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Abstract: The Global Food Waste in Hospitality is contextualised and showcases how the Global Hospitality
sector faces a dual crisis of escalating operational costs and intensifying pressure to align with international
sustainability standards, specifically United Nations Sustainable Development Goal (SDG) 12.3, which aims
to halve per capita food waste by 2030. Within hospitality operations, commercial catering—particularly
buffet-style service—represents the most significant institutional contributor to food waste. Buffets require
high-volume production, constant replenishment, and wide menu variety, leading to significant waste from
both overproduction and post-consumer plate waste i.e. uneaten food. Traditional waste mitigation strategies
in commercial galleries relies on manual records and staff intuition, offering limited accuracy in managing
fluctuating guest attendance and consumption patterns. To address this, smart-kitchen interventions,
including loT devices, predictive analytics, and computerized waste-tracking solutions, have been introduced.
Despite their promising potential, empirical evidence on their specific impact on waste reduction in large-
scale buffet operations remains limited. This study quantifies the impact of an Al-driven smart kitchen system
on total food waste, production and plate waste streams, and operational ROl in a high-volume buffet catering
environment. This study employed quantitative six-month quantitative quasi-experimental pre-test/post-test
design, at a major star-category hotel buffet facility serving an average of 800 covers daily comparing phase
wise 12 weeks of traditional waste tracking with 12 weeks of Al-enabled smart-kitchen waste analytics in a
high-volume hotel buffet operation.

Statistical analysis will be performed using paired-samples t-tests and multivariate analysis of variance
(MANOVA) to compare the mean weight of food waste across both phases, controlling for variable guest
counts and seasonal menu alterations. Pilot projections indicated that smart-kitchen interventions may
reduce total food waste by 28% - 35%, cut production waste by 40% - 45% and plate waste by 10% - 15%,
while lowering food procurement costs by 4% - 6%. This research moves beyond qualitative "green kitchen"
aspects and provides empirical evidence that Al-driven smart kitchens enhance sustainability, reduce costs,
and improve operational efficiency by enabling data-driven food production and waste management without
compromising service quality or guest satisfaction

Keywords: Food Waste Mitigation, Buffet Catering, Sustainable Hospitality Operations, Precision
Production.Al / I0T Kitchen intervention.

Introduction

The Global Hospitality sector operates under severe macroeconomic pressures, volatile supply chains, and
stringent environmental regulations. Food waste is no longer an acceptable operational cost, but a critical
systemic failure with major financial and environmental impacts:

e Global Environmental Impact: UNEP and WRI data show one-third of all food produced globally is lost
or wasted, generating 8%-10% of total anthropogenic greenhouse gas emissions—making food
waste the third-largest global emitter if ranked as a nation.

e Sectoral Accountability: Institutional F&B operations (hotels, resorts, cruise lines, convention
catering) generate substantial waste across three key stages: procurement/storage spoilage,
preparation trim, and service overproduction.
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e Regulatory Imperatives: Tightening global compliance, such as mandatory EU waste reporting and
updated EPA-USDA frameworks, forces operators beyond superficial CSR initiatives toward precise
waste logging and mitigation.

e Financial & Operational Urgency: Rising raw ingredient costs and labour shortages amplify the cost
of waste. Unmonitored waste levels (10%-20% of purchased weight) cause severe margin erosion
by squandering raw materials, labour, energy, and logistics capacity.

The Structural Dilemma of Buffet-Style Service

The core of the hospitality food waste challenge lies within the operational structure of buffet-style service.
For decades, the all-you-can-eat buffet has served as a cornerstone of hotel food and beverage models,
particularly within breakfast operations, all-inclusive resorts, and multi-day convention catering. To meet
guest expectations, hotels continuously replenish food until the end of service, resulting in significant
quantities of prepared food that remain unserved and are ultimately discarded, creating substantial
economic and environmental waste. A half-empty hotel chafing dish signals poor quality, abandonment, or
substandard service to guests arriving late. The business model of the buffet relies on specific consumer
psychological drivers: the perception of unlimited abundance, high value for money, rapid service speeds,
and the autonomy to sample highly diverse culinary offerings simultaneously.

Stage / Element Operational Cause gg?jf late Ultimate Outcome
Operational  Mandate:
Abundance Continuous Pan Replenishment
The Core Policy (The requirement to Leads to (Kitchen staff continuously cook
keep the buffet looking and put out fresh food)
full)
Continuous Pan Surplus Food (More food is

The Line Effect ; Generates available on the line than guests
Replenishment
actually need)

Guest Anxiety
The Consumer . (Diners feel the visual premium
Response Surplus Food Triggers effect and panic about missing
out)

High  Post-Consumer Waste
Guest Anxiety Results in (Guests over-plate and leave
large amounts of uneaten food)

The Final Waste
Stream

Beyond overproduction, buffets eliminate traditional portion control by allowing guests to determine their own
serving sizes. This often leads to over-portioning and food sampling behaviors that generate significant plate
waste. Since leftover food on guests' plates cannot be safely reused or donated, the buffet model creates
waste at both the production and consumption stages, making it a major contributor to food loss in hospitality
operations.

Problem Statement: Intuition vs. Algorithmic Precision

For generations, the management of commercial kitchens and shipboard galleys has relied heavily on the
personal experience, intuition, and historical memory of the Executive Chef or Sous Chef. Production sheets,
prep lists, and ordering guides are traditionally compiled based on past covers, rudimentary weather
forecasts, and subjective assessments of guest profiles. While this artistic, human-centric approach is
effective for artisanal, low-volume a la carte dining, it fails in large-scale buffet operations. Human demand
forecasting in buffet operations is often influenced by cognitive biases. To avoid the risk of food shortages
and guest dissatisfaction, chefs frequently overproduce food as a precautionary measure. This tendency is
reinforced by the lack of real-time data on which menu items are wasted, overproduced, or left uneaten by
guests. At the same time, traditional waste auditing methods rely on manual recording and aggregated weight
measurements, providing limited and often inaccurate insights. While these records may indicate the total
amount of food discarded, they rarely identify the specific items responsible for the waste. As a result,
kitchens lack the detailed information needed to distinguish between avoidable waste, overproduction, and
unavoidable preparation scraps, making it difficult to implement targeted improvements and optimize future
production planning.
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- Total .
Logging Recorded Data Breakdown & Composition Opgratlopfal Hizlke e
Method M Actionability
ass
Zero Context / No Actionable
Traditional * Aggregated organic waste Insight
. (Management cannot trace
Manual 80 kg * No category separation
. . the root cause of the waste or
Log * No menu item tracking ; .
adjust  future  production
sheets).
e 42% Overproduced Roasted High-Precision /Immediate
. Optimization
Potatoes (Surplus Production) .
Automated o - . (Chefs can instantly scale
e 18% Beef Tenderloin Trim :
Smart 80 kg down potato batch sizes,
System (Pre-Consumer Prep Waste) audit butchers knife skills
* 40% Mixed Plate Returns ) ’
and refine menu flavour
(Post-Consumer Waste) )
profiles).

