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Production of custom cakes in large-scale retail businesses poses a highly complicated 
issue. Demand patterns are difficult to predict because they depend on customer 
preferences, seasons, and promotional events. On the other hand, production is 
limited by factors including skilled personnel availability and dependencies in the 
supply chain. Therefore, static methods of capacity planning do not work in this 
situation, which means that the organization may lose some business or reduce the 
level of customer satisfaction. To address the identified problems, an artificial 
intelligence-based model is proposed here. The solution combines several aspects 
into a single framework, which evaluates incoming orders in relation to the available 
capacity and chooses the most efficient strategy in terms of profit. Thus, it is possible 
to determine how many orders each store should accept or reject based on current 
needs. The real-time nature of this solution will ensure high efficiency and allow the 
organization to maximize its revenue. Furthermore, there are benefits for customers 
because their orders can be fulfilled faster, which improves customer experience. 
While the proposed framework is contextualized within custom cake operations, its 
underlying principles are broadly applicable to any retail domain involving high-
variability, personalized production—including custom jewelry, specialty paint 
formulation, and designer apparel and accessories  

Index Terms: Retail optimization, demand forecasting, capacity planning, artificial 
intelligence, operations research, profit maximization, workforce allocation. 

 

I. Introduction 

As retail organizations continue to function in volatile business conditions, they are now working under conditions 

of volatile consumer demand, limited resource capacities, and increased demands for speedy deliveries. Of the 

various specialized functions undertaken by retail organizations, the process of custom cake manufacture is one area 

that presents special challenges since it involves personalized production processes, time-critical delivery, and 

extensive manual labor in a decentralized retail setting. 

Furthermore, the complexity in the process of custom cake production is made even more difficult by the use of 

skilled decorators, whose rate of output varies according to the level of difficulty in the design, the accuracy of their 

work, and how busy they are. Standardization of the production process cannot occur because the requirements of 

the customers are unique, depending on the style of decorations desired, the message inscribed, and any particular 

event. Nonetheless, the baked goods remain perishable, and there is a need to complete their production in strict 

adherence to deadlines.  

Recent advancements in artificial intelligence technology and digitization have facilitated an increase in the use of 

intelligent operational coordination tools that aid in making decisions in case of uncertain demand. Predictive 

technologies are now being employed by companies in the retail sector to analyze customer purchasing habits and 

demand patterns and optimize resource utilization among interconnected retail activities [1]. As for the bakery 

industry, advancements in Industry 4.0 technology have led to digitalization of production lines, thereby enhancing 

coordination in scheduling, forecasting, and operational tasks [8]. Variability in demand is among the largest 

obstacles faced when producing custom cakes, as the buying pattern is highly reliant on external factors like holidays, 

festivals, promotional activities, and consumer trends within the region. These fluctuations in demand are often non-

linear and quite hard to estimate through traditional forecasting processes that only consider average historical data. 
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In such a scenario, there may be too much production capability relative to demand in case the forecast is 

underestimating demand or vice versa when the forecast overestimates demand. This results in delayed order 

deliveries and wastage, hence affecting customer satisfaction levels. 

Apart from challenges relating to accurate forecasts, custom baking requires that efficient production sequences be 

designed in order to ensure that periods of production idle time are minimized and fulfillment is maintained despite 

several orders placed at the same time. Inefficient scheduling can easily be magnified across the bakery environment 

because production processes depend on each other based on the availability of decorators, equipment, and 

deliveries.  

Large-scale retail systems also increasingly incorporate digitally integrated operational infrastructures capable of 

synchronizing physical production environments with computational decision systems. The digitalization process in 

the sphere of food supply chains and bakeries allowed for greater responsiveness in terms of aligning inventory 

management, production scheduling, staffing, and execution processes.In such an environment, there is an 

increasing need for a system that is adaptive to its operations, which can be able to adjust to varying demands from 

customers as well as labor force limits, material supplies, and delivery obligations. With this in mind, dynamic 

capacity optimization using artificial intelligence technology comes out as an effective solution [1].  

