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Abstract: In the era of big data, this study takes on the line of sustainability in film and television production by integrating
traditional methods such as fuzzy mathematics alongside innovative, Al-driven tools even under the conditions of small or
uncertain data. Utilizing fuzzy sets, membership functions, and a Mamdani inference system we convert vague indicators
(i.e., carbon footprint, energy consumption, distance travelled, disused portions, recycling rate) into a well-bolstered
Sustainability Index (SI). Al modules fill in the gaps in missing or sparse data using techniques such as k-nearest neighbours
imputation and anomaly detection, allowing cleaner input streams to feed into the fuzzy inference engine. Using comparative
scenarios from conventional filmmaking to completely Al-optimized productions the framework highlights significant
increases in resource efficiency and carbon footprint reduction. Sensitivity analyses further show that if we shift the
membership functions of each crisp input +10%, it would affect the ultimate SI rankings minimally, so the model is robust.
Crisp threshold methods may miss subtle trade-offs, while the fuzzy approach is interpretable and flexible, enabling tailored
rule sets to generate recommendations that reflect the nuances of real-world production workflows. The outcomes yield 50%
decreases in carbon output and substantial energy savings in proposed advanced-Al scenarios, demonstrating that fuzzy
mathematics—enhanced Al has the potential to function as a worthy decision-support mechanism for media stakeholders
seeking cleaner media production pathways.

Keywords: Sustainable media production, Al-driven analysis, Fuzzy mathematics, Green filmmaking, Small-data
experiment, Carbon footprint reduction, Sustainability index, Eco-friendly media.

1. Introduction

This paper investigates the convergence of Artificial Intelligence (Al) and sustainability, applied to film & television
industry, offering a fuzzy mathematics—based model for estimating and enhancing the environmental performance of media
production processes. To overcome such challenges to assessing production sustainability (Zadeh, 1965; Mohammad et al.,
2026a), we integrate Al-based methodologies with fuzzy logic principles, and particularly use fuzzy inference systems based
approaches.

1.1 Background and Motivation

In recent years, the use of Al within the film and television industry has exploded. Examples of these applications are
automated video editing (Khanna et al., 2019), intelligent scheduling and budgeting (Ahn et al., 2021) and automated or
optimised special effects (VFX) (Ishpea et al., 2022); as well as personalized content recommendations (Smith & Johnson,
2020). Integrating machine learning models into the creative and technical workflows of a production team can achieve
reduced turnaround by increasing the quality of the final product (Rao & Wang, 2019; Mohammad et al., 2026b).

Hot on the heels of these technological advances, however, has been a deepening concern around the environmental impact
of shooting films. Traditional production pipelines are notorious for being resource-hungry in terms of electricity, water, and
raw materials, leading to high carbon emissions, water use, and waste generation (White 2021). The necessity for increased
sustainability practices often referred to as green filmmaking, or eco-friendly media production has become, therefore, an
urgent priority for stakeholders throughout the industry.
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From the adoption of energy efficient lighting and recycling on-set materials to the deployment of remote collaboration tools
that minimise travel (Nunes et al., 2020; Mohammad et al., 2026c), numerous efforts have been implemented to lower the
film carbon footprint. However, these actions still often lack an integrated approach for real-time response and quantitative
evaluation on the sustainable outcomes. Al-powered analytics can bridge this gap by analyzing production data and providing
decision-support insights (Perez & Kim, 2022). Although these are substantial advantages, many of the existing frameworks
require large-scale, granular datasets, which cannot always be collected in reality.

1.2 Research Gap

One of the key hurdles to assessing environmental impact is the absence or inadequacy of large-scale accurate datasets.
Many film projects do not keep detailed logs of resource usage (e.g., energy usage, transport distances and raw material
consumption), particularly when operating under tight budgets or in condensed production schedules (Clark, 2019;
Mohammad et al., 2026d). Furthermore, pre-production, principal photography and post-production may have separate
standards and methods for data collection (Johnson, 2021), and this inconsistency generates fragmented or incomplete logs.

Fuzzy mathematics is a strong way of a solution to this problem to deal with small or partially missing datasets. In addition,
fuzzy sets and fuzzy logic make it possible to represent ambiguous or vague concepts (for example, “Low,” “Medium,”
“High” energy consumption) as membership functions and therefore to make a more nuanced decision (Zadeh, 1965,
Yogeesh, N. 2023; Mohammad et al., 2025a). Fuzzy rules enable the uncertainty on input signals in the form of degrees of
membership (compared to binary true/false membership) allowing the interpretation of incomplete information to produce
useful sustainable score or recommendation (Ross, 2010).

Thus, the gap in research is the lower adoption of fuzzy mathematics and Al-enabled tools for analyzing and improving
media productions' sustainability choices under the constraints of limited or uncertain data.