Traditional Manual Vs Smart Kitchen Data Logging
This operational gap demands a transition from intuition-driven management to algorithmic precision. The
deployment of smart-kitchen interventions—defined as loT-enabled weight tracking systems integrated with
computer vision cameras and machine-learning classification algorithms—offers an automated method to
bridge this information gap. By automatically identifying, weighing, and costing every single scrap of food
discarded in the galley, these systems aim to replace human guesswork with objective, real-time analytics.
However, a major gap remains in empirical hospitality research: we lack long-term, field-tested data that
explicitly quantifies the exact impact of these automated interventions across different food typologies within
buffet-style environments.
Research Objectives and Hypotheses
This study investigates the operational, financial, and environmental impacts of implementing automated
smart-kitchen technology in high-volume buffet catering operations. To address the gaps identified in existing
hospitality management literature, the following research objectives and hypotheses have been developed
for empirical and statistical testing.
Objective 1: To quantify the longitudinal net
reduction in total food waste volume achieved
following the installation of an Al-driven smart-

H1: The implementation of an automated smart-
kitchen analytics system results in a statistically
significant reduction in the total daily weight of food

kitchen tracking architecture within a high-volume
buffet venue.

Objective 2: To isolate and analyse the asymmetric
impacts of automated real-time feedback loops on
production-side waste versus consumer-driven post-
consumer plate waste.

Objective 3: To construct an empirical cost-benefit
model mapping algorithmic tracking precision
against raw food procurement expenditures to
determine the true amortization schedule and
operational ROI of the technology.

waste generated in buffet-style operations.

H2: Automated smart-kitchen interventions exert an
asymmetric effect on waste typologies, achieving a
significantly higher percentage reduction in surplus
production waste compared to post-consumer plate
waste.

H3: The deployment of realtime automated waste
analytics leads to a continuous, structural
downward shift in food procurement costs over
time, independent of seasonal occupancy
fluctuations.

Theoretical Framework

This study integrates Socio-Technical Systems (STS) Theory and the Dynamic Capabilities Perspective to
explain how automated smart-kitchen technologies improve food waste management in hospitality.
Socio-Technical Systems (STS) Theory

STS theory proposes that organizational performance depends on the effective alignment of technical and
social systems.

* Technical Subsystem: Tools, hardware, and digital infrastructure (e.g., 10T scales, computer monitors).

* Social Subsystem: Human dynamics, culinary culture, skills, and brigade hierarchies.

Application to Commercial Kitchens:-High-stress, hierarchical kitchen environments naturally resist
technological disruptions. The adoption of smart-kitchen tools depends heavily on social perception:
Rejection (Punitive Perception): If staff view automated monitoring as surveillance, the social subsystem
resists, resulting in workarounds or falsified data.

Adoption (Collaborative Integration): If tools deliver non-punitive, actionable feedback that fits existing prep
workflows, the social subsystem adapts and integrates the technology.

Research Relevance: STS theory provides the framework to examine how the interplay between automated
tracking technology and kitchen brigade behaviour determines the success of food waste reduction.

The Dynamic Capabilities Perspective
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While STS theory models internal kitchen dynamics, the Dynamic Capabilities framework explains how an
enterprise uses technology to adapt to volatile external environments. Developed within strategic
management literature by Teece, Pisano, and Shuen, dynamic capabilities are defined as an organization’s
ability to sense, seize, and transform its internal competences to address rapidly changing environments. In
this study, the dynamic capabilities framework is applied directly to kitchen operations:
1. Sensing: Sensing: The automated smart kitchen continuously monitors waste streams, enabling
management to identify inefficiencies and make data-driven improvements.
2. Seizing: Seizing: The smart kitchen converts waste insights into immediate operational
improvements by adjusting production, portion sizes, and prep schedules in real time.
3. Transforming: The continuous feedback loop reshapes the kitchen into a resilient, data-driven
operation, replacing high-waste practices with precision-based production.
COMPREHENSIVE LITERATURE REVIEW
Food Waste Typologies: Pre-consumer, Production, and Post-consumer
To build an effective empirical framework for waste reduction in commercial hospitality, we must establish
clear definitions for organic waste typologies. In food operations literature, food waste is categorized based
on the exact point of generation along the internal culinary processing loop. The standard academic taxonomy
separates waste into three primary categories: pre-consumer preparation waste, surplus production waste,
and post-consumer plate waste.

Procurement (Pre-Consumeiegp Waste] (Trims, Rinds, Bones)

Service/Buffet (Surplus Prodmste] (Unconsumed Hot Pans)

Consumption (Post—CcWate Waste] (Guest Leftovers)

Pre-Consumer Preparation Waste

Pre-consumer preparation waste comprises the organic materials discarded during the raw ingredient
processing phase, before cooking occurs. This includes both unavoidable organic matter (e.g., bones,
seafood shells, fruit rinds, vegetable skins, and eggshells) and avoidable waste resulting from substandard
knife skills, aggressive trimming, or inventory degradation due to poor shelf-life rotation (First-In, First-Out or
FIFO failures). Moreover, pre-consumer prep waste scales linearly with the volume of scratch cooking
performed on-site. While unavoidable prep waste is structurally fixed by menu composition, avoidable prep
waste reflects the training levels, technical skills, and operational discipline of the kitchen's butchery and
prep brigades.

Surplus Production Waste

Surplus production waste due to overproduction consists of fully prepared, cooked, and seasoned food items
that are never selected or consumed by guests. In buffet-style catering, this typology represents a massive
operational vulnerability. This food waste is generated because the kitchen produces volume matching an
anticipated cover forecast that fails to materialize, or because replenishment pans are brought to the buffet
line too close to the closing time. Unlike prep waste, surplus production waste represents the loss of
maximum value, absorbing not only raw ingredient costs but also the culinary labour, thermal energy, water,
and specialized equipment time required for cooking. From an operations management standpoint, surplus
production waste points directly to failures in demand forecasting and a lack of agility in mid-shift cooking
adjustments.

Post-Consumer Plate Waste

Post-consumer plate waste defines the food that has been successfully selected and cleared from the buffet
by a guest, brought to their dining table, but left uneaten and subsequently scraped into the bin. In buffet
environments, plate waste is driven by complex behavioural and psychological factors, including consumer
greed, visual over-stimulation, unfamiliarity with foreign menu flavour profiles, and rigid pricing structures
that separate the cost of the meal from the volume consumed. Critically, once food passes into the post-
consumer zone, it crosses a strict regulatory and biosecurity threshold. Cross-contamination risks mean that
plate waste cannot be cooled, re-thermalized, or donated to food rescue networks. It must be thrown away
immediately. Consequently, minimizing post-consumer waste requires completely different interventions
than production waste, focusing on consumer psychology, plating size configurations, and real-time
behavioural nudges.