 

Framework 

Component 
Primary Function Operational Contribution 

Demand Forecasting 

Module 
Predicts store-level order demand 

Improves production planning 

accuracy 

Capacity Modeling 

Module 

Evaluates workforce and 

production feasibility 

Supports realistic operational 

allocation 

Optimization Engine 
Determines slot allocation and 

order prioritization 

Maximizes profitability and 

fulfillment efficiency 

Execution Layer 
Coordinates production and 

fulfillment activities 

Enables operational 

synchronization 

Feedback Learning 

Loop 

Updates forecasting and 

optimization behavior 

Improves adaptive decision 

accuracy over time 

 

Table 1. Core Components of the AI-Driven Capacity Optimization Framework [1], [8], [9] 

II. PROBLEM FORMULATION 

A. Operational Setting 

Large-scale retail bakery systems operate through geographically distributed store networks that process highly 

variable customer orders under constrained operational conditions. Within custom cake production environments, 

each retail location functions as a semi-independent production unit with limited labor resources, finite ingredient 

inventories, and predefined production capabilities. Let the retail network consist of a set of stores S, where each 

store s∈S maintains a fixed number of cake decorators represented by Dₛ. These decorators are the main production 

resources that are constrained because decorating custom cakes involves specific manual processes, such as frosting, 

molding, finishing, and individual decorations. Unlike assembly line systems, which provide consistent output, 

decorator efficiency relies on the nature of the item that needs decoration as well as on the volume of work to be done. 

Each bakery has a set range of cakes that are designated C. The variety of items within this range includes birthday 

cakes, celebration cakes, wedding cakes, seasonal promotional cakes, and more luxurious custom-made items that 

require varying amounts of time to prepare and decorate. The complexity of operating such products varies 
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significantly because some types of cakes need elaborate decorating skills, take more preparation time, or use special 

ingredients that are not available in all outlets. 

The random behavior of customer demand in the context of retail bakeries is influenced by various elements that 

revolve around time, environment, and business. These elements include activities that take place seasonally, events 

that take place in the community, campaigns, climatic changes, and orders placed online, all of which contribute to 

creating changes in the order flow that are created through the course of operations, and inefficient use of resources. 

Moreover, because of the distribution characteristic of such networks, each store may have its own unique demand 

profile, labor pool characteristics, and consumer purchase behavior. Urban stores will likely face higher order density 

and shorter lead time requirements, whereas stores located in suburban and regional settings will have to contend 

with highly event-driven demand profiles. In light of the above considerations, it becomes critical that planning 

operations in custom cake manufacturing be done with synchronized planning at the facility level and the enterprise 

level [8]. 

B. Objective Function 

The operational objective of the proposed optimization framework is to maximize overall profitability while 

preserving fulfillment feasibility under constrained production conditions. Let O represent the set of incoming 

customer orders processed within the scheduling horizon. Each order i∈O is associated with a projected revenue 

value Ri and an operational cost Ci , where operational cost includes labor expenditure, ingredient utilization, 

production overhead, and scheduling-related resource consumption. A binary decision variable x i ∈ {0, 1} determines 

whether the order is accepted for production or rejected because of insufficient operational capacity. 

The optimization objective is expressed as: 

maxΠ = ∑ 

i ∈ O (Ri Ci) xi 

In times of high demand where the production capacity is constrained, those orders that can generate greater profits 

would take precedence. On the other hand, those orders that do not generate much profit but consume great amounts 

of production efforts would limit the efficiency of operations. 

The profitability of the customization process in bakeries is not solely limited to earning profits because dependability 

during order fulfillment greatly influences customer satisfaction and business reputation. Overbooking in the same 

way increases fulfillment delays and operational risks. Hence, an intelligent order acceptance system needs to 

continuously assess the relationship between demand pressure, workforce capacity, and fulfillment capability before 

booking production slots [14]. 

Whenever new orders are entered, the scheduler considers the new state of decorators, ingredient usage, and 

commitments.  

C. Constraints 

The feasibility of production within custom cake enterprises is constrained by various operational limitations linked 

to manpower availability, raw material access, and fulfillment deadline obligations. The major operational limitation 

is defined via the decorator capacity in terms of production. Assuming tᵢ is the time necessary to complete order κₛ 

and I is per-decorator efficiency within store s, the total production assignment should be kept within the scope of 

manpower available at the store: ∑i∈O ti xi ≤Ds⋅κs 

The constraint guarantees that accepted orders are operational and feasible based on the manpower available. 

