characteristics, while electronic items may have 30 or more attributes [1]. Yet, when con-

sidering that product features easily reach double-digit numbers within a PIM system, 
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multi-label classifiers seem to have more practical value than single-label classifiers, as 

they are more capable of capturing real-world object information [118], [119].  

Although the image classification procedure is capable of achieving human accuracy in 

specific application areas [24], [48], the classification results should not be adopted with-

out further verification. Especially in e-commerce, where product assortments quickly 

reach several thousand different items and product variations (see chapter 2.3), the de-

mand for the image classification procedure can be very high. The entire procedure is 

challenging because product images can vary greatly in their visual representation. That 

includes image-related problems such as different perspectives and angles [31], the high 

similarity of products and material-related deformations [31], [46], as well as distorting 

factors such as blur and noise [28], might significantly affect the training and performance 

of the classifier. This circumstance makes it difficult to include all the necessary factors 

right from the first training process. Still, it highlights the need for the introduced human 

revision process and retraining of the classifier again. 

A critical point to note is that even with a very high classification accuracy, a small per-

centage of incorrectly identified cases might remain. Nevertheless, as in Donati et al. [29], 

the achievement of sufficiently high classification performance is expected, allowing to 

further model the use of the application in a business context. That is also in line with 

information provided by the Fraunhofer Institute [27], which ascribes a high level of de-

velopment to the image classification method based on deep neural networks. Thus, this 

thesis does less consider how the application of image classification can be solved tech-

nically, but rather how the advantages of the method can be exploited from an economic 

point of view. For this reason, it must be clarified how to deal with misclassifications that 

occur in the business environment as well as investigate to what different extend types of 

key figures may help to keep track of the overall performance and profitability of the 

entire application.  

Within the literature, relatively little evidence and work on how to deal with the downside 

of AI applications, that is, potentially occurring misclassifications was found. That is 

problematic considering that in online trade, information quality is supposed to be a de-

cisive factor in the buying behavior and satisfaction of customers, as already explained in 

chapter 2.1. One way to address this problem is to develop and implement appropriate 

monitoring measures to detect errors and control the classifier's performance. Such ac-

tions would ensure to exploit any gains of the AI in the longer run by the company [109]. 
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3.3 AI Monitoring and KPI Development 

A way to evaluate the performance of a classification method is to measure the accuracy 

of its predictions. Besides, the results can be displayed using a confusion matrix and cor-

responding metrics like precision, recall, or F-score. The confusion matrix is one of the 

first performance indicators to address in connection with multi-class problems since it 

illustrates the prediction accuracy of the classes as well as where confusion occurs [62].  

Jiang & Cukic [56], for example, have specified the confusion matrix as follows: For a 

two-class problem, for example, where it is only a question of classifying a test as positive 

or negative, the confusion matrix consists of four categories. True positives (TP) are cases 

correctly classified as positive. False positives (FP) are cases incorrectly classified as 

positive. True negatives (TN), in turn, represent results that were correctly classified as 

negative, whereas false negatives (FN) are cases incorrectly classified as negative. De-

pending on the confusion matrix, precision and recall are also calculated.  

Recall is the probability of detection of positive or negative modules.  

𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (1) 

Precision, on the other hand, is the proportion of correctly predicted positive or negative 

modules. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 (2) 

That also covers multi-class problems, which are then treated as a two-class problem, 

where one class is examined as true or false against the others [76]. Besides, the F-score 

unifies the results of precision and recall and converts them into a single value, which is 

the harmonic mean of both values. 

𝐹 − 𝑠𝑐𝑜𝑟𝑒 =  
2

1
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛  +  

1
 𝑅𝑒𝑐𝑎𝑙𝑙

 
(3) 

In this respect, the F-score can help determine the optimal balance between precision and 

recall values for a model [105]. Figure 4 depicts the structure of the confusion matrix and 

the related metrics. 
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Figure 4: Confusion matrix and related performance metrics (modified from Fawcett 

[32], p. 862).  

 

How serious the effects of misclassifications ultimately are must be considered concern-

ing the specific application area. In critical fields such as medicine or fraud detection, 

misclassifications may have severe consequences [76]. In contrast, misclassifications in 

a PIM system lead to labels wrongly assigned to a product. That may result in the potential 

release in publication channels, which can later cause economic damage to the company. 

Yet, in comparison, this type of error seems to have less critical implications than, for 

example, misclassifications in medical applications, where in the worst-case lives may be 

at stake [76]. 

Nonetheless, misclassification costs are sometimes not considered, nor is a distinction 

between different cost characteristics. The classifiers are then primarily increasing the 

accuracy or minimizing error rates without recognizing that different types of misclassi-

fications may have negative impacts in varying degrees [56]. Therefore, increasing accu-

racy alone is often not an adequate means, especially since it cannot generally be expected 

to reduce the costs of misclassifications or let costs be outweighed by any benefits [76]. 

According to Weiss & Provost [120], unbalanced data significantly impedes the classifi-

er's performance. That is because underrepresented classes cannot be adequately learned 

in the training process and therefore have higher error rates in prediction. They also con-

clude that these minority classes are also the ones that cause higher misclassification 

costs. This happens when the imbalance in the database is due to the nature of the prob-

lem, for example, in fraud detection, where only a small proportion is fraud cases or in 

medicine where only a small number of cases is a rare disease [120]. However, within the 
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business environment, this problem is of less importance, as minority classes often are 

not the focus of attention [76]. Here, imbalances in the data sets can also result from 

constraints in data collection measures, such as legal restrictions [20]. Lombardi et al. 

[76] also mention, that particularly in the business context, the situation is more compli-

cated since multiple factors make it difficult to assess costs accurately in connection with 

the classification results. They say that the costs depend not only on the actions a company 

takes but also on how customers react to these, for example, through changed purchasing 

behavior. 

A cost matrix, according to Jiang & Cukic [56], is structured similarly to the confusion 

matrix and serves by taking different consequences of misclassifications into account. 

Correctly classified cases involve no costs, i.e., the costs for true positives and true neg-

atives are equal to zero. A misclassification, on the other hand, is penalized with a corre-

sponding cost value whose amount depends on the severity of the consequences of the 

respective error. In this context, the costs for false positives and false negatives may differ 

in their amount [56]. Chapter 2.1 already indicated that high-quality information, espe-

cially in e-commerce, is essential for the retailer's success. In this respect, it is important 

to differentiate which type of misclassification is more likely to be related to severe con-

sequences: if a class is misclassified and the corresponding product is assigned an incor-

rect attribute or if a class is not recognized at all and, therefore, no PDE occurs. 

With the growing popularity of online trade, an increased range of niche products, which 

would otherwise not be available in local stores, is becoming more critical. That is be-

cause stationary businesses can only offer a limited number of products due to area re-

strictions and because online search enables customers to look for particular products 

[14]. The image of both the product and the niche company is of vital importance for the 

retailer's success, whereby niche products tend to have a higher value, which may express 

itself in higher prices [25]. A niche is moreover of smaller size and tailored to meet spe-

cific customer requirements and wishes [103]. Because a smaller customer base is being 

addressed, the company needs to build long-term relationships with its customers [103].  

In contrast to the advantage mentioned above of easier product search in online retailing, 

incomplete product information may lead to customers not being able to find particular 

products [10], causing the retailer to lose potential revenues and thus creating opportunity 

costs, as, for example, described in [94]. Incorrect product information could raise expec-



19 

 

tations and motivate customers to buy specific items [100]. This may lead to dissatisfac-

tion at the end and a higher return risk if the customer realizes that the purchased product 

is not in line with his or her expectations [11], [84]. 