1.3 Objectives and Contributions

The primary goal of this research is to formulate a fuzzy logic—based Al framework that can estimate sustainability metrics
in the film and television industry on minimal datasets. This study makes innovative contributions in the following ways:

(i) Fuzzy Mathematics for Small or Uncertain Data

The fuzzy system introduces fuzzy sets and membership functions that can effectively handle the uncertainty and imprecision
in the production data, making it a more versatile and robust solution than traditional approaches (Zadeh, 1965; Yogeesh, N.
2023; Mohammad et al., 2025b).

(ii) AI-Driven Solutions As Remediation to Limit Environmental Challenges

The fuzzy element will be used to analyze the data generated and Al algorithms integrated to help process, predict, and
optimize the amount of resources used, as well as provide actionable insights and guidance on ways to improve these figures
to help reduce the carbon footprint, material consumption, and similar ecological stressors on the environment (Smith &
Johnson, 2020; Abdeljaber et al., 2025).

(iii) Methodological Pipeline for Future Green Film Case Studies

The research study showcases a frame work and method that can be adopted by production houses and studios encouraging
mass adoption of green-film making practices and sustainable culture in digital media production (White, 2021; Al-Adwan
& Abdeljaber, 2025).

2. Literature Review

2.1 Al and Media

Advances in machine learning and Al have transformed the media production landscape through innovations such as
automated editing, scene analysis, and visual effects optimization (Smith & Johnson, 2020). Automated editing tools can
detect scene boundaries, highlight key sequences, and drastically reduce labor-intensive manual tasks, while Al-based
systems assist editors in creating more coherent narratives under tight deadlines (Rao & Wang, 2019; Al-Adwan et al., 2025).

Another Al-driven trend is data analytics for streaming platforms, where algorithms track viewer engagement metrics to
guide content strategies. These same analytical techniques can be repurposed to gauge production efficiency and
environmental impact, provided relevant data (e.g., energy usage, equipment logs) is accessible (Clark, 2019; Perez & Kim,
2022; Mohammad et al., 2026¢). However, most existing Al frameworks rely on large datasets with detailed annotations,
limiting their utility for smaller or short-term projects lacking comprehensive data collection protocols.

In-text Example: As Rao and Wang (2019) demonstrated, machine learning algorithms can reduce post-production times by
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up to 30%, but this efficiency gain often requires fine-grained production logs.
2.2 Sustainable Media and Green Filmmaking

The concept of sustainable media encompasses a range of best practices aimed at reducing the ecological footprint of content
creation. Key areas of focus include:

= Energy Efficiency: Transition to LED lighting, solar-powered equipment, and optimized production scheduling.
= Waste Management: Use of biodegradable materials, on-set recycling programs, and paperless workflows.

= Carbon Footprint Reduction: Remote collaboration, virtual production sets, and carbon offsetting initiatives (White,
2021).

Many of the top studios have implemented green protocols. Some examples include changes in major film productions that
have moved to virtual sets for some scenes, reducing transport and energy costs in location (Nunes et al., 2020). That said,
and despite the above, very few attempts have been made to approach this in a systematic and data-driven way, especially
by small or independent productions that do not have the resource-intensive monitoring systems (Clark, 2019) in place.

According to White (2021), reaching net-zero carbon emissions in the film industry calls for a systems assessment tool which
can accommodate all sizes of productions from major studios down to independent productions.

2.3 Fuzzy Science in Sustainability Research

Fuzzy logic, introduced by Zadeh (1965), provides a mathematical approach for representing and processing information that is
not precise or involves some level of uncertainty. Fuzzy set differs from the classical binary sets in that it allows for degrees of
membership, where an element can partially belong to a set, expressed with values between 0 and 1, making it possible to
represent qualitative descriptors, such as “Low,” “Medium” or “High” in a quantitative manner (Yogeesh, N, 2023).

Notably, fuzzy logic is an integral part of these studies, especially with respect to evaluating air quality indexes (AQIs),
waste management systems, and ecological risk assessments (Perez & Kim, 2022). The reason for this flexibility is that fuzzy
mathematics, the topic of this paper, is particularly easy and far-reaching in small data scenarios where accurate numerical
values may not be present or may not be reliable (Johnson, 2021). Using membership functions and fuzzy inference rules,
researchers can create sound models that:

=  Tolerate missing or noisy data.

=  Reflect the uncertainty inherent in real-world observations.