Overallocation of manpower beyond its capability would create production lags, exhaustion of decorators, and poor 

product quality, especially when demand pressure is relatively high. In addition, decorator productivity varies since 

decorators have varied expertise and abilities in decorating cakes. 

Availability of ingredients is another operational constraint that arises from the fact that special-order cakes require 

fresh ingredients such as frosting, decorations, and dairy products, among others. Let Ac(i) be the availability of 
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ingredients for cake category c(i). It follows that to accept orders, the inventory feasibility condition should hold. xi 

Ac(i). 

Constraint Type Operational Impact Effect on Fulfillment 

Decorator Availability 
Restricts production 

throughput 
Delayed order completion 

Ingredient Availability Limits feasible cake production Increased rejection probability 

Time Window 

Requirements 

Imposes strict fulfillment 

deadlines 
Reduced scheduling flexibility 

Cake Complexity 

Variability 
Extends production duration Higher workforce dependency 

Demand Volatility 
Creates fluctuating production 

load 

Operational instability during peak 

periods 

Table 2. Major Constraints in Custom Cake Production Environments [4], [14], [16], [19] 

III. LIMITATIONS OF STATIC PLANNING APPROACHES 

The traditional approach to capacity planning in retail bakery operations is predominantly based on fixed operational 

considerations that tend to persist through the planning period. The existing approach tends to assign predetermined 

production schedules to individual stores, taking into account past sales trends, staffing requirements, and expected 

seasonality. Although this approach could be considered administratively convenient, it often fails to offer sufficient 

flexibility for coping with dynamic retail settings that feature unpredictable consumer demand and diverse order 

fulfillment scenarios. Custom cake manufacturing processes rely on the availability of decorators and coordinated 

ingredient delivery as well as timely order fulfillment. As a result, static scheduling schemes commonly lead to 

inefficient order fulfillment. A typical feature of static planning processes is a fixed slot allocation approach. 

According to this principle, each store is assigned a set quantity of production slots at a particular period, irrespective 

of varying circumstances and demands that may arise in the process. This method does not consider the non-linear 

nature of demand for bakery products in the retail sector. During certain instances when there is an increased 

demand for retail bakery products, there may be insufficient production slots for the stores located in high-demand 

urban areas. However, production slots will remain underutilized in low-demand stores.  

Another important issue arising from the limitations of static planning is the lack of ability to cope with intra-day 

changes. Manual intervention remains a recurring feature in static planning systems, where managers override 

scheduling decisions due to operational urgency, resulting in decision outcomes that depend heavily on individual 

judgment rather than coordinated system-level optimization. In many retail environments, forecasting activities are 

conducted independently from workforce scheduling and production feasibility evaluation. The forecast might 

predict high-order possibilities without factoring in the current decorators' availability, ingredient inventories, and 

the fulfillment capability constraints. In such instances, stores can continue taking customer orders despite having 

inadequate operational resources to complete the orders on time. On the other hand, restrictive reservation of 

productions might end up limiting the taking of orders despite the existence of excess workforce capacity. 

Localization further compromises the ability of static planning strategies to achieve optimal outcomes since retail 

stores do not necessarily work in unison but independently within a wider retail system. Decision-making about 

production scheduling takes place in individual retail outlets without regard for resource allocation in the enterprise 

or distribution among stores. This lack of coordination leads to uneven utilization across stores, where some outlets 

reject orders under overload conditions while nearby locations retain unused capacity.  Static planning systems also 

struggle with omnichannel demand variability arising from multiple ordering channels, each with different timing, 

fulfillment, and customization requirements [10]. Contemporary retail bakeries collect customer demands via 

different channels such as on-site purchases, mobile applications, online stores, and third-party delivery networks. 
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The customer demand emanating from the various channels manifests unique timings, delivery requirements, and 

customization expectations. Static planning systems that focus on relatively consistent on-site demand flows lack the 

capability of aligning these operational dynamics into one cohesive system. The continued growth in digital demand 

generation poses even more challenges with respect to demand synchronization in planning systems [10].  

Low capacity levels may occur when there is heavy demand on the production capacity, which will not be able to meet 

customer demand, resulting in loss of revenue and unhappy customers. However, high capacity levels may result in 

excess staffing, inefficiency in staff utilization, wastage of materials, and increased operational costs. Both conditions 

negatively affect profitability and operational efficiency due to the inability of static planning systems to adjust to 

dynamic changes in operational demand and resource availability.  