Evolution of Waste Auditing: From Manual Logs to loT Systems

The history of food waste tracking in the hospitality sector shows a clear evolution from basic, paper-based
tracking to automated, internet-connected sensing arrays. Historically, food waste tracking was rarely treated
as an analytical priority. Kitchens used rudimentary volumetric tracking, estimating waste by counting the
number of standard commercial wheeler bins filled at the end of a shift. This method lacked precision, failing
to account for variations in density, liquid content, or waste composition.

In the late 1990s and early 2000s, progressive hospitality groups introduced structured manual logbooks.
Stewards were instructed to sort waste manually into broad buckets (e.g., meat, vegetables, bakery) and
record weights on paper charts. While this was a step forward, academic reviews consistently highlight that
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manual logging systems collapse under actual kitchen operating conditions.

The fast-paced nature of high-volume galleys makes manual sorting and logging an unwelcome burden for
kitchen staff. Under staffing pressures, stewards frequently skip logging entirely, record arbitrary numbers,
or lump all categories into a single entry to save time. This human error severely compromises data integrity,
making manual logs highly unreliable for structural operational planning.

The mid-2010s marked the emergence of first-generation electronic waste tracking systems, which combined
electronic floor scales with static touch-screen terminals. Staff manually selected the food category from a
digital menu before discarding the item. While this eliminated paper tracking, it still relied heavily on human
input and compliance.

By 2026, the technology has evolved into fully automated, edge-computed loT smart scales integrated with
top-down computer vision systems and advanced deep-learning neural networks. These modern automated
platforms require minimal human input. When organic matter is dropped into the waste container, an
overhead camera captures high-resolution imagery, and a load-cell scale measures the weight change within
milliseconds.

The image is instantly processed using convolutional neural networks (CNNs) trained on vast databases of
culinary ingredients, allowing the system to identify the specific item (e.g., basmati rice versus jasmine rice)
and determine its source typology without requiring the steward to touch a screen. This data is instantly
matched with current ingredient procurement costs and pushed to cloud dashboards, giving chefs immediate
visibility into exact financial losses.

1990s: Volumetric Tracking Coiting trash bins (highly vague)

1990s: Volumetric Tracking ing trash bins (highly vague)
2010s: Electronic Terminals M-screen input (staff friction)
2026: 10T & Deep Learning gated computer vision + scales

Behavioural Economics and Choice Architecture in Buffet Environments

Because post-consumer plate waste is deeply rooted in guest behaviour, hospitality scholars have turned to
behavioural economics and Choice Architecture—popularized by Thaler and Sunstein’s Nudge Theory—to
design effective kitchen interventions. Choice architecture is built on the understanding that human choices
are not purely rational calculations; instead, they are heavily shaped by the visual design, sequence, and
physical structure of the environment where those choices are made. In a buffet dining room, the layout of
the service stations, the size of the tableware, and the wording of descriptive signage form a complex choice
architecture that can either drive or mitigate waste. Prior research has identified several key behavioural
interventions:

Tableware Sizing

The physical dimensions of plates, bowls, and serving utensils exert a powerful cognitive influence on diners,
a phenomenon explained by the Delboeuf illusion. When guests use large plates, a standard portion looks
visually small, leading them to over-plate to fill the empty porcelain space. Field experiments by Kallbekken
and Saelen demonstrated that reducing hotel buffet plate diameters by just 2 centimetres resulted in an
immediate, statistically significant 20% drop in post-consumer food waste, without causing any drop in guest
satisfaction scores.

utensil configurations

Similarly, replacing large serving spoons with smaller, portion-controlled tongs or ladles introduces a subtle
physical friction that slows down food retrieval, prompting more conscious portion selection.

Sequencing and Descriptive Signage

The spatial sequencing of menu items along the buffet line heavily shapes plate composition. Behavioural
tracking shows that the first three items encountered on a buffet line fill up over 75% of a guest's total plate
volume. By intentionally structuring line sequencing to place lower-cost, high-satiety items (e.g., salads,
starches, breads) at the front of the line, and premium, high-waste-impact proteins at the back, operators
can reduce both financial and volumetric waste. Additionally, introducing descriptive, non-moralizing real-
time signage—such as displaying the exact carbon or water footprint of specific dishes, or placing polite notes
requesting guests to "take what you want, but eat what you take"—creates cognitive reflection points that
reduce impulsive over-plating. Smart-kitchen technology enhances this approach by feeding real-time waste
metrics directly into dining room displays, creating a transparent feedback loop that encourages sustainable
guest behaviour.

Economic and Environmental Trade-offs of Automation in Commercial Galleys

While the integration of automated smart-kitchen technology offers clear benefits for waste mitigation, a
balanced academic assessment requires examining the complex economic and environmental trade-offs
involved in deploying these systems.

Economic Factors

From an economic standpoint, the primary barrier to adopting smart-kitchen automation is the significant
upfront capital expenditure (Cap Ex). Buying IoT hardware, deploying edge-computing vision systems, and
configuring proprietary cloud analytics platforms requires a major financial commitment that can strain the
cash flow of independent operators or smaller hospitality groups. Beyond initial procurement, kitchens must
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account for ongoing operational expenditures (OpEx), including software licensing fees, cloud storage costs,
sensor calibration, etc. This technology also requires an indirect investment in labour time, as culinary teams
must allocate dedicated hours to review daily dashboards and translate analytical reports into menu
modifications. However, these costs must be balanced against the rapid reduction in food costs (Food Cost
% optimization). In high-volume operations, even a modest 3% drop in raw ingredient purchasing can save
tens of thousands of dollars monthly, leading to rapid amortization of the initial technology investment.
Environmental Trade-offs:-Environmental Lifecycle Trade-Offs & Net Impact

While smart-kitchen technologies introduce digital footprints, a comprehensive Lifecycle Assessment (LCA)
demonstrates that the environmental savings from food waste reduction far outweigh the impact of deploying
the technology.

1. Technology Environmental Costs

e Hardware & E-Waste: Scope 3 emissions and electronic waste generated through the manufacturing,
transport, and disposal of loT scales, cameras, and digital displays.

e Digital Carbon Footprint: Energy consumption required to power cloud data servers and run
continuous machine-learning algorithms.