Overall, niche products tend to meet higher quality requirements and demand higher 

prices, as described by Dalgic & Leeuw [25]. Therefore, it would be particularly critical 

not to achieve the desired quality standard by offering false information. Consequently, 

customer satisfaction is at risk, which may lead to negative reviews that significantly in-

fluence the general perception of the product [53], causing customer churn in the worst 

case, potentially associated with economic damage for the retailer [42]. 

Comparing the points mentioned above, missing information due to FNs may result in 

opportunity costs in terms of lost sales. Incorrect information in the PIM due to FPs, on 

the other hand, may lead to permanent damage, manifested by a loss of customers, bad 

publicity, and decreased sales. Therefore, FPs deserve a higher cost factor than FNs. The 

cost evaluation should moreover establish a reference to direct business performance, 

equivalent to what Studer et al. [109, p. 4] have called “Economic Success Criteria” in 

their framework. They explain that both the algorithm's performance and its influence on 

the company's success should be displayed and analyzed with various key performance 

indicators (KPIs). These KPIs include, for example, the amount of time and cost savings 

as well as increases in sales or product quality [109].  

If sales figures or product quality are affected by the image classification procedure can-

not be determined within the scope of this work. However, the performance indicators 

presented in this study could at least serve as a basis for business-related success meas-

urements directly linked to the image classification processes, such as the number of mis-

classifications and the effort involved in correcting them. Regarding the monitoring of 

classification results during ongoing business operations, it is also not possible to create 

a confusion matrix since the ground truth labels of the predicted product images are not 

known to the classifier. A way to set up monitoring and relabel new image data is to 

implement the process of human revision, as described in chapter 3.2.1. Human revision 

in this regard includes manual quality control of the classification results and serves as a 

prerequisite for continuous optimization of the classifier. If misclassifications are present 

and corrective measures are needed, the wrong entries are relabeled, making them, along 

with the correctly classified entries, available as new and correct training data for later 
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training sessions. This way, for each successive training session, new data will be in-

cluded in the training process. The training results can then be displayed in the subsequent 

evaluation using confusion and cost matrices to compare them with previous perfor-

mances.  

The following listing summarizes some suggestions, partially derived from the mentioned 

proposal of Studer et al. [109], as to which KPIs could reflect the performance of the 

classifier as well as the extent to which it causes business-related effects and expenses in 

the context of PIM (Table 1).  

 

Table 1: KPIs and measures used after the image classification procedure. 

 Measure Goal  

a 

Confusion matrix  

(incl. precision, recall,  

F-score, accuracy) 

The traditional way to measure 

prediction accuracies and  

visualize the performance 

(I) 

Focus on  

classifier  

performance b Cost matrix 

Inclusion and emphasis of differ-

ent misclassification costs 

(FP/FN) 

c 
Time expenditure for  

human revision activities 

Measurement of how much time 

was spent on human revision 

tasks; serves for total cost  

calculation 

(II) 

Focus on  

business  

performance 
d Proportionate salary costs 

Salary allocation depending on the 

time spent on human revision  

activities; serves for total cost  

calculation 

e 

 

Total risk 

 

Settlement of salary and misclas-

sification costs; represents  

potential maximum of costs 

Comparison  

between  

(I) and (II) 
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The key figures (a) - (b) represent classic measures connected with classification appli-

cations, as described above. The statistics (c) - (d), on the other hand, provide information 

about the influence of occurring misclassifications on the success of the company. Fig-

ure (c) measures the amount of time spent on revision tasks. It is, in turn, the base for (d), 

which adds actual costs in terms of salaries to the time spent. This figure shows how 

expensive the human revision process ultimately was. The ratios from (I) represent the 

performance and, thus, the potential risks of the classifier in terms of follow-up costs 

regarding corrective measures, while the values from (II) reflect the actual costs incurred. 

The last figure (e), in turn, combines the classification risks with business-related perfor-

mance measurements and enables different cost aspects to be represented in one number. 

This ratio represents the entire risk of the image classifier within the PIM application. 

The purpose of these indicators is to keep an overview of the risk of the application, i.e., 

the incurred and potentially incurring costs. The whole point is to ensure that the costs do 

not exceed the benefits of the application. Using the entire scope of the metrics makes it 

easier to assess whether the procedure continues to yield cost advantages or whether in-

creasing costs, either through poor classifier performance or through excessively long and 

expensive human revision measures, are leading to inefficiency of the entire procedure.  
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4 Methodology 

CRISP-DM is a standardized and freely accessible process model intended to support the 

search for patterns and correlations during data mining projects [19]. It was developed in 

1996 in cooperation with several big companies and with financial support from the Eu-

ropean Union. The goal was to present an industrial standard that allows harmonization 

of the processes of data mining projects as well as to increase the quality of knowledge 

discovery in general. The six levels of CRISP-DM serve as a guide for the structure of 

the following practical part of this work, although the model has been adapted a little for 

this purpose (Figure 5). 

The business understanding (chapter 4.1) contains a description of the purpose and the 

objective of this work. It is followed by the development of the data basis, meaning the 

data understanding (chapter 4.2) and the data preparation (chapter 4.3). After that, the 

image classifier's technical modeling is explained in more detail (chapter 4.4). The eval-

uation (chapter 4.5), on the other hand, includes the assessment of the classification pro-

cedure, where the classifier and business-related metrics developed for monitoring pur-

poses (chapter 3.3) are applied and analyzed. As this work does not intend to perform a 

real-life implementation of the image classification procedure in a PIM system, the last 

step of the CRISP-DM (deployment), is excluded.  

Figure 5: Adapted CRISP-DM model (modified from Chapman [18], p. 13).  
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4.1 Business Understanding 

The need for further investigation was communicated by the dotSource GmbH, regarding 

the extent to which the procedure of AI-based image classification is applicable in con-

junction with PIM systems. As a digital agency, the company deals, amongst others, with 

the use of PIM and MDM systems in e-commerce. The interest in an AI-based PIM solu-

tion that generates efficiency and cost advantages is thus correspondingly high. 

While this research question has not yet been explored in the literature and only a few 

reference cases on AI integration in PIM can be found on the World Wide Web, this thesis 

aims at analyzing the issue in an explorative way. The results of the theoretical analysis 

revealed that it is less the technical implementation one should worry about, but rather 

the question of how to profitably implement such an AI solution in the business context 

without causing additional costs or risks in the long term.  

Because PIM systems mainly serve e-commerce activities, the use case is based on an 

industry that profits particularly strongly from the advantages of online trading. The fash-

ion industry is selected for this purpose, since it is the largest business-to-customer seg-

ment in e-commerce and, according to forecasts, expected to continue to grow [108]. Over 

the last few years, various papers have dealt with the topic of image classification in the 

field of fashion, such as [67], [75], [31], [102], [34], [29], providing a solid theoretical 

and technical basis. 

Lao & Jagadeesh [67] have differentiated between clothing type and clothing attribute 

classification. In their opinion, both variants represent sub-problems within the field of 

fashion classification, with the first being a multi-class procedure and the second a multi-

label problem. To reduce complexity, the model within this thesis is designed as a multi-

class problem, where only one class is assigned to each input image, similar to the cloth-

ing type classification of Lao & Jagadeesh [67]. 

For solving a multi-label problem, product images must be tagged with several labels at 

the same time. Yet, the applied data collection method only allowed the download of the 

product images in connection with their web link, and therefore, only coupled with their 

main product category. However, the chosen application design should be sufficient since 

the goal of this thesis is to examine whether there is an increase in the classifier's perfor-

mance and a general reduction in costs over time as the number of training examples rises. 
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Regarding the hypothesis of cost-effectiveness put forward in this thesis, the question of 

whether the chosen classes ultimately represent product categories or specific product 

attributes such as color or patterns should not be of importance at first. The extent to 

which limitations arise in the context of real-life business applications is in more detail 

examined in the discussion of this thesis (chapter 5).  