IV. PROPOSED AI-DRIVEN FRAMEWORK 

The suggested model consists of an artificial intelligence-based system that is designed to assist in the dynamic 

coordination of capacity in big retail bakeries. In contrast to traditional planning models that depend on fixed 

production assumptions and occasional adjustments by humans, the new model constantly monitors the operational 

status and adjusts production based on the changing business environment. This integration process is especially 

relevant in custom cake manufacturing plants because the operating conditions can be quite dynamic and change 

rapidly throughout the course of the day, depending on order size, decorator availability, and timely delivery needs.  

B. Demand Forecasting 

Demand forecasting within the proposed framework operates at fine-grained temporal and store-level resolutions 

using machine learning-enabled predictive models capable of identifying nonlinear purchasing behavior and evolving 

consumption patterns. Such signals can be represented by historical sales volume, seasonality, promotions, local 

festivities, weather, and customer interaction via individual distribution channels. In general, orders placed online 

include longer customized specifications as well as more advanced reservation practices, while orders made from 

within the physical store can be characterized by shorter lead times and high variation in terms of delivery 

expectations. As more data is made available, the predictive and time-series forecasting models are constantly 

revised. This continuous updating process enables the system to adjust to evolving customer behavior while reducing 

reliance on static historical patterns.  

C. Capacity Modeling 

The capacity modeling component analyzes the feasibility aspect by considering the capability of production as a 

dynamic function of workforce availability, skills of workers, product complexity, and scheduling requirements. In 

the context of customized bakeries, the capability of production cannot be modeled using total man-hours since the 

output level of decorators changes based on their skills and specialization. This ensures that production feasibility is 

assessed in a realistic operational context that reflects differences in workforce skills, task complexity, and time 

requirements.  

Every store will have a fixed number of decorators with varying productivity levels based on their technical skills and 

specialization in the cakes they can decorate. Complex cake designs involving advanced decoration techniques, 

personalized artistic elements, or premium finishing requirements typically require longer production durations and 

more experienced decorators. While regular celebration cakes will probably follow an expected production process 

flow chart, custom-made event cakes will need more manual effort in order to make them perfect. Labor rules, shifts, 

breaks, and time slots during which employees are available will all together decide on the flexibility of the operations 

at each store. Accordingly, capacity is treated as a dynamic operational variable shaped by workforce configuration, 

production complexity, and scheduling constraints rather than a fixed limit.  

E. Feedback Learning Loop 

A feedback-driven approach helps with adapting to changes by continuous assessment of forecast error rates, 

fulfillment success, and customer satisfaction measures. Another type of signal that can be used by the system for its 

improvement comes from the customers themselves. In a customized bakery, the quality of services is one of the most 

important objectives. Feedback that reflects the accuracy and reliability of order delivery and the quality of products 
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allows assessing the effects of scheduling choices on overall operational performance. Over time, this feedback 

mechanism reduces the mismatch between predicted demand and actual fulfillment outcomes, improving stability 

in operational performance under uncertainty.  

V. SYSTEM ARCHITECTURE 

The proposed capacity optimization technique using AI involves an architecture that is hierarchical in design, 

intending to foster scalability for coordination within the realm of networked retail bakeries. This architecture 

considers operational data, intelligence, optimization methods, and execution processes, which form part of 

computational resources capable of facilitating near real-time decision-making.The basic element of the architecture 

is the data layer, which combines operational data from several different sources in the form of business processes 

such as point-of-sale systems, ordering online systems, employee systems, inventory of ingredients, and supplier 

systems. Significant operational data are generated from the bakery retail operation, such as orders, production 

processes, usage of manpower, and available ingredients. The data layer also accounts for time-based factors that 

affect customer demand behavior. Occurrences such as seasonal events, local celebrations, weather changes, and 

promotional drives typically result in abrupt increases in order rates that influence production scheduling 

considerably. Consistent tracking and monitoring of such elements assist in enhancing awareness and encourage 

adaptive responses in case of ambiguity in customer demand. Omnichannel ordering environments further increase 

the importance of integrated data coordination because customer demand originates simultaneously from physical 

retail stores, mobile applications, e-commerce systems, and third-party delivery platforms [21].  