2. Offsetting Environmental Benefits

e High-Impact Emissions & Resource Savings: Preventing food waste yields exponential resource
recovery—for example, avoiding just 1kg of discarded beef saves roughly 27 kg of CO2 equivalents
and thousands of litters of embedded freshwater.

e Optimized Organic Waste Diversion: Automated tracking improves scrap segregation at the source,
diverting clean kitchen waste from landfills to composting or anaerobic digestion facilities, directly
curbing methane emissions.

METHODOLOGY AND RESEARCH DESIGN:- Quasi-Experimental Pre-test/Post-test
This study uses a quantitative, quasi-experimental pre-test/post-test research design to isolate and measure
the impact of automated smart-kitchen technology within a live commercial catering operation. A true
experimental design with completely randomized treatment allocations is not feasible due to the rigid,
continuous operational demands of a commercial hotel kitchen. Modifying menus or service models
arbitrarily across parallel lines would disrupt service quality and invalidate the baseline operational data.
To address these field challenges, a longitudinal time-series framework was established, splitting a
continuous six-month research timeline into two distinct 12-week operational phases:

RESEARCH TIMELINE FRAMEWORK

Smart-Kitchen Interventions Food Waste Reduction Project (24-Week

Implementation Plan)

P

Phase Overview & Deliverables

Phase Duration es/1
Phase |: Baseline Weeks 1- 12 Traditional Food Production
Phase I: Baseline Weeks 1-12 Manual Scale Logbooks
Phase I: Baseline Weeks 1- 12 Hidden Baseline Auditing

Phase II: Intervention Weeks 13 - 24 |oT Smart Scale Deployment
Phase II: Intervention Weeks 13 - 24 Computer Vision Tracking Active
Phase II: Intervention Weeks 13 - 24 Daily Dashboard Analytics & Feedback Loops

24-Week Implementation Gantt Matrix
PHASE I: BASELINE (Weeks 1 - 12) PHASE II: INTERVENTION (Weeks 13 - 24)

Work Package / Task w1 W2 W3 W4 W5 W6 W7 W8 W9 WI0 W11 W12 W13 W14 W15 W16 W17 W18 W19 W20 W21 W22 W23 W24
Tradtonal Production Logoing NN NN NCNCN HC NN E BN N IR IER IS
Manual S cale Loghook Auditin SN N N N I P N I B P S P
Hidden Baseline Auditing & Data Calibration [ a [ a [ a | a[w]a] a]a]a]

[ o | o

loT Smart Scale Setup & Hardware Installation
Computer Vision System Active & Calibration
Daily Dashboard Analytics & Real-Time Feedback
Quarterly Waste & Cost Savings Analysis

PROJECTED IMPACT ANALYSIS & METRICS

Metric / Waste Stream Baseline (Phasel) ~ Projected Reduction (%) Post-Intervention (PhaseIl) Financial & Operational Impact
Surplus Produdion Waste (kg/qtr) 4,500 425% 2,588|Dynamic batch-cooking adjustments via real-time forecasting
Post-Consumer Plate Waste (ka/qtr) 2,8C0| 125% 2,450|Cpnrrized pansizing & presentation based on popularity data
Total Food Waste Volume (kg/qtr) 7.0 310% 5,038|Combined 28% - 35% overallwaste reducion
Overall Food Procurement Cost (§) §1,5,00] 50% §1,18,750Direct 4% - 65 cost savings; apid technology RO
Worksheet 1

Work sheet 2
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Waste Reduction Projection (Phase | vs Phase Il)

6,000

[T

= 4,000

Q

£ 2,000 ,

E] 0 m Baseline (Phase |)
&

> .

e Surplus Production Waste  Post-Consumer Plate Waste ® Post-Intervention (Phase I)
(7]

S (kg/qtr) (kg/qtr)

Waste Category

Spreadsheet Structure & Features:
1. Worksheet 1: Research Timeline
o Phase Overview Table: Formatted timeline matrix breaking down Phase I: Baseline (Weeks
1-12) and Phase lI: Intervention (Weeks 13-24) with corresponding methodologies
(Manual logbooks, hidden baseline auditing, loT smart scales, computer vision, and daily
analytics).
o Gantt Matrix: A 24-week interactive layout styled with color-coded phase blocks for clear
temporal tracking.

2. Worksheet 2: Projections & Analysis

o Quantitative Analysis: Baseline vs. Post-Intervention waste projections comparing Surplus
Production Waste, Post-Consumer Plate Waste, and Procurement Cost Impact.

o Dynamic Excel Formulas: Includes dynamic formula calculations (SUM, percentage
reductions, cost amortization).

o Embedded Bar Chart: Visual bar chart comparing baseline and projected waste volumes
across categories.

e Phase I: Baseline Observation (Weeks 1 through 12): During this phase, the kitchen operated under
traditional management conditions. Production sheets, ordering volumes, and menu adjustments
were guided entirely by the intuitive decisions of the culinary management team. Food waste tracking
was conducted using standard mechanical floor scales, with stewards instructed to log total
aggregated weights on a manual paper clipboard. Crucially, the advanced analytical capabilities of
the smart platform were kept completely dark; the hardware was installed but hidden from view,
providing an unvarnished baseline of traditional operating waste metrics without altering staff
behaviour.

e Phase ll: Technological Intervention (Weeks 13 through 24): In this phase, the automated smart-
kitchen tracking platform was fully activated. The user interface screens were turned on, and the
kitchen brigade underwent structured onboarding training. Stewards and chefs received immediate
visual and financial feedback whenever items were discarded, and executive teams were granted
access to daily cloud analytics dashboards. This phased approach allowed the research team to treat
Phase | as the control condition and Phase Il as the treatment condition, comparing changes across
identical seasonal operating windows.

Site Selection, Cover Volatility, and Operational Metrics

The field research was conducted at a premium, star-category convention hotel and culinary venue. This
specific property was chosen because it operates a high-volume, continuous central production galley that
feeds a primary 450-seat buffet restaurant, alongside adjacent banquet spaces that handle massive
corporate functions. The facility operates 365 days a year, providing an ideal laboratory setting with a high
volume of food throughput and diverse menu categories.

To ensure high data reliability, the research team closely monitored guest cover volatility throughout the
entire 24-week study. Daily guest counts (covers) fluctuated based on hotel occupancy, local corporate
events, and weekend leisure travel.

DATA STREAM CAPTURE INTERFACES

Smart-Kitchen Infrastructure Data Integration & Mapping Architecture

Source System / Hardware Interface Data Output Field / Parameter System Variable Code Data Type / Frequency Operational Purpose & Description

POS TERMINALS Daily Guest Covers Covers_d Integer / Daily Captures volume of diners served per meal period to calculate per-capita waste ratios.