To further investigate the research question, the following presents a sample application 

where a CNN-based image classifier is trained and tested with data sets of various sizes 

containing fashion images. 

The whole procedure is divided into three runs: in the first run, the network is trained with 

250 images per class and then tested. In the second run, the training is done with the same 

parameters but with 500 training images per class. In the third run, the network is retrained 

with 1,000 images per class. The validation and test images remain the same in order not 

to cause distortion. The results of the three test runs will then be analyzed and compared 

using the performance indicators identified in chapter 3.3. The goal is to determine the 

extent to which the performance of the classifier can be optimized in the (here fictitious) 

time course by regular retraining with new product data. The results shall provide infor-

mation on whether such an AI application in the PIM context, combined with human 

revision activities, leads to efficiency advantages in the long run in terms of time and cost 

savings. 

4.2 Data Understanding  

The data used in the methodology shall represent a cross-section of a typical online fash-

ion store. The whole dataset consists of 12,000 images and is evenly composed of 10 

different product classes: (0) bags, (1) coats, (2) dresses, (3) skirts, (4) jeans, (5) shorts, 

(6) sweaters, (7) T-shirts, (8) sneakers, (9) sandals. The selected classes are inspired by 

the Fashion-MNIST dataset published by Zalando12 [122]. However, the Fashion-MNIST 

dataset was not used for this work, although it contains a broad set of prestructured data. 

That is because its images are only in grayscale and because the products are displayed 

in an isolated manner, i.e., without disturbing elements such as other product sections or 

body parts. Looking at images currently used in online fashion stores, it is evident that 

 
12 www.zalando.de   
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such a reduced representation does not quite meet the actual standards of online shops at 

the time of this work. To get a more realistic picture of the classification results and to 

uncover general practical problems in image classification, a new dataset was created. 

For this purpose, a total of 11,478 women’s fashion images was collected and downloaded 

from Zalando using R13. The remaining 522 images (mainly the category shorts) were 

taken from the DeepFashion dataset [75]. This step was necessary to avoid unbalanced 

class representations, which could otherwise negatively influence the training process, as 

described in [120]. Yet, the DeepFashion dataset was not entirely chosen since it includes 

a significant part of inferior quality images, meaning low resolution, blurred representa-

tion, diverse backgrounds, or wrong labeling. For this reason, a completely new data set 

was created in the end. 

4.3 Data Preparation 

Since algorithms need quality data to obtain good results and real-world data is often 

subject to errors [125], some methods like those used in classic data mining were applied 

to the data preparation. Overviews of general data preparation procedures are provided 

by Witten et al. [121] and Aggarwal [3]. 

The images were manually checked for duplicates and cleaned up, to prevent the classi-

fier’s results from being influenced by repetitive attributes [121]. The inspection for er-

rors or possible outliers, i.e., for products that do not belong to the respective class, was 

carried out manually. Since clothing exhibits many different characteristics, the manual 

labeling of product images, especially for very similar products, is often associated with 

a risk of subjective evaluation, which leads to inconsistencies regarding the corresponding 

labels [67]. Therefore, disparities, in connection with the assigned product classes, may 

still exist. Subjective decision rules were also used to check the overall image quality. 

The criterion for these decisions was the visual assessment, i.e., pictures that the viewer 

could not identify since being too small or unsharp were sorted out. It was considered that 

no imbalances in the class distribution arise by deleting images, meaning that the same 

number of images was assigned to each product class.  

 
13 www.r-project.org 
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For the final dataset, care has been taken to ensure that the products within the images are 

centered, displayed in their entirety, and easily identifiable. Outliers in terms of product 

images that could not be assigned to one class by a human annotator (e.g., multiple prod-

ucts depicted, or no product in the foreground) were sorted out. However, this step was 

largely limited as in some classes, such as skirts, a significant part of product displays 

showed a combination of several products.  

The results are comparable to those of Schindler et al. [102]. They distinguish between 

two different types of images: Whereas some images show single products against a white 

background, others depict multiple products presented or worn by a model. In this con-

text, the latter causes semantic noise as a distorting factor since only one label is assigned 

to the image. In this thesis, it is expected that with diffuse product representations, as in 

the second case described by Schindler et al. [102], the classification process becomes 

more difficult. Therefore, misclassifications occur more frequently. 

Finally, the data were divided into training, validation, and testing data, with the only 

difference that for each of the three training runs, the number of training data was in-

creased. Table 2 shows the final ratio of the distribution. 

 

Table 2: Distribution of training, validation and testing data for each training run. 

Run  Training Validation Test ∑ 

A 

Number of instances for each class  250 100 100 - 

Total number of instances 2,500 1,000 1,000 4,500 

B 

Number of instances for each class  500 100 100 - 

Total number of instances 5,000 1,000 1,000 7,000 

C 

Number of instances for each class  1.000 100 100 - 

Total number of instances 10,000 1,000 1,000 12,000 
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4.4 Modeling 

4.4.1 Theoretical Background  

When it comes to visual recognition tasks, CNNs are a common choice since they mainly 

specialize in dealing with grid-like structures such as images [4], [43]. Good introductions 

to this topic provide Goodfellow [43] and Aggarwal [4].  

In this context, the term CNN suggests that these networks use convolution, a linear math-

ematical operation instead of the usual matrix multiplication, as in traditional neural net-

works [43]. The convolution layer applies a filter matrix that searches individual image 

pixel areas in an overlapping manner to detect and extract significant features. The result 

of this convolution operation is the feature map, which, in comparison, is equivalent to 

the values of hidden layers in traditional feedforward networks [4]. This form of fractional 

image processing ultimately results in fewer connections and parameters and makes train-

ing more manageable than with comparably sized standard feedforward networks [64]. 

According to Goodfellow [43], besides the just described concept of sparse interactions, 

convolution explicitly puts parameter sharing and equivariant representations in the fore-

ground. Parameter sharing in this connection states that the weight matrix does not just 

use the elements once, but instead, uses the same parameters for multiple functions within 

the network [43]. This linkage leads to the equivariance to translation, meaning that as 

long as the pixel values of an image object remain constant, they are always calculated in 

the same way by the convolution operation [43]. 

CNNs differentiate in their structure between the input layer, hidden layer, and output 

layer. The main difference compared to traditional neural networks lies in the hidden 

layer, which itself is a construction of three different layers that repeat alternately: the 

convolution layer, the ReLU layer, and the pooling layer [4], [43]. The function of the 

convolution layer has already been described above. This layer is followed by the ReLU 

layer, which passes the feature maps through a non-linear activation function [4], [43]. 

Nowadays, one of the most popular activation functions is the rectified linear unit or 

ReLU [85], as ReLU has proven to be faster than other classic activation functions such 

as sigmoid or tanh [64], [68]. Therefore, this part of the hidden layer is often directly 

referred to as the ReLU layer [4].  
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In the next step, the activation maps produced by the ReLU are transferred to the pooling 

layer and replaced by a condensed representation of outputs [43]. Different methods such 

as max pooling [126] or average pooling are used, whereby the former being more popu-

lar due to its higher degree of translation invariance, which is the higher robustness 

against small variations of input features [4]. Therefore, pooling primarily helps distin-

guish whether a feature in the image is present at all, rather than determining its exact 

location [43]. 