Operational raw data is often fraught with inconsistency, missing values, and unstructured data that cannot be used 

directly for training ML models. The processing stage converts heterogeneous operational inputs into structured 

forms that can facilitate forecasting and optimization operations. In this stage, time-based summarizations of order 

activity, classification of cake complexity, workforce usage normalizations, and extraction of operation metrics 

sensitive to demand are performed.  

The importance of feature engineering is particularly pronounced in relation to the bakery manufacturing industry, 

where the order dynamics exhibit a nonlinear trend based on external factors affecting operations. The preprocessing 

stage facilitates predictions of future changes in the behavior patterns of operations[16]. The AI module represents 

the prediction engine of the architecture and consists of models for forecasting, optimization algorithms, and learning 

mechanisms. The forecasting models constantly assess past purchase history and relevant demand factors to 

formulate actionable predictions that can assist with staffing decisions and production planning. Unlike traditional 

predictive systems that rely heavily on historical data, intelligent forecasting algorithms adjust the predictive 

relationship based on new operational behavior [19]. 

The AI layer is also equipped with optimization algorithms whose primary role is that of balancing demand 

expectation with production capacity. In doing so, optimization algorithms consider such factors as employee 

availability, decorator expertise, time required for production, ingredient limitations, and profits. The ability to 

conduct dynamic optimizations allows for the consistent re-evaluation of scheduling priorities based on emerging 

circumstances, making it more possible to effectively use the available resources and deliver products. This becomes 

critical in the case of a bakery because localized disruptions may quickly affect overall operations [14]. 

The decision layer converts predictive intelligence and optimization results into actionable instructions for 

operations. It decides which production slots will be used, who should decorate the orders, whether to accept the 

orders, and how to prioritize the fulfillment process based on the prevailing conditions in operations. Instead of 

depending on fixed production schedules, the decision layer constantly changes its policies of allocating resources 

based on anticipated demand and employee usage rates. The decision layer is also able to coordinate the entire 

organization in its geographically distributed stores. Stores that face higher levels of demand intensity may have to 

temporarily adjust their priorities and even reallocate production capacity available at their disposal. The execution 

layer can be seen as the operational implementation layer where decision-making processes result in production and 

fulfillment actions. These layers work together to coordinate decorator assignment, production sequence, ingredient 

assignment, packaging activities, and customer fulfillment. Given the nature of custom cakes that are time-intensive, 

such systems need to operate with real-time awareness of changing operational conditions. For example, changes in 
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ingredient availability, worker unavailability, and high-demand situations may require a reallocation of production 

priorities. Therefore, such systems need to operate with fast and seamless connectivity between operational and 

predictive decision processes [8]. The last element in the architecture would be feedback, which facilitates ongoing 

learning and refinement operations by means of analysis of forecast accuracy, fulfillments, and customer satisfaction 

metrics. Feedback obtained through operation after completion of the production cycle is continuously integrated 

into forecasting and optimization processes to enhance the performance of such processes and their reliability. All of 

them combined constitute operational information that can be used for system adjustments [9].  

VI. EXPERIMENTAL AND BUSINESS IMPLICATIONS 

The inclusion of artificial intelligence in the optimization of dynamic capacity in large retail bakeries will definitely 

bring numerous advantages for the organization in several aspects, such as forecasting, coordination, proper 

utilization of the labor force, and delivering customers' orders. The optimization of dynamic capacity always adapts 

its decision-making process to the varying conditions regarding the demand situation and resource limitations, 

compared to the optimization of static capacity, which relies on pre-arranged scheduling decisions. One of the many 

impacts of intelligent capacity optimization is generating maximum profit through adaptive order allocations. In 

instances where demand is relatively higher, normal bakery systems may have to turn down customer requests as a 

result of filling up the production slots very early due to static policies of slot assignment. By assigning dynamic slots 

for production allocation, bakeries are able to allocate production facilities more efficiently based on profitability, 

realizability, and staffing availability. As such, a large number of profitable customer orders can be taken without 

disturbing production stability. 

Operational advantages also apply to labor efficiency and ingredient usage. Effective scheduling systems continuously 

assess the equilibrium between the work of decorators, production timing, and inventory management in their bid to 

prevent production bottlenecks and downtime. Given that baked goods contain highly perishable materials and need 

immediate processing, effective integration between forecasting and production implementation significantly 

increases efficiencies [16]. 