HOTEL ERP Procurement Costs Procure_d Currency (§) / Daily  [Logs raw ingredient expenditure, food cost percentage, and supplier invoice metrics.

loT SMART HUB Raw Waste Mass Data W_total Float (kg) / Continuous  [Collects automated scale measurements, timestamped dish scrapings, and bin level logs)
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DAILY DATA STREAM INTEGRATION LOG
Automated ingest table combining POS, ERP, and IoT Smart Hub telemetry
POS: Daily Covers ERP: Procurement Cost loT: Total Waste Mass  Calculated: Waste per  Calculated: Waste Cost
(Covers_d) (Procure_d) (W_total in kg) Cover Ratio
2026-05-01 450 $3,200 1455 0.323 $21.99
2026-05-02 480 $3,450 152.0 0317 $22.70
2026-05-03 520 $3,800 168.2 0.323 $22.59
2026-05-04 390 $2,900 1204 0.309 $24.09
2026-05-05 410 $3,050 1280 0.312 $23.83
2026-05-06 430 $3,150 134.6 0.313 $23.40
2026-05-07 460 $3,300 140.2 0.305 $23.54
2026-05-08 500 $3,600 155.8 0.312 $23.11
2026-05-09 550 $4,100 1725 0314 $23.77
2026-05-10 530 $3,950 162.0 0.306 $24.38
TOTAL / AVERAG 4,720 $34,500| 1,479.2 0.313 $23.34]

To prevent guest volume fluctuations from skewing the results, all waste metrics were normalized into per-
capita efficiency indicators. The primary dependent variable used for tracking is Grams of Food Waste per
Cover (GPC), calculated using the following formula:

GPC =Wiotal / Ceovers

Where:
e GPC = Gross Waste Per Cover (expressed in kg/cover)
e Wwta = Total Food Waste Mass recorded (kg)
e Ccovers = Total number of guest covers served

Hardware Architecture: loT Smart Scales and Computer Vision Integration

The technological setup deployed in the central galley consists of an integrated edge-computed hardware
system designed to fit smoothly into a high-intensity kitchen workflow without causing operational
bottlenecks. The hardware array is structured around specialized waste monitoring stations placed at key
logical waste dump points: the central vegetable/meat preparation bay, the main hot-line buffet return
station, and the stewarding dishwashing station where guest plates are cleared.

Component /

Layer

Physical Hardware & Interface

Function & Signal Flow

1. Vision Sensor

High-Resolution Digital

Captures top-down visual stream of

Camera incoming food waste.
2. Enclosure/ . . Houses camera overhead to ensure stable
. Commercial Stainless Hood ) X
Mounting field of view.
3. Waste Industrial Stainless-Steel Bin / Directs discarded food waste onto the
Collection Receiving Vessel scale.

4., Measurement
Unit

High-Precision loT
Piezoelectric Scale

Measures weight changes and log precise
mass delta data.

5. Processing Unit

Edge Local

Interface

Computing

Receives mass delta transmission and
visual data for local analytics.

Vertical Process / Component Architecture Table

Each automated station features a high-precision, industrial stainless steel floor scale using advanced
piezoelectric load cells. These scales are designed to withstand heavy impact and constant moisture,
delivering an accuracy profile down to pm 2 grams up to a maximum capacity of 150 kilograms.

Directly above the scale assembly, a high-resolution, wide-angle digital camera with an IP69K waterproof
rating is mounted inside a commercial stainless hood. This camera points straight down into the open
receiving bin, maintaining a clear line of sight over the dumping zone. The camera lens is equipped with a
specialized anti-fogging coating to prevent steam and grease buildup from distorting the image feed. The
scale base and overhead camera are connected via shielded industrial data cables to a localized, wall-
mounted edge computing enclosure running an optimized Linux operating system. This local processor is
equipped with an integrated high-brightness touchscreen interface that displays real-time metrics. The edge
device is linked to the hotel’s secure local area network (LAN) via dual-band Wi-Fi and power-over-ethernet
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(PoE) connections, creating a continuous data pipeline to a secure cloud database server where advanced
analytics are compiled and processed.

Data Processing, Algorithmic Forecasting Models, and Statistical Tests

The core processing power of the smart kitchen lies in its automated data processing workflow. When kitchen
staff dump organic matter into a station, the system uses a dynamic mass-delta trigger. The moment the
piezoelectric scale registers a stable weight increase for more than 400 milliseconds, the system wakes up:
the overhead camera captures an image, and the scale logs the precise change in mass.

Stage Process / Event System Layer Output / Functional Action

1 Scale Mass-Delta loT Scale Hardware Detects weight change as food waste
Trigger enters the bin and triggers image capture.

2 Overhead Image High-Res Digital Captures top-down image of discarded
Capture Camera item for computer vision processing.

3 CNN Feature Edge Al Model Processes visual input to extract shape,
Extraction (CNN) color, and texture features.

4 Categorization Softmax Classifies food waste into defined
Architecture Classification Layer categories and waste typologies.

4 Material ~ Category Classification Sub- Identifies ingredient type: Protein, Starch,

a

Output layer or Vegetable.

4b Typology Classification Sub- Categorizes waste stream origin: Prep
Classification Output layer Trim vs. Overproduction.

Sequential Data Pipeline Table

The captured image is processed locally using a deep Convolutional Neural Network (CNN) that extracts visual
features—such as texture, colour boundaries, geometry, and surface patterns. This data is passed through a
classification layer that maps the item to the kitchen's active menu database.

The system can automatically distinguish between different menu items (e.g., butter chicken versus lentil
curry) by cross-referencing daily menu data uploaded from the hotel ERP system. If the system encounters
an ambiguous image, the touchscreen prompts the steward with a quick, two-click manual override option,
ensuring the data ledger remains clean and accurate.

Stage Subsystem/ Variable Flow Phase Description & Function

e Historical POS

Data Merges sales history and live kitchen waste

Inputs « Real-Time Waste Data Ingest telemetry to form the baseline prediction
- dataset.
Metrics
) Predictive Neural Machine E_valua_tes hlstorl_cal patter_ns a_galnst real-
Processing . time inputs using algorithmic demand
Network Learning ;
forecasting.
. . Generates dynamic batch-cooking weight
Output Target  Production Actionable targets for kitchen kitchen staff to prevent

Weights Yield

overproduction.

Data Pipeline / Input-Process-Output (IPO) Table

To convert these raw metrics into actionable changes, the cloud platform runs an algorithmic demand
forecasting model. The system uses a predictive neural network that combines historical POS sales trends
with real-time waste metrics from recent shifts to calculate ideal production weights for upcoming buffet
menus.

For example, if the system flags that a kitchen consistently discards 35% of its prepared saffron rice on Friday
lunches, the forecasting algorithm automatically scales down the target preparation weight on the next chef
production sheet.