After the information has passed the hidden layer, it moves to the fully connected layer, 

where it is mapped to a predefined set of outputs according to the original application 

problem [4]. The activation function is either the softmax or sigmoid function, depending 

on whether a multi-class or multi-label problem is present [34]. This layer has the same 

construction and functionality as a traditional feed-forward network, indicating that since 

the nodes are interconnected, most of the parameters are located here. Thus, the fully 

connected layer is crucial for problem-specific training of the entire network [4]. This 

property shall be adopted now. For this purpose, a generally pretrained neural network is 

being used and adapted to the defined use case of fashion image classification.  

4.4.2 Technical Modeling 

The model was created and tested in the Jupyter14 notebook with Python (3.7.3)15 using 

the PyTorch16 (1.3.0) library. Since no suitable GPU was available, the program was run 

via the CPU. Table 3 summarizes the final parameters of the model. 

The CNN is based on the method of transfer learning, where a pretrained neural network 

and its weights are adopted, and only the fully connected layer is modified to match the 

particular classification problem [4]. Even with high-quality data sets, the combination 

with pretrained models provides better results than if the neural network was trained for 

one problem-specific data set only [102]. Over time, various pretrained CNN architec-

tures have evolved: AlexNet [64], Inception/GoogLeNet [111], VGG [104], or ResNet 

[49], to name a few. Since it had shown slightly better performance in the area of fashion 

classification compared to other architectures (Inception, VGG) [34], ResNet was chosen 

 
14 www.jupyter.org 
15 www.python.org 
16 www.pytorch.org 
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as the pretrained model, which is based on the ImageNet data set [26]. Various modifica-

tions of ResNet with different numbers of layers were tested (ResNet-50, ResNet-101, 

ResNet-152) [49], whereby, in this case, ResNet-152 (152 layers) showed the best per-

formance.  

The neural network's fully connected layer was adjusted to 10 output classes according 

to the original problem. It performs the activation via the ReLU function [85] and uses 

Dropout as a regulation method [51]. Since this case is a multi-class problem, the activa-

tion function for the output units is the softmax function (see chapter 4.4.1). The training 

process itself was carried out by the backpropagation algorithm as in classic neural net-

works [97], [69]. The cost function is the negative log-likelihood, minimized in the train-

ing process via gradient descent [43]. Therefore, ADAM [61] was chosen as an optimizer 

for the execution of the gradient descent, i.e., for the optimization of the weights. 

 

Table 3: Selected parameters for the applied convolutional neural network. 

Purpose Parameter Specification 

Model  

architecture 

• Pretrained model 

• Fully connected layer 

• ResNet-152 

• 10 output classes, ReLU,  

softmax for last layer 

Training  

parameters 

• Batch size 

• Learning rate 

• Number of epochs 

• 32 

• 0.0001 

• 50 

Regulariza-

tion methods 

• Image transformations 

 

• Dropout 

• Early stopping 

• crop, rotation (15°), horizontal 

flip, normalization 

• 0.5 

• Patience = 5 

Technical 

components 

• Programming language  

• Libraries 

• Environment 

• GPU use 

• Python 3.7.3 

• PyTorch 1.3.0 

• Jupyter notebook  

• none  
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For the reduction of overfitting during training, various regulatory mechanisms were ap-

plied. An easy and computationally relatively inexpensive possibility is to increase the 

training data and its manifestations via transformations artificially [64]. Thereby, even 

small shifts of a few pixels are supposed to improve the network's generalization perfor-

mance significantly [43]. For this purpose, the input images were rotated (by 12 degrees) 

and mirrored horizontally, as suggested by [43] and [64], respectively. Another method 

is the already mentioned dropout, by which individual hidden units are randomly ex-

cluded from the network, thus simulating different network structures [51]. For the drop-

out value, 0.5 was chosen [51], [107]. Finally, early stopping was implemented as a meta-

algorithm. It operates like a threshold that determines after how many epochs, without 

further improvement of the validation error, the training stops [43]. Several different com-

binations of the learning rate, batch size, and other parameters relevant to the training 

were tested.  

4.5 Evaluation 

4.5.1 Classifier-related Performance 

Both loss and accuracy were considered for training and validation purposes. The respec-

tive curves are shown in Figures 6 - 8, and the overall results are summarized in Table 4. 

What is noticeable in Figures 6 - 8 is that the validation accuracy is always higher than 

the training accuracy, the validation loss, in turn, is lower than the training data. The ratio 

between both graphs seems to be stable. A possible explanation for this would be that 

dropout as a regulation method was applied to the training data but, on the other hand, 

was not used on the validation set. Thus, additional noise arose during training, distorting 

the training and validation results [40], [96]. A second explanation might be that the val-

idation set's images are easier to learn or that the distribution of the validation and training 

set is different [40], [96]. Last but not least, the training and validation loss might have 

been calculated at different times within an epoch [40], [96]. The latter can be excluded, 

though, since both values were determined within the same epoch in the applied classifier. 

As the training loss is not smaller than the validation loss, overfitting is also excluded for 

now [58]. 
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Figure 6: Accuracy and loss curves for A (2,500 training images) with early stopping 

point (here: epoch 25). 

 

          

Figure 7: Accuracy and loss curves for B (5,000 training images) with early stopping 

point (here: epoch 14). 

 

       

Figure 8: Accuracy and loss curves for C (10,000 training images) with early stopping 

point (here: epoch 13). 
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Table 4: Training time and test accuracy for data sets of different sizes (A: 250, B: 500, 

C: 1,000 training examples per class). 

Model Epochs Time for Training (CPU only) Test Accuracy (%) 

A 25 ca. 16h 39min 92.4 

B 14 ca. 16h 29min 92.9 

C 13 ca. 1d 4h 10min 94.2 

 

The results show that training for model A was stopped after 25, for B after 14 and for C 

after 13 epochs. Thus, the number of epochs tends to decrease as the number of training 

examples increases. The decreasing number of epochs would explain why model B com-

pleted faster than model A, even though training time per epoch was significantly higher 

(for epoch 1 in A: 2215.81s; in B: 3800.45s). However, this effect does not seem to repeat 

for the training time of C, which has the highest duration with slightly more than one day. 

Overall, the number of epochs required seems to decline as the number of training data 

increases, whereas the training time needed per epoch in turn rises. To a certain extent, 

these effects balance each other out, resulting in faster convergence of model B. However, 

if the number of training data exceeds a certain point, the training duration seems to in-

crease disproportionately compared to the reduction of epochs, as in model C.  

The test accuracy has shown continuous improvement as the number of training data in-

creased, with differences of 0.5% between models A and B and 1.3% between models B 

and C. At this point, these results already indicate that the classifier's performance im-

proves with an increasing number of training examples (here, doubling the number of 

training images). For each model, the corresponding confusion matrix is provided in the 

appendix (Figure 14). The misclassification results from the confusion matrices are in-

cluded in Table 5. The precision, recall, and F-score values derived from the confusion 

matrices are listed in Table 6. 
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Table 5: Number of misclassifications for each run (values derived from the confusion 

matrices A - C). 

Class 

A B C 

FPs FNs FPs FNs FPs FNs 

Bags 1 0 1 0 1 0 

Coats  1 9 3 5 3 5 

Dresses 22 17 13 22 10 17 

Jeans 1 1 1 2 0 0 

Sandals 5 2 2 2 2 2 

Shorts 5 7 9 5 6 7 

Skirts 14 21 13 19 14 13 

Sneaker 1 5 3 3 0 3 

Sweater 12 9 12 9 10 7 

T-Shirt 14 5 14 4 12 4 

∑ 76 76 71 71 58 58 

∑ 152 142 116 

 

 

Table 6: Precision, recall, and F-score (F1) values for each class and each run. 