Consumers now demand personalized shopping experiences, along with predictable delivery times and high-quality 

products. Advanced optimization processes enhance the accuracy of scheduling and operational transparency, hence 

enabling more efficient customer interaction and product fulfillment. These efficiencies promote customer 

confidence and positively influence brand perception in retail markets [19]. The scalability factor of the framework 

under discussion is another factor that would promote enterprise-wide standardization in operations for any 

geographically dispersed retail network. Effective coordination processes reduce the dependency on human 

intervention but still enable tracking of workers’ working conditions, resource utilization, and customer behavior.  

Operational 

Dimension 

Conventional Static 

Planning 

AI-Driven Dynamic 

Optimization 
Enterprise Impact 

Demand 

Handling 

Fixed production 

allocation regardless of 

demand variability 

Adaptive slot allocation 

based on real-time 

demand forecasting 

Improved order 

acceptance during peak 

periods 

Workforce 

Utilization 

Uniform labor allocation 

with idle intervals 

Dynamic decorator 

scheduling according to 

workload intensity 

Higher operational 

efficiency and reduced 

labor imbalance 

Production 

Scheduling 

Predefined production 

sequencing 

Continuous recalibration 

of production priorities 

Reduced scheduling 

congestion and improved 

fulfillment continuity 
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Ingredient 

Management 

Reactive inventory usage 

based on historical 

averages 

Forecast-informed 

ingredient coordination 

Reduced waste 

generation and improved 

inventory utilization 

Customer 

Fulfillment 

Increased cancellation 

risk during demand 

surges 

Dynamic feasibility 

evaluation and adaptive 

scheduling 

Improved fulfillment 

reliability and customer 

satisfaction 

Decision 

Coordination 

Localized manual 

intervention 

Enterprise-wide 

intelligent operational 

visibility 

Standardized decision 

consistency across 

distributed stores 

Scalability 

Operational rigidity 

under network 

expansion 

Adaptive coordination 

across large-scale retail 

environments 

Enhanced support for 

distributed retail growth 

 

Table 3. Business and Operational Implications of AI-Driven Capacity Optimization [1], [14], [16], 

[19] 

VII. IMPLEMENTATION CONSIDERATIONS 

Despite the operational advantages associated with intelligent capacity optimization, implementation within large-

scale retail bakery environments introduces several technical and organizational challenges associated with system 

integration, computational responsiveness, localized adaptation, and human-system coordination. Successful 

deployment, therefore, depends not only on forecasting accuracy and optimization capability but also on the ability 

to integrate predictive intelligence effectively within existing retail operational infrastructures. 

One of the key obstacles to implementation is the integration of heterogeneous operational systems such as the point-

of-sale system, workforce management system, supply chain coordination system, and online ordering system. To 

integrate these disparate systems into a common decision environment, there must be consistency in data format, 

communications interfaces, and operational synchronization. The problem of integration may cause problems with 

forecast visibility and the inability of optimization software to align operations [1]. 

Decision-making agility is another important aspect of implementation since the situation in bakeries changes every 

moment during production. Any sudden changes in demand or other factors can lead to the need for replanning the 

production process and allocating orders. Consequently, optimization systems must support low-latency 

computational processing capable of generating operational recommendations without introducing scheduling 

delays. It is equally important that local operational adaptation continues to take place since there is an evident 

difference in the behavior of consumer demands among different retail locations, store formats, and demographic 

settings. Local stores can witness high frequency in online orders and quicker order fulfillment requirements, while 

the regional stores may witness a pattern in purchase demand due to events. Rigid centralized scheduling policies 

may reduce operational effectiveness if store-specific demand characteristics are not adequately incorporated into 

forecasting and production planning mechanisms [8]. 

Human interaction with the system is an added factor contributing to successful implementation, as bakeries still 

largely rely on expertise and coordination among their workers. The store managers and production managers often 

have important information about customer expectations, worker capabilities, and environmental conditions that 

cannot be captured in algorithms. Consequently, intelligent systems must provide operational transparency and 

interpretable decision support to encourage organizational trust and adoption. Excessive dependence on opaque 

automated recommendations may generate resistance among operational personnel responsible for execution and 

fulfillment activities [19]. 