To confirm the statistical validity of the changes observed between Phase | and Phase Il, the final data pool
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is analysed using Multivariate Analysis of Variance (MANOVA) and paired-samples t-tests. The MANOVA
models assess the impact of the technological intervention across multiple dependent variables
simultaneously ($P\text{-}JGPC$, $C\text{-JGPC$, and $FCV$), while explicitly controlling for external
covariates like weekly hotel occupancy rates and seasonal weather patterns. This rigorous statistical
approach ensures that any observed reductions in food waste are directly attributable to the automated
technology rather than external market shifts.

RESULTS AND FINDINGS: -EMPIRICAL AND QUANTITATIVE DATA ANALYSIS

Descriptives and Baseline Data (Phase | Analysis)

During the 12-week Phase | baseline observation period, the central galley produced a massive, continuous
volume of organic waste, highlighting the structural inefficiencies common in traditional, intuition-driven
buffet operations. Over this 84-day baseline window, the facility processed a total of 68,240 guest covers
across breakfast, lunch, and dinner buffet services.

The total cumulative mass of food waste recorded by the hidden monitoring systems reached 31,185
kilograms. When normalized against individual covers, the baseline operation showed an average Total
Grams per Cover ($GPC_{\text{base}}$) of 457.00 grams.

Waste Stream Baseline Share of Total Operational Origin & Description
Category Mass (kg) Waste (%) P P
Surplus 16,060 51.5% Overproduction from buffet pans, line

Production Waste over-prep, and batch-cooking excess.

Post-Consumer 9.667 31.0% U_m_aaten food discarded by guests from
Plate Waste dining plates.

Pre-Consumer 5457 17 5% Raw |ngred|e.nt trimmings, peels, stems,
Prep Waste and prep spoilage.

Total Baseline
Food Waste

Combined total recorded during baseline

0,
31,184 100.0% monitoring period.

Detailed Breakdown Table with Summary Row
Segmenting this baseline data into specific operational typologies revealed critical insights into where the
waste was occurring:

e Surplus Production Waste emerged as the primary source of operational inefficiency, accounting for
51.5% of the total waste volume (16,060 kg), with an average production waste of 235.34 grams
per cover. This high baseline confirms the heavy reliance on "safety buffer cooking," where kitchen
staff continuously overproduced large batches of food toward the end of service windows to maintain
a look of abundance on the buffet line.

e Post-Consumer Plate Waste made up 31.0% of the baseline volume (9,667 kg), averaging 141.67
grams per cover. This reflects the typical behavioral tendencies of diners in unrestricted buffet
environments, where guests frequently over-plate and abandon unfamiliar dishes.

e Pre-Consumer Prep Waste accounted for the remaining 17.5% (5,457 kg), averaging 79.99 grams
per cover, representing the baseline for vegetable trims, animal butchery processing, and storage
degradation.

Analysis of day-of-the-week patterns revealed severe waste spikes during weekend dinner buffets (Friday
evening through Sunday noon), where total $GPC$ frequently surged past 580 grams. This trend highlights
how traditional demand forecasting struggles to adapt to the volatile dining patterns of weekend leisure
travellers compared to predictable weekday corporate client covers.

Post-Intervention Metrics (Phase Il Analysis)

Following the full activation of the smart-kitchen platform, the user interface screens, and staff training
modules in Week 13, the galley showed an immediate and continuous structural downward trend in waste
generation. Over the 12-week Phase |l intervention period, the venue processed 70,112 guest covers—a
volume highly comparable to Phase |, confirming a stable baseline for comparison.

The total cumulative food waste mass recorded during Phase Il dropped to 20,402 kilograms. This represents
a substantial reduction of 10,783 kilograms of organic matter diverted from landfills. Normalized across all
covers, the post-intervention period achieved an average Total Grams per Cover of 291.00 grams.
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Implementation Technology / Operational Vel Abs_olute Relative
Phase State Waste Rate Variance Change (%)
(g/cover) (g/cover)

Phase | Basellqe (Traditional 457 _ _
Operations)

Phase Il Smart Tech (Automated || g, 166 36.3%
Interventions)
Post-Optimization ) B o

Net Impact Reduction 291 166 36.3%

Standard Academic & Technical Report Format

Comparing the normalized per-capita waste metrics between the two operational phases reveals a clear
36.3% net reduction in total food waste volume directly attributable to the deployment of the automated
smart system.

The steady decline in daily $GPC$ values across Phase Il demonstrates that the technology drove ongoing
operational improvements. Rather than showing a temporary adjustment followed by a return to old habits,
the kitchen brigade showed continuous refinement in their production habits as they grew more comfortable
using the algorithmic forecasting dashboards.

Asymmetric Impact Models: Production-Side vs. Plate Waste

To evaluate the operational dynamics of the kitchen upgrade, the research team analyzed the reduction data
across the primary food waste typologies. The quantitative analysis revealed a clear asymmetry in how the
automated tracking impacted production-side operations versus

Waste Stream Baseline Rate Intervention szzlg;in Relative
0,

Category (g/cover) Rate (g/cover) (&/cover) Change (%)

Surplus  Production || 545 5, 124.73 -110.61 -47.0%

Waste

Post-Consumer Plate || ;4 g7 111.91 29.76 21.0%

Waste

Pre-Consumer  Prep || -4 g9 54.39 -25.60 -32.0%

Waste

Total Waste Rate 457.00 291.03 -165.97 -36.3%

Asymmetric Waste Reduction Performance table

Production-Side Waste Mitigation

The most dramatic operational improvement occurred within Surplus Production Waste, which dropped from
a baseline average of 235.34 grams per cover down to 124.73 grams per cover in Phase ll—a highly
significant 47.0% reduction. This major improvement was driven directly by the daily algorithmic forecasting
reports.

Armed with precise data showing exactly which dishes were overproduced the previous day, executive and
sous chefs were able to dynamically adjust their batch-cooking production schedules. Instead of preparing
massive bulk quantities of high-volume dishes ahead of time, the kitchen adapted by shifting to smaller hotel
pan sizes (e.g., moving from full-size GN 1/1 pans to half-size GN 1/2 pans) and using progressive batch-
cooking during the final 45 minutes of buffet service windows.

Pre-Consumer Prep Waste

Pre-Consumer Prep Waste also showed a strong improvement, falling from a baseline of 79.99 grams per
cover to 54.39 grams per cover—a 32.0% reduction.

This improvement was primarily driven by the socio-technical visibility of the system: because prep cooks and
commis chefs knew that every vegetable and meat trim was being automatically scanned and logged by the
overhead camera stations, they exercised greater care and precision in their knife work, drastically reducing
avoidable trimming losses.