Class 

A B C 

Precision Recall F1 Precision Recall F1 Precision Recall F1 

Bags 0.99 1.00 1.00 0.99 1.00 1.00 0.99 1.00 1.00 

Coats 0.99 0.91 0.95 0.97 0.95 0.96 0.97 0.95 0.96 

Dresses 0.79 0.83 0.81 0.86 0.78 0.82 0.89 0.83 0.86 

Jeans 0.99 0.99 0.99 0.99 0.98 0.98 1.00 1.00 1.00 

Sandals 0.95 0.98 0.97 0.98 0.98 0.98 0.98 0.98 0.98 

Shorts 0.95 0.93 0.94 0.91 0.95 0.93 0.94 0.93 0.93 

Skirts 0.85 0.79 0.82 0.86 0.81 0.84 0.86 0.87 0.87 

Sneaker 0.99 0.95 0.97 0.97 0.97 0.97 1.00 0.97 0.98 

Sweater 0.88 0.91 0.90 0.88 0.91 0.90 0.90 0.93 0.92 

T-Shirt 0.87 0.95 0.91 0.87 0.96 0.91 0.89 0.96 0.92 

Ø 0.93 0.92 0.92 0.93 0.93 0.93 0.94 0.94 0.94 
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The values show that the classes skirts and dresses perform particularly poorly compared 

to the other classes. By looking at the confusion matrix, it becomes clear that the category 

dress is often confused with skirts, sweaters, and t-shirts. Also, a relatively high risk of 

confusion between skirts and dresses seems to exist. This observation is consistent with 

that of Hara et al. [46]. They found that such confusion may arise due to too similar char-

acteristics between classes or when classes, as in the case of “dress”, unite attributes of 

other classes (e.g., the lower part of a dress similar to skirt, while the upper part similar 

to T-shirt). Figure 9 shows examples of misclassifications, most likely due to too high 

similarity. Within model C bags and jeans, on the other hand, were both reliably identified 

with a total recall of 1. An explanation might be that both categories show significant 

features and shapes that are clearly identifiable and almost always present in the data set 

(jeans: two legs, bags: handles and mostly square shape). 

 

 

 

 

 

 

 

 

 

Another error source seems to be more related to the semantic noise mentioned by 

Schindler et al. [102], which is caused when several classes are present on an image, but 

the classifier is only built for assigning one label at a time. From a practical point of view, 

misclassifications in this context are not an error but are rather to blame on the general 

modeling, since only a multi-class problem is applied here. Yet, a multi-label classifier 

would be required to assign several attributes to a specific product. Figure 10 shows ex-

amples of misclassifications in this context, which were probably only caused by the test 

design.  

 

           (1)                        (2)                               (3) 

Figure 9: Examples of misclassifications for the category ‘dress’ due to too high simi-

larity (Examples taken from model A. Predicted classes: (1) skirt, (2) sweater,  

(3) t-shirt). 
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Despite the growing number of training examples, some cases were continuously mis-

classified after each run. Figure 11 presents some examples of this. The misclassifications 

regarding the depicted images could be due to image-related problems such as high sim-

ilarity of products [31], [46], textile-related material deformations [31], [46], or difficul-

ties due to different perspectives and angles [31]. At this stage, only assumptions can be 

made about which problem led to the respective misclassification: in the image (1), the 

reason could be the side view of the model, which suggests a box-like shape to the clas-

sifier. The shiny material and striking color could also imply an accessory rather than 

outdoor clothing. For image (2), the small cords at the bottom of the sweater might re-

semble typical jacket cords, while for image (3), the pattern in the middle of the image 

might be similar to buttons on a cardigan. 

Regarding precision and recall in the models, it is apparent that sometimes an increase in 

recall is accompanied by a decrease in precision (and vice versa). This effect is especially 

evident when comparing models A and B. Between models B and C, this effect seems to 

be much weaker. This observation is in line with Skopal and Moravec [105]. They justi-

fied the shift between precision and recall by arguing that for the detection of more rele-

vant objects of a class, the classifier must broaden its focus and thus tends to misclassify 

more often. To verify this effect, the F-score is applied. The results show that the F-score 

is continually growing, which points to a general improvement of the application. The 

fact that the average precision in model A slightly differs from the average recall and F-

score is probably due to a rounding error.  

           (1)                        (2)                                (3)                             (4) 

Figure 10: Examples of misclassifications due to multiple representations ((1) + (2) 

skirt predicted, sandals true; (3) + (4) sweater predicted, skirt true). 
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For checking of how the results reflect the potential costs caused by FPs and FNs, the cost 

matrix is analyzed. Christley [23] refers in this context to FPs as type I errors and to FNs 

as type II errors. Since no real cost factors are identifiable for the application example, 

the whole process is illustrated using fictitious values. For the calculation, a cost factor 

of 5 is chosen for FPs and a lower cost factor of 3 for FNs. In this step, the cost factors 

are multiplied by the number of misclassifications per class. Table 7 shows the output of 

the resulting cost matrix. 

Again, the total costs associated with misclassifications that occur decrease as the number 

of training data grows. However, it is noticeable that in model B, the costs for the specific 

classes jeans, shorts, and sneakers slightly increase. The corresponding precision and re-

call values show that their relationship has tended to shift in opposite directions compared 

to model A. The impact of the cost factors changes accordingly. However, the overall 

effect is relatively small. It is also compensated for by lower costs in the following train-

ing round C, even for the classes such as dresses and skirts, which were previously iden-

tified as particularly critical. The cost matrix also indicates that the classifier's perfor-

mance improves over time as the number of training examples increases and that the as-

sociated misclassification risks in terms of possible costs for both type I error and type II 

error are steadily reduced. 

 

           (1)                      (2)                             (3) 

Figure 11: Examples of repeated misclassifications ((1) bag predicted, coat true; (2) coat 

predicted, sweater true; (3) sweater predicted, t-shirt true). 
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Table 7: Cost matrix for type I error (FPc) and type II error (FNc) (the cost factors were 

randomly chosen: for FP=5 and for FN=3). 

 
A B  C 

 
FPc FNc Cost p. C. FPc FNc Cost p. C. FPc FNc Cost p. C. 

Bags 5 0 5 5 0 5 5 0 5 

Coats  5 27 32 15 15 30 15 15 30 

Dresses 110 51 161 65 66 131 50 51 101 

Jeans 5 3 8 5 6 11 0 0 0 

Sandals 25 6 31 10 6 16 10 6 16 

Shorts 25 21 46 45 15 60 30 21 51 

Skirts 70 63 133 65 57 122 70 39 109 

Sneaker 5 15 20 15 9 24 0 9 9 

Sweater 60 27 87 60 27 87 50 21 71 

T-Shirt 70 15 85 70 12 82 60 12 72 

∑ 380 228 
 

355 213 
 

290 174 
 

Total cost 608 568 464 

 

4.5.2 Business-related Performance 

The following section applies the business performance measures identified in chapter 

3.3 for further evaluation. For correct calculation, exact parameters such as the time re-

quired to make entries within PDE or to carry out corrective actions as part of human 

revision are needed. As in the previous case, sample parameters were chosen for demon-

stration purposes. 