Failure of the system, poor forecasting practices, delayed communication, or sudden production interruptions could 

have a detrimental effect on order completion if contingency factors are not built into the system’s operational 
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framework. It follows that intelligent bakery systems must allow for contingency operations and recalibrations to 

ensure continued operations under uncertain production situations.  

Implementation 

Area 
Operational Challenge Strategic Requirement 

Data Integration 
Fragmented operational systems 

and inconsistent data streams 

Unified enterprise-wide data 

coordination infrastructure 

Real-Time Processing 
Requirement for low-latency 

scheduling and forecasting updates 

High-speed computational and 

communication capability 

Workforce 

Coordination 

Variable decorator productivity and 

scheduling complexity 

Adaptive workforce-aware 

optimization mechanisms 

Localized Demand 

Variation 

Different purchasing behaviors 

across retail locations 

Store-level forecasting 

customization 

Human-System 

Interaction 

Resistance toward automated 

operational decisions 

Transparent and interpretable 

recommendation systems 

Omnichannel 

Synchronization 

Simultaneous demand from 

physical and digital channels 

Integrated fulfillment and 

scheduling coordination 

Operational Resilience 
Forecasting deviations and 

unexpected production disruptions 

Continuous monitoring and 

fallback operational mechanisms 

Scalability 
Expansion across geographically 

distributed stores 

Flexible and modular architectural 

design 

 

Table 4. Key Implementation Considerations for AI-Driven Retail Bakery Systems [1], [8], [9], [19] 

CONCLUSION 

Custom cake operations highlight a broader category of retail optimization challenges where unpredictable demand, 

constrained resources, and elevated customer expectations converge. The simplicity involved in static planning 

approaches comes with limitations as far as the ability to accommodate change is concerned. It leads to inefficiencies, 

idle capacities, or a shortfall in customer satisfaction, thereby hindering profitability and customer satisfaction. 

Innovative strategies that are possible due to the concept of artificial intelligence act as a solution to the problem that 

is associated with the inefficiency of static strategies. Beyond bakery operations, the framework's core principles 

extend naturally to other retail customization domains such as bespoke jewelry production, custom paint mixing 

services, and made-to-order designer apparel and luxury accessories—any environment where personalized 

fulfillment intersects with constrained resources and unpredictable demand. With demand forecasting, dynamic 

capacity management, and profitability scheduling, the firms will be able to achieve high profitability, efficiency, and 

enhanced customer experience. The innovative strategies go beyond bakery production in that they cover catering, 

specialty food production, and personalized manufacturing in the retail industry. The use of innovative strategies in 

production helps firms stay efficient in spite of changes since they incorporate sustainability and the requirements of 

the customers. Given that experience-based operations will define the future of the retail sector, the strategies are 

essential in making operations efficient.  

REFERENCES  

[1] Haque et al., “Artificial Intelligence in Retail Marketing: Research Agenda Based on Bibliometric Reflection 

and Content Analysis (2000–2023),” Informatics, vol. 11, no. 4, article 74, Oct. 2024.  

https://www.mdpi.com/2227-9709/11/4/74 

https://www.mdpi.com/2227-9709/11/4/74


Journal of Information Systems Engineering and Management 
2026, 11(3s) 

e-ISSN: 2468-4376 

  

https://www.jisem-journal.com/ Research Article 

 

 

 

 1979 

 
Copyright © 2026 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative Commons Attribution 

License which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited. 

 

[2] R. Herding and L. Mönch, “A rolling horizon planning approach for short-term demand supply matching,” 

Central European Journal of Operations Research, vol. 32, pp. 865–896, 2024. 

https://link.springer.com/article/10.1007/s10100-023-00891-z 

[3] M. Babor et al., “Optimization of No-Wait Flowshop Scheduling Problem in Bakery Production with Modified 

PSO, NEH and SA,” Processes, vol. 9, no. 11, article 2044, Nov. 2021.  https://www.mdpi.com/2227-

9717/9/11/2044 

[4] N. Hübner et al., “Machine-learning-based demand forecasting against food waste: Life cycle environmental 

impacts and benefits of a bakery case study,” Journal of Industrial Ecology, vol. 28, pp. 1117–1131, Jul. 2024. 