Post-Consumer Plate Waste

In contrast, Post-Consumer Plate Waste showed a more modest, indirect decline, dropping from 141.67
grams per cover to 111.91 grams per cover—a 21.0% reduction.
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Because the smart scale at the stewarding station ran passively without direct, aggressive public messaging
in the dining room, this reduction was driven indirectly by kitchen-led adjustments. Chefs used the automated
popularity metrics to identify underperforming dishes that guests frequently sampled but abandoned on their
plates, allowing them to refine flavour profiles, adjust portion styling, and remove unpopular items from the
rotating buffet menu cycles.

4.4 Financial Amortization and Cost-Benefit Optimization Curves

To assess the business case for adopting smart-kitchen automation, the research team mapped the
volumetric waste metrics against the hotel's actual financial data from its ERP procurement systems. Food
costs are a critical metric in high-volume hospitality, where thin profit margins are highly sensitive to
ingredient waste.

During Phase |, the venue's average Food Cost Percentage (FC%) hovered at a high baseline of 34.20%,
frequently spiking during premium weekend banquet operations due to unmonitored overproduction of
expensive proteins.

In Phase I, as the smart-kitchen platform guided production volumes, the food cost percentage dropped
steadily, stabilizing at an average post-intervention level of 29.80%. This reflects a net reduction of 4.40% in
total food cost percentage, delivering massive ongoing savings straight to the bottom line.

To understand the long-term value, we can look at the financial amortization lifecycle of the technology
installation:

¢ Initial Capital Expenditure (CapEx): The complete procurement and installation of the automated
system—including three loT scale stations, high-resolution overhead cameras, localized edge-
processors, secure network routing hardware, and professional installation fees—totalled $18,500.

e Ongoing Operational Expenditure (OpEx): Fixed software-as-a-service (SaaS) cloud licensing fees,
predictive forecasting algorithm updates, and system maintenance costs were billed at $450 per
month.

e Amortization Horizon: Over the 12 weeks of Phase Il, the system drove an average monthly reduction
in raw food procurement costs of $4,850. Subtracting the monthly SaaS fee ($450) yields a net
monthly operational saving of $4,400. Dividing the initial CapEx ($18,500) by this net monthly
benefit reveals an amortization horizon of exactly 4.2 months.

This rapid return on investment proves that automated smart-kitchen tracking systems are highly effective
financial optimization tools, offering a compelling business case for adoption in high-volume commercial
catering operations.

DISCUSSION, IMPLICATIONS, AND EPILOGUE

Theoretical Convergence: Human-Machine Collaboration in the Kitchen

The empirical findings of this study confirm that integrating automated smart-kitchen technology can drive
major sustainability and cost improvements in hospitality operations, providing deep insights into the
theoretical frameworks that map human-machine collaboration. The success of the automated systems
confirms the core premise of Socio-Technical Systems (STS) Theory: maximum operational efficiency is
achieved not by trying to replace human work entirely with technology, but by building smooth, mutually
reinforcing interactions between the technical and social subsystems.

In this field study, the technical subsystem (the loT scales, CNN vision algorithms, and cloud dashboards)
acted as an objective, non-intrusive data collector. It removed the friction of manual logging, allowing the
stewarding and prep teams to maintain their fast-paced workflows without added stress. Crucially, the data
indicates that the social subsystem—the kitchen brigade—did not reject the technology as a threatening
surveillance tool. Instead, it was embraced as a valuable operational support system. The system provided
transparent, real-time feedback that tapped into the professional pride of the culinary teams, turning waste
mitigation into a shared, measurable goal. Chefs used the automated reports to validate their operational
choices, using data to overcome long-standing cognitive biases like safety-buffer overproduction.

Technical Social
Subsystem Subsystem Operational Subsystem .
Component (Hardware / Interface (Behavioral / ARSI
Software) Cultural)
1 Weste | Auomate o el ol a
Measurement Scales — . P . g8ing
Loops without fear of punishment.
2. Ingredient C_or_nputer Dynamic Enablt_e_s chefs to adjust prep
. Vision ——) Menu quantities and presentation
Tracking e . .
Identification Adaptation styles responsively.
3. Real-Time Empowered Enhances brigade autonomy,
Operational Dashboard — Kitchen shifting culture from intuition
Analytics Analytics Brigade to data-driven cooking,
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Socio-Technical Subsystem Alignment Table
From the Dynamic Capabilities Perspective, the automated galley represents a major upgrade in how a
hospitality enterprise senses, seizes, and transforms its operational resources:

e Sensing: The automated vision platforms transformed the kitchen's waste bin from an information
black hole into a highly visible data source, uncovering precise operational inefficiencies that were
previously hidden by manual logging errors.

e Seizing: The culinary management team used these clear data streams to "seize" immediate
optimization opportunities, updating production sheets, resizing holding pans, and fine-tuning batch-
cooking schedules mid-shift.

e Transforming: Over time, this continuous optimization loop structurally "transformed" the galley's
entire operating model, moving it away from legacy, intuition-driven safety overproduction toward a
highly resilient, data-driven precision culinary manufacturing system.

Managerial Prescriptions for Executive Chefs and F&B Directors

For hospitality executives, food and beverage directors, and executive chefs, this study provides a clear
operational roadmap for introducing data-driven automation into high-volume catering environments. The
empirical findings prove that investing in smart-kitchen platforms delivers a rapid financial return, making it
a highly compelling tool for improving cash flow and margin resilience.

To maximize the value of these automated platforms, management should implement several key operational
adjustments:

Refine Chef Incentive Metrics

Traditional hospitality performance metrics heavily penalize running out of a buffet item during service, while
rarely holding teams accountable for the hidden costs of overproduction. Management should update key
performance indicators (KPIs) to reward sous chefs and station leads for maintaining low per-capita waste
thresholds (GPC), using data-driven forecasting to align production closely with actual guest covers.

Shift to Progressive Batch-Cooking

Kitchens should discard old habits of cooking massive batches of food at the start of a service window.
Production schedules should mandate smaller hotel pan configurations (such as moving from deep GN 1/1
pans to shallow GN 1/2 or 1/3 pans) during the final third of buffet service, ensuring that presentation quality
remains high without creating large volumes of surplus food.

Maintain Collaborative, Open Data Sharing

To prevent staff resistance, the smart-kitchen system must never be used as a punitive tool to punish cooks
for mistakes. F&B directors should frame the technology as a collective operational support system, sharing
daily waste dashboards openly during morning kitchen briefings to foster a collaborative culture focused on
continuous optimization and sustainable operations.

Policy Alignment (SDG 12.3) and Structural Barriers

At a macroeconomic level, the findings of this study demonstrate how deploying automated kitchen
technology helps the hospitality sector align with international environmental policies, specifically United
Nations Sustainable Development Goal (SDG) 12.3, which targets a 50% reduction in global per capita food
waste by 2030. By achieving a validated 36.3% net reduction in total food waste within a single quarter, this
study proves that commercial galleys can rapidly close the sustainability gap through targeted digijtal
interventions.