It is assumed that 1,000 new products are added to the PIM after each classification run, 

which shall then be analyzed and enriched by the image classifier. The 1,000 test images 

represent this number. The corresponding amount of corrective actions required after each 

classification run equals the number of misclassifications previously conducted. If each 

product needs about 5 minutes for manual enrichment within the PDE, this means that for 

the enrichment of all 1,000 products, 5,000 minutes must be planned in total (case I). That 

equals around 83.3 hours. However, if the PDE is carried out automatically, these 5,000 
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minutes are omitted. Instead, the human revision process is added, for which 2 minutes 

per product are specified. Yet, that does not include any corrective measures that must be 

carried out in an extra step if necessary. Here, a time effort of 5 minutes is expected, 

which is equal to the time needed for manual PDE per product. Note that both the time 

for the inspection and the time for manual corrective action is considered in the case of a 

misclassified instance. If 2 minutes pro product are estimated for simple inspection of the 

results and 5 minutes, as in classic PDE, for corrective manual adjustments, then the total 

time required for model A equals: (1,000 * 2 min) + (152 * 5 min) = 2,760 min. This is 

equivalent to 39.7 hours, which is less than half the original time required. The time 

needed for models B and C is determined in the same way. The results are shown in Table 

8. 

Table 8: Time expenditure for manual PDE (case I) and automated PDE (case II) (as 

parameters, 2 min were assumed for control activities in the context of human revision 

and 5 min for classic PDE actions per product).  

Model 

Estimated amount of time for PDE (in hours) 

Case I (manual PDE) Case II (automate PDE) 

A 83.3 46.0 

B 83.3 45.2 

C 83.3 43.0 

 

 

The calculation shows that a significant reduction in time is achieved by using AI-sup-

ported PDE. However, the results depend on the initial parameters identified and selected 

and the time difference between simple control activities in human revision and actual 

corrective measures or manual PDE actions. Nevertheless, in the numerical example, a 

time improvement of 51.6 % has been achieved for the AI process. 

The wage costs are calculated in proportion to the time spent. According to Abraham [1], 

no answer to the question of the responsibility for the PIM can be given since it differs 

from company to company. In many cases, however, it is the marketing department as 

they have the most significant benefit from PIM systems and, therefore, often bear the 

largest share of the costs. For the calculation, a salary for a marketing assistant with an 
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average of about 3000 € per month for a classic 40-hour week was selected. This value 

was derived from the Xing career platform [123]. To simplify matters, four business 

weeks per month, i.e., a total of 160 hours, were considered, which results in an hourly 

wage of 18.75 €.  

The case I in Table 8 shows that around half of the monthly working time is spent on 

PDE. This amounts to a wage share of (83.3 h * 18.75 €) = 1,561.9 €, spent on manual 

PDE only. In return, the wage share in case II for automated PDE is (46 h * 18.75 €) = 

862.5 € for model A, 847.5 € for model B, and 806.25 € for model C. From a business 

perspective, savings of (1,561.9 € – 862.5 €) = 699.4 € in terms of wage costs for one 

employee would have been achieved in model A. The results for all models are summa-

rized in Table 9. 

All in all, the amount of savings ultimately depends on the total number of enriched prod-

ucts, the classifier’s prediction performance, and the time difference between classic man-

ual enrichment activities and human revision tasks (the less time needed for revision and 

correction, the better). It should be noted, though, that the main cost-saving effect is gen-

erated by the fact that the image classifier is implemented and used at all, meaning that 

further cost savings only marginally improve by progressive training.  

 

Table 9: Total savings of the PDE in proportion to the wage costs. 

Model 

Pro-rata personnel costs (in €) 

Total savings (in €) Case I (manual PDE) Case II (automate PDE) 

A 1,561.9 862.5 699.4 

B 1,561.9 847.5 714.4 

C 1,561.9 806.25 755.65 

 

For identification of the overall risk of the application, the classifier's total costs are com-

posed of actual and potential follow-up costs due to misclassifications. Here, classifica-

tion risks are merged with business-related performance indicators into one key figure. 
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This ratio is considered as the total risk of the application within the PIM context. Table 

10 presents the final results.  

Since all determined cost indicators have decreased, logically, the combination of these 

ratios must also show a downward trend over time. The results show that even with arti-

ficially added costs, which reflect the potential risk of undetected misclassifications in 

monetary terms, the procedure appears to be more cost-efficient than the classic manual 

PDE process. Thus, at least from the perspective of the PDE-related effort involved, the 

hypothesis has been confirmed. 

 

Table 10: Total risk assessment using classifier and business-related cost metrics (values 

rounded). 

Model 

Cost indicators for  

total risk assessment (in €) 

Cost comparison  

(in €) 

Classifier-

related (I) 

Business-

related (II) 

Combination 

of (I) and (II) 

Costs for  

manual PDE 

Cost advantage of 

automated PDE 

A 608 863 1,471 1,562 91 

B 568 848 1,416 1,562 146 

C 464 807 1,271 1,562 291 
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5 Discussion 

The results of the evaluation equally showed that with an increasing number of training 

examples, the overall performance of the image classifier was improved, and the costs 

related to necessary manual revision and correction tasks reduced. The experiment also 

revealed a cost deterioration of the classes jeans, shorts, and sneakers within model B. No 

further cost increase was observed in model C. Instead, the overall performance of the 

classes improved again. Therefore, this shift in costs is only considered to be of a tempo-

rary nature. 

An explanation for the confusion in model B is that in connection with the new images, 

product features were introduced for which the classifier was not trained due to the lack 

of training data. That would be in line with Walczak [117], who emphasizes that the train-

ing data must follow the same distribution as the test data. By adding more training ex-

amples in model C, however, these features were sufficiently covered, improving the 

classification performance after repeated training. 

Regarding the observed misclassifications, three different error types were identified: 

a) misclassifications due to a high degree of similarity between the products and the 

appearance of similar features,  

b) misclassifications due to factors, such as changes in perspective,  

c) misclassifications caused by the modeling. 

In connection with a), one can presume that with an increasing number of training exam-

ples, the classification performance improved even for critical classes that were otherwise 

often confused. The results point to a continuous improvement of the predictions. Never-

theless, it should be further investigated which specific features the image classifier is 

focusing on. According to Castelvecchi [17], neural networks act as a kind of black box, 

where it is not clear how the relevant features for training are selected and processed. One 

way to address this problem would be to run the neural network in the reverse direction 

and create a visual representation of what the system considers to be a reflection of the 

learned class [79]. In the case of fashion classification, such a technique could verify 

whether the classifier has learned on product-typical attributes or whether it has focused 

on other features unrelated to the product. 
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For case b), the network is expected to handle pose variations with a generally larger 

number of training examples as long as the training data sufficiently cover these. A more 

concrete solution to this problem is offered by Liu et al. [75], who use landmarks to define 

the locations and shapes of clothing items before the actual training. The structure of their 

neural network is divided into three strands, each of which considers global features, de-

termines landmarks, and predicts local attributes depending on these landmarks. By ana-

lyzing the local attributes in dependence on factors such as the location and the shape of 

the objects (or garments), misclassifications caused by pose variations are mitigated. 

The last case c) is the most critical aspect of the method within this paper. For the sake of 

simplicity, the classification process was tested in terms of a multi-class problem. How-

ever, as already mentioned in chapter 3.2, the multi-label classification would be the de-

sired method for an effective real-world application of image classification in the PIM. 

Because of that, a distinction must be made between product type (multi-class) and at-

tribute classification (multi-label) since both methods rely upon different modeling [67], 

[45].  

In this context, product type classification often applies as a preliminary stage or prefilter, 

on which the subsequent attribute classification is based [45]. Multi-class methods such 

as product type classification tend to achieve higher accuracy values as it is easier to 

differentiate between distinct product categories than between product attributes whose 

spectra often overlap and thus may be present in multiple product classes [45]. In con-

nection with the PIM application, however, there is no need for a product type classifica-

tion, since the images are drawn directly from the PIM. Therefore, it is clear to the clas-

sifier to which product class the image corresponds. The advantage with this is that the 

direct contribution of the product class might then positively influence the attribute se-

lection in the way described above. 