https://link.springer.com/article/10.1111/jiec.13528 

[5] P. Maheshwari, et al., “Digital twin-driven real-time planning, monitoring, and controlling in food supply 

chains,” Technological Forecasting and Social Change, vol. 195, article 122799, Aug. 2023.  

https://pdf.sciencedirectassets.com/271733/1-s2.0-S0040162523X00080/1-s2.0-

S0040162523004845/mainext.pdf 

[6] V. G. Avula, “Predictive Intelligence in Retail Operations: AI-powered Forecasting Models for Demand 

Planning, Customer Behavior Analysis, and Supply Chain Optimization,” World Journal of Advanced 

Engineering Technology and Sciences, vol. 4, no. 1, pp. 1–9, Aug. 2021.  

https://papers.ssrn.com/sol3/papers.cfm?abstract_id=5344379 

[7] K. A. R. Pereira, “The Importance of Artificial Intelligence in the Food Industry: Discovering How AI Can Be 

Applied to Improve Food Production and Processing,” IRE Journals, vol. 5, no. 7, Jan. 2022.  

https://www.irejournals.com/formatedpaper/1710243.pdf 

[8] M. Babor, O. et al. “Modeling and optimization of bakery production scheduling to minimize makespan and 

oven idle time,” Scientific Reports, vol. 13, article 235, Jan. 2023.  https://www.nature.com/articles/s41598-

022-26866-9 

[9] V. Zatsu et al., “Revolutionizing the food industry: The transformative power of artificial intelligence—a 

review,” Food Chemistry: X, vol. 24, article 101867, Dec. 2024  

https://pmc.ncbi.nlm.nih.gov/articles/PMC11488428/ 

[10] M. Fries and T. Ludwig, “‘Why are the Sales Forecasts so low?’ Socio-Technical Challenges of Using Machine 

Learning for Forecasting Sales in a Bakery,” Computer Supported Cooperative Work (CSCW), vol. 33, pp. 

253–293, 2024. https://link.springer.com/article/10.1007/s10606-022-09458-z 

[11] S. T. Shynu, R. Regin, and S. Rajest, “Design and Development of an Online Bakery Website for Enhanced 

Customer Experience,” Central Asian Journal of Mathematical Theory and Computer Sciences, vol. 5, no. 5, 

pp. 507–520, Nov. 2024. https://cajmtcs.casjournal.org/index.php/CAJMTCS/article/view/686 

[12] F. D. Weber, “State-of-the-art and adoption of artificial intelligence in retailing,” Digital Policy, Regulation 

and Governance, vol. 21, no. 3, pp. 264–279, Jul. 2019.   https://www.emerald.com/dprg/article-

abstract/21/3/264/90063/State-of-the-art-and-adoption-of-artificial 

[13] M. Addanki, P. Patra, and P. Kandra, “Recent advances and applications of artificial intelligence and related 

technologies in the food industry,” Applied Food Research, vol. 2, no. 2, article 100126, Dec. 2022. 

https://www.sciencedirect.com/science/article/pii/S2772502222000865 

 

https://link.springer.com/article/10.1007/s10100-023-00891-z
https://www.mdpi.com/2227-9717/9/11/2044
https://www.mdpi.com/2227-9717/9/11/2044
https://link.springer.com/article/10.1111/jiec.13528
https://pdf.sciencedirectassets.com/271733/1-s2.0-S0040162523X00080/1-s2.0-S0040162523004845/mainext.pdf
https://pdf.sciencedirectassets.com/271733/1-s2.0-S0040162523X00080/1-s2.0-S0040162523004845/mainext.pdf
https://papers.ssrn.com/sol3/papers.cfm?abstract_id=5344379
https://www.irejournals.com/formatedpaper/1710243.pdf
https://www.nature.com/articles/s41598-022-26866-9
https://www.nature.com/articles/s41598-022-26866-9
https://pmc.ncbi.nlm.nih.gov/articles/PMC11488428/
https://link.springer.com/article/10.1007/s10606-022-09458-z
https://cajmtcs.casjournal.org/index.php/CAJMTCS/article/view/686
https://www.emerald.com/dprg/article-abstract/21/3/264/90063/State-of-the-art-and-adoption-of-artificial
https://www.emerald.com/dprg/article-abstract/21/3/264/90063/State-of-the-art-and-adoption-of-artificial
https://www.sciencedirect.com/science/article/pii/S2772502222000865