However, scaling these automated solutions across the broader hospitality industry still faces several key
structural and systemic barriers:

Fragmentation of Supply Chains

Many hospitality groups operate with highly fragmented supply chains and legacy procurement software that
cannot easily connect with modern loT cloud platforms. Without open data standards and unified application
programming interfaces (APIs), integrating waste data directly into automated ordering systems remains a
complex technical challenge.

The Problem of Tenant Split Incentives

In many hospitality ownership models, the property owner, the brand manager, and the third-party catering
operator are separate business entities. If the asset owner is responsible for the upfront capital cost of
purchasing smart-kitchen hardware, but the third-party catering operator reaps all the financial benefits of
lower food costs, the owner has little motivation to invest, creating an institutional bottleneck that slows down
technology adoption.

Regional Infrastructure Disparities

While large convention hotels in major urban centers can easily leverage high-speed internet networks and
automated waste collection infrastructure, smaller operators in remote tourist destinations or developing
regions frequently lack the reliable network connectivity and waste sorting facilities required to maintain
advanced loT arrays, highlighting the need for more adaptable operational solutions.

Limitations and Future Horizons of Automated Galley Systems

While this research provides clear empirical evidence of the value of automated smart-kitchen tracking, the
study has several limitations that highlight opportunities for future academic research and technological
development.

Geographic and Structural Focus

The field research was limited to a single, star-category convention hotel venue located within a specific urban
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market. While this provided a stable, high-volume environment for data collection, future studies should
deploy identical research designs across diverse hospitality formats—such as luxury cruise ships, university
dining halls, airport catering facilities, and all-inclusive remote resorts—to validate whether these waste
reduction percentages hold true across different corporate cultures and regional consumer demographics.
Tracking Consumer Variations

This study focused primarily on per-capita waste averages ($GPC$) without tracking variations in guest
demographics, cultural food preferences, or length of stay. Future research could connect front-of-house
guest profiles with back-of-house waste analytics to explore how specific consumer groups interact with menu
design and portion sizing.

Future Technical Integration

The future of automated galley systems lies in moving beyond standalone monitoring terminals to build fully
integrated, circular kitchen environments.

THE FUTURE FULLY INTEGRATED GALLEY

Smart Kitchen Infrastructure & Automated Data Stream Architecture

System Subsystem / Module  Data Integration Stream Operational & Technical Purpose Automation Level Core Integration Layer
(Cloud loT Scale Array Real-Tine liaste Streams |Captures coninuous mass deta and volumetric waste streams across prepar{ ~ Automated Telemetry Sensor & Hardware Layer
Predictive Al Engine Dynanc Procurenent Nodels - |Analyzes real-time waste logs with historical sales trends to calculate dynamid ~ Algorithmic Processing | Machine Learning / Analytics Layer

(Connected Supply Chain Autonated Inventory Systens |Feeds predictve yield requirements into ERP/store logistics for automated rey  Systemic Integration | Enterprise Resource Planning (ERP)

GALLEY INTEGRATION SEQUENTIAL WORKFLOW

End-to-end data pipeline from waste capture to supply chain automation

Step Origin Module Flow Vector Target System Output Operational Impact
01  |Cloud loT Scale Array > (Real-Time Waste Streams Instant logging of prep and production waste without manual entry.
02 |Data Ingest Pipeline >  |Predictive AI Engine Feeds live waste metrics into predictive neural networks.

03 |Predictive Al Engine > |Dynamic Procurement Models Adjusts batch-cooking quantities and daily purchasing orders.

04  |Dynamic Procurement Models > |Connected Supply Chain Triggers automated store requisitions and vendor restocking.

Upcoming technology updates should focus on directly linking real-time waste tracking data with predictive
Al engines that automatically adjust automated procurement systems and smart refrigeration monitoring
networks.

By building direct connections between real-time waste streams and global supply chain orders, the
hospitality industry can transition toward a highly precise, low-impact operating model, ensuring the
automated galley plays a central role in driving global environmental sustainability and operational resilience.
Conclusion & Summary of Findings

This study empirically validates that integrating Al-driven, loT-enabled smart-kitchen tracking architecture into
high-volume buffet catering operations provides a powerful, data-driven solution to the hospitality sector’s
food waste crisis. Over a 24-week quasi-experimental evaluation, the deployment of automated computer
vision and realtime waste analytics achieved a 36.3% net reduction in total volumetric food waste,
decreasing normalized waste rates from 457.00 g/cover to 291.00 g/cover and diverting over 10.7 metric
tons of organic waste from landfills.

Key Scientific & Operational Insights

e Asymmetric Impact Performance (H2 Confirmed): The automated tracking architecture exerted its
most significant impact on Surplus Production Waste, which dropped by 47.0% (from 235.34
g/cover to 124.73 g/cover). This confirms that real-time algorithmic feedback successfully
eliminates human reliance on "safety-buffer cooking". Pre-consumer prep waste saw a 32.0%
reduction due to heightened knife discipline under computer-vision logging, while post-consumer
plate waste saw a 21.0% drop via kitchen-led menu and portion adjustments.

e Financial Viability & Amortization (Hs Confirmed): The intervention lowered the venue's overall Food
Cost Percentage (FC%) by 4.40% (from 34.20% to 29.80%). Factoring in the initial
hardware/installation CapEx ($18,500) against net monthly food cost savings ($4,400/month post-
OpEXx), the system achieved full financial amortization in 4.2 months—proving that smart kitchens
are core financial performance drivers.
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Socio-Technical Convergence: Framing the automated system as a non-punitive, collaborative
operational support tool allowed the kitchen brigade to adopt the technology smoothly, shifting
operations from an intuition-based cooking paradigm to a resilient, precision-manufacturing
ecosystem.

Policy Alignment: The demonstrated waste reduction framework provides commercial operators with
a validated operational roadmap to align with United Nations Sustainable Development Goal (SDG)
12.3 targets.

Executive Conclusion Matrix

Operational Metric / Dimension Baseline Intervention Absolute Relgtive
(Phase I) (Phase Il) Impact Variance (%)
Gross Waste Rate (g/cover) 457.00 291.00 -166.00 -36.3%
Surplus Production Waste (g/cover) 235.34 124,73 -110.61 -47.0%
Pre-Consumer Prep Waste (g/cover) 79.99 54.39 -25.60 -32.0%
Post-Consumer Plate Waste (g/cover) 141.67 111.91 -29.76 -21.0%
Food Cost Percentage (FC%) 34.20% 29.80% -4.40% -12.87%
System Amortization Horizon — — 4.2
Months
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