Regarding multi-label problems, different approaches have developed in the literature. In 

some papers, multi-label problems were treated as extensions of multi-class problems that 

do not consider any dependencies or relationships between labels [34]. Donati et al. [29], 

for example, used different computer vision and machine learning methods, depending 

on the level of complexity of the considered features. These methods range from simple 

image processing methods for attributes such as colors to deep learning methods for shape 

and material analysis. The problem here is that, although the classification tasks consid-

ered separately deliver good results, they cannot be efficiently realized above a certain 



43 

 

number of features, since too many models would need coordination [34]. Recent work 

in the context of multi-class [102], [34], as well as multi-label problems [52], [34], ad-

dresses the issue of integrating dependencies and hierarchies of features into the classifier 

from the outset to avoid the necessity of constructing multiple classifiers. 

Another problem of the application is that the classifier only selects the class with the 

highest probability, even if it is low and marginally higher than the probability of the 

second-best class. Such cases were particularly evident when confusion between similar 

classes like dresses, T-shirts, and skirts was too high during the classification process. A 

simple tool that could help avoid misclassifications in particularly difficult cases is the 

introduction of a threshold, similar to Ferreira et al. [34], where a probability limit is 

determined up to which the neural network is free to perform classifications on its own. 

If the probability of a class falls below this threshold, the process passes to a human de-

cision-maker for manual selection. This way, the risk of misclassifications might be 

avoided or at least reduced. Yet, the number of manual interventions would increase for 

the most critical cases, and likewise, the corresponding costs. 

While the confusion matrix provides information about the number of instances where 

human revision is required, the cost matrix additionally highlights the entrepreneurial risk 

that must be anticipated if human revision activities are faulty or completely neglected. 

Lower costs in this context mean a generally lower economic risk. It should be clear that 

the values calculated using the cost matrix are not real costs, but rather risk indicators. A 

major criticism that arises in this context is that fictitious values were the basis for the 

exemplary determination of the business-related costs. As a consequence, the results may 

not be as representative as desired. The entire calculation must, therefore, be carried out 

again based on real-world values to draw definitive conclusions.  

In practice, however, determining the essential cost factors can prove difficult, as many 

variables affect the business. Yet, the automated process's final effectiveness depends on 

the time spent on classic manual PDE activities per product and how large its margin is 

compared to the time required for human revision tasks. These issues vary significantly 

between companies and industries, as they depend on, among other things, the technical 

means used, how experienced or trained the employees are, but also on how many attrib-

utes per product typically need to be entered into the PIM system. 
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Criticism is also expressed in connection with the modeling, as it does not yet include any 

technical costs. Again, costs may vary in each case, as they depend on whether the system 

is manufactured in-house and operated on their own hardware or in conjunction with a 

cloud-based service. How often and how quickly retraining should occur and how often 

maintenance work needs to be carried out is also relevant. According to Studer et al. 

[109], local systems are generally limited in size and performance and often require ex-

tensive updating and maintenance.  Khan et al. [60], in turn, points out that significant 

problems of a deep learning-based application also include high computational costs and 

memory restrictions and that procedures in this area should not be implemented on ca-

pacity-limited systems since the application's performance could be impeded in this way.  

In contrast, cloud solutions nowadays offer enormous computing power, with the main 

problem being to guarantee stable connections between interconnected services. Accord-

ing to Breck et al. [13], the model staleness, which describes how robust a model is to 

environmental changes over time (e.g., a shift in the data set), must also be considered. 

They suggest to not only continuously monitor the classification performance of the al-

gorithm but also the computational power of the system, as this may provide information 

on existing problems or significant deviations. Yet, no clarity is reached on how the image 

classifier's technical implementation should be designed within the framework of PIM. 

However, a growing number of academic studies seem to deal with questions regarding 

the optimal deployment of neural networks. The topics of these studies range from en-

ergy-efficient [16] and serverless deployment of neural networks [114] to the use of de-

ployment tools such as Docker and AWS GreenGrass [63] and the implementation of 

modules via APIs [115], to name a few. Since a wide variety of PIM systems are on the 

market nowadays, future work should also examine PIM systems' general compatibility 

with different deployment technologies. These include, for example, Flask, Docker, 

GraphPipe, ONNX, or TensorFlow Serving [66]. 

Another point not addressed yet is where the training data should come from. According 

to Walczak [117], the choice of an adequately large training data set is of high relevance, 

especially since not only the gathering of the data set causes direct costs but also the 

performance of the network is influenced by the number of training data in terms of re-

quired computing time and capacity, which again results in indirect costs to consider. The 

results from the evaluation section are quite in line with Walczak's [117] statement. The 

analysis of the models' training duration demonstrated that model B needed less time in 
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total than model A, despite having twice as much training data. A better generalization 

performance and a faster achievement of low validation loss values by using more train-

ing examples might be the reason for this [8]. However, this effect did not repeat in model 

C. One might assume here that the training process exceeded some threshold and has 

become less effective. Meaning, that the higher the amount of training data from this point 

on, the less likely any additional data is to accelerate the convergence of the model. 

The exact amount of required training data can only be estimated at this point. According 

to Walczak [117], a general guideline is to use a minimum of four times the amount of 

weighted connections within the network, on the condition that the database sufficiently 

represents all relevant classes. In this study, the neural network is implemented into an 

already existing PIM system. That means that PIM entries and their images are available 

from which the neural network can draw for training purposes. The advantage is that the 

training data directly reflect the specific business of the retailer. In such a case, the image 

classification procedure would come close to the standardization process mentioned in 

chapter 2.3, as future predictions would only build on attributes that are already in use, 

thus avoiding additional data inconsistencies caused by manual PDE activities.  

On the other hand, this thesis assumed that the image classification procedure extracts the 

required images from an already existing PIM. However, this does not apply to cases 

where not enough training images are available within a company's PIM. If the image 

classification procedure is supposed to be used in such a context, an already prepared data 

set should be available for pretraining purposes. That, however, turns out to be a diffi-

culty. Meaning, it would be challenging to create a universal data set that covers individ-

ual companies' product features and classes sufficiently in one. Again, product attributes 

are traded differently depending on the company. Therefore, labels from the training data 

do not necessarily have to match the labels usually used by the retailers. 

However, this classifier's weakness may become a strength again if the retailer explicitly 

expresses the need for a standardized procedure. Like the classification systems eCl@ss, 

ETIM and UNSPSC mentioned in chapter 2.1, which are used in the context of PIM to 

standardize product categorization (i.e., the product family tree), it might be a solution to 

establish a similar framework for a uniform attribute classification system employed by 

an image classifier. According to this framework, training would then result in the clas-

sifier only generating outputs within a predetermined scope. As a benefit, the retailer 
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would no longer have to carry out any additional pretraining with its data, yet the proce-

dure could be employed directly. This procedure would be useful, for example, in cases 

where a new online shop is launched with the initial filling of product attributes being left 

entirely to the classifier in the sense of automated PDE. 

Finally, organizational consequences are to be considered as well regarding the applica-

tion. In this context, the question arises to what extent the procedure affects the organiza-

tion's structures and objectives. Fensel and Ding [33] describe the scope to which the 

problem of heterogeneous product and customer information complicates content man-

agement (in their case in business-to-business e-commerce). In this context, they also 

explain that the standardization of product descriptions is essential for customer commu-

nication and for customers to find the products they are looking for. Image classification 

might help to carry out or at least support this standardization process. Schindler et al. 

[102] confirm this. According to them, the fashion image classification they use serves 

the unification and enrichment of product data by standardizing product labels. Similarly, 

the image classification procedure in the PIM should also serve the standardization of 

product information and a higher quality of data. 

It has already been mentioned earlier that the question of responsibility is not to be an-

swered directly, as it depends on the structures and goals of an organization and the degree 

to which single departments or persons must deal with PDE issues. However, it is inevi-

table that to guarantee high data quality in connection with the procedure in the long term, 

the assignment of clear responsibilities and control routines must take place within the 

organization [47]. More precisely, setting clear responsibilities is a prerequisite for the 

introduction of standardized processes [87]. According to Abraham [1], PIM systems are 

often used by several departments of an organization simultaneously, so the need for a 

clear division of responsibilities is particularly high. He also proposed the integration of 

separate PIM teams into the organizational structure, whose members would deal exclu-

sively with the maintenance of PIM systems. In this context, it would be appropriate to 

leave the responsibilities for human revision activities to this team, since competencies 

and knowledge about the individual products and their characteristics are primarily nec-

essary. However, the question of responsibility for the technical design and maintenance 

of the classifier cannot be answered as quickly as this depends on the individual skills of 

the organizational members or on whether sufficient IT resources and expertise exist in 

the respective company. 
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The introduction of a new IT system is usually associated with organizational change. 

The extent to which innovations are accepted and used in the company can be roughly 

broken down into two levels, the individual and organizational level [37]. However, when 

it comes to the specific introduction of internal technologies, such as image classification 

in the PIM context, employee-focused measures such as training and coaching seem to 

be a good first choice for integrating the technology [101]. In summary, for a successful 

system introduction, comprehensive process management and change management are 

required, where the impact of the system on the company's activities and business pro-

cesses, as well as any consequences for individual employees and departments, are as-

sessed and taken into account [78].  

If all the points mentioned in the discussion are now taken up and evaluated in their en-

tirety, the underlying hypothesis that the use of AI-based image classification in the PIM 

generates time and cost-saving potentials can be answered – at least partially – with a 

"yes". Regarding the time expenditure for manual PDE activities, a saving potential of 

almost 50% has been demonstrated, based on the calculation example. The lower labor 

input also results in proportionately lower costs in terms of wages. However, the results 

have shown that the cost savings are primarily due to the use of the image classifier itself 

and that continuous retraining has resulted in steady improvements, yet they are signifi-

cantly smaller in scope. The image classification also entails economic risks in terms of 

occurring misclassifications, which could be mistakenly published. But even if the asso-

ciated risks are considered, the new process generally appears to be more beneficial in 

terms of cost savings than the traditional method. 

Various companies are meanwhile researching image classification for cataloging pur-

poses. Zalando, for example, uses image classification for image tagging to improve fash-

ion item encoding and retrieval [12]. Donati et al. [29], in turn, examined to what extent 

the process may be applied to handle the large number of products that are produced in 

the company each year. The classifier they used is a combination of various classification 

methods that are partly trained only to categorize company-specific product characteris-

tics such as logotypes. This thesis, however, deals with image classification in the specific 

context of PIM systems. It distinguishes from the just mentioned studies in a way that 

here the primary purpose is to get the product data ready for publication reasons and not 

just for internal use. Thus, the demand for the classification results is a different one. It 
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has already been pointed out how important the use of high-quality data is, i.e., complete 

and correct product information in the context of marketing activities.  

On the other hand, the overall assessment of the procedure has not yet been completed, 

as additional cost factors, particularly in connection with technical measures, are still 

open. That includes questions on the choice of hardware and software, whether the system 

landscape is built locally or via a cloud provider, how compatible the application is con-

cerning different PIM systems, and how the exact technical workflow is structured. After 

covering the technical issues, organizational questions on staff deployment and associated 

expenses should also be addressed. If the total costs for the creation, initialization, and 

maintenance of the classifier exceed the identified cost advantages by the time savings 

regarding the PDE, the application would not be any better than the traditional manual 

process. Under such circumstances, the image classifier's development and implementa-

tion would be without any additional economic value. Thus, it should be kept in mind that 

the use of the AI should not be for the sake of the new technology but should have a clear 

added value for the company and the processes within the company [77]. 

Overall, the process and its cost-saving potential seem very promising. Especially in con-

nection with the PDE, a lot of working time can be saved by replacing the manual tasks. 

The time gained could then be invested elsewhere in the organization, for example, in 

marketing or customer service to improve the online presence or customer experience. 

Thus, the final recommendation is to examine the unanswered questions in future studies 

to use the image classification procedure within the PIM profitably in the future. 
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6 Conclusion 

This thesis aims to investigate whether the use of AI-based image classification in PIM 

systems leads to any cost or efficiency advantages. The main objective of PIM systems is 

product data enrichment, which enhances product data for marketing purposes. In this 

connection, particular emphasis is placed upon the quality of the data as it is a crucial 

criterion for the success of online retailers. To meet the requirement of high information 

quality and to optimize the classifier’s performance in the long run, the human revision 

process was identified as a central controlling instrument. Besides, supplementary per-

formance indicators were determined to help to assess the performance of the classifier 

and its economic viability.  

The image classification implementation showed significant savings potential, specifi-

cally in the reduction of manual PDE tasks. In this respect, the evaluation revealed a de-

crease in time expenditure and costs of almost 50%. Nevertheless, the final assessment 

also showed several limitations regarding the modeling, missing technical and organiza-

tional costs, and explanations regarding the technical implementation of the whole pro-

cedure. Future studies must address the question of the total cost assessment of the pro-

cedure as well as the technical feasibility in this context. They must also analyze in detail 

to what extent extensive retraining efforts are necessary and worthwhile. Overall, how-

ever, the hypothesis was confirmed since the implementation of the image classification 

procedure can lead both to significant cost-saving potentials and efficiency advantages 

due to released labor.  

Since research on the topics of PIM systems and the management of AI-based misclas-

sifications in the business context are both only sparsely covered in the literature, this 

thesis contributes to the research of both issues equally. Nevertheless, future projects 

must still be conducted in the context of the points mentioned earlier before a final eval-

uation can be made. The results can be summarized as very promising, though. Further 

research in this context may prove rewarding for the future application of PIM systems 

and is therefore highly recommended. 
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V Appendices 

Table 11: Features and processes of PIM systems according to Abraham [1], p. 4 ff. 

Process Goals Core Features 

Collection  

 

The collection of product  

information, which is  

created and stored across 

the organization and  

beyond 

• Data import from multiple sources 

(e.g. ERP, procurement, product  

suppliers, data suppliers, media 

agencies) in various structured  

formats (e.g. Text, Excel, CSV, 

XML, BMECat, iDoc) 

• Mapping data to product attributes 

• Transformation of data if necessary 

(e.g. changing weight units) 

Consolidation 

 

Preventing multiple en-

tries, ensuring that each 

product is represented by 

only one instance 

• Cleaning, merging and consolidating 

product information 

• Often only partially supported by  

automated operations (e.g. if all  

organizational units use the same 

product identifiers) 

Enrichment 

 

Improving product data 

quality for customer- 

oriented purposes by  

adding additional infor-

mation to the products  

• Management of attributes supported 

by classification system  

• Creation of relationships between 

products (e.g. for cross-selling) 

• Adding media assets (e.g. photos, 

videos, manuals, CAD/CAM draw-

ings) 

• Automated data validation, verifica-

tion and version control 

• Data access control for security 

• Workflow control for efficient task 

allocation between users  

Distribution 

 

Delivering data once or in 

regular intervals for dif-

ferent publication chan-

nels 

• Export data to numerous channels 

(e.g. print, website, mobile apps,  

social media, marketplaces, email) 

in multiple formats (e.g. DOC, PDF, 

XML, HTML, CSV, Excel, FTP, 

web service) 
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Figure 12: Confusion matrix for run A (2,500), B (5,000), and C (10,000 training images). 
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