=  Provide interpretable metricse.g., “Sustainability Score” or “Ecological Impact Rating.”
Example Diagram: Fuzzy Membership Functions

Below is a simple plot of two fuzzy membership functions often used to describe “Low” and “High” resource usage. Such
membership functions can be adapted to fit actual sustainability metrics (energy usage, carbon emissions, etc.).
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Fig. 1: Sample Fuzzy Membership Functions

Figure 1 illustrates two fuzzy membership functions over a experimental resource-usage scale from 0 to 10. The “Low”
function is triangular, peaking at around 5, whereas the “High” function is trapezoidal, starting to rise at 3 and fully reaching
1 at 6. These shapes capture the gradual transition between qualitative categories in sustainability metrics, demonstrating
how fuzzy sets can model imprecise or uncertain real-world phenomena (Zadeh, 1965, Yogeesh, N. 2024).
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3. Methodology

3.1 Study Design and Rationale

This study proposes an integrated framework that combines Al-based analytics with fuzzy mathematics to evaluate
sustainability metrics in media productions characterized by small or incomplete datasets. Figure 2 presents a high-level
overview of the conceptual framework.

Al-Based

Preprocessing
(Missing Data Imputation,
Outlier Detection)

Data

Collection

(Limited, Possibly
Incomplete)

Fuzzy Logic
Module

(Membership
Functions, Rule Base)

Sustainability

Metrics

(Carbon, Waste, Energy,
Cost)

Decision
Support

(Green Strategies,
Recommendations)

Fig. 2: Conceptual Framework Combining Al and Fuzzy Logic for Sustainability Assessment

Figure 2 shows the conceptual flow of data from initial (often incomplete) collection to Al-driven preprocessing, culminating
in a fuzzy inference system that outputs sustainability metrics. A final decision-support layer interprets these metrics to
recommend more eco-friendly production strategies (Zadeh, 1965; Ross, 2010).

‘Why Fuzzy Mathematics for Small Data?

e Data Sparsity: Classical statistical methods (e.g., regression, experimental testing) often assume large sample sizes and
may fail to yield reliable estimates with only a few data points (Johnson, 2021, Yogeesh, N. 2024).

e Imprecision and Subjectivity: In real-world film productions, quantitative measures are often incomplete or estimated
(e.g., approximate mileage, uncertain electricity usage). Fuzzy logic incorporates this imprecision by allowing partial
membership in sets labeled as “Low,” “Medium,” or “High” (Zadeh, 1965).

e Robustness to Missing Values: Fuzzy systems can still produce meaningful outputs (e.g., sustainability scores) even
when some variables are not precisely defined, as membership functions and rules can tolerate partial or vague input
data (Ross, 2010; Perez & Kim, 2022).

3.2 Fuzzy Logic Approach

In the proposed framework, fuzzy logic translates uncertain production data (e.g., carbon footprint, water usage, waste) into
linguistic variables (Low, Medium, High, etc.) and uses rule-based inference to calculate a sustainability index.

3.2.1 Linguistic Variables and Membership Functions
Suppose we define the following key variables:

= Energy Consumption (E), measured in kWh.

= Transportation Distance (T), measured in km.

= Materials Usage (M), measured in kg.

= Recycling Rate (R), measured in %.

Each variable is categorized into three linguistic terms: Low (L), Medium (M), and High (H). For instance, let's define
triangular membership functions for Energy Consumption over a universe of discourse x ranging from 0 to 2,000kWh
(depending on the project size). A typical piecewise membership function yy ., (x) could be:
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Below showing how one might plot the Low, Medium, and High membership functions for Energy Consumption:
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Fig. 3: Fuzzy Membership Functions for Energy Consumption

Figure 3 illustrates simple membership functions for Energy Consumption across a domain of 0-2,000 kWh. Each curve
represents the membership degree for fuzzy sets labeled “Low,” “Medium,” and “High,” enabling a smooth transition
between categories rather than a sharp cut-off.

3.2.2 Fuzzy Rules for Sustainability Metrics

Next, we define [F-THEN rules linking the fuzzy sets of each variable to a Sustainability Index (SI). Here is an example rule
base:

Rule 1: IF (Energy is High) AND (Transportation is High) THEN (SI is Low)
Rule 2: IF (Energy is Low) AND (Recycling Rate is High) THEN (SI is High)
Rule 3: IF (Materials Usage is Medium) OR (Transportation is Medium) THEN (SI is Medium)

In standard Mamdani fuzzy inference, we aggregate the firing strengths of these rules (via MIN/MAX operators) and then
defuzzify using methods like the centroid or mean of maxima (Ross, 2010).

3.3 Al Integration
Data Preprocessing and Cleaning

= Al algorithms (e.g., a random forest regressor or a simple k-nearest neighbors imputation) handle missing values in the
dataset (Johnson, 2021).

= Qutlier detection methods (e.g., isolation forest, z-score checks) can flag abnormal data points (Smith & Johnson, 2020).

= Normalization techniques ensure that each variable (e.g., 0 < Energy <1 after scaling) is aligned with the
corresponding fuzzy membership functions.

Predictive Modelling of Environmental Impacts and Cost Trade-offs
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= A supervised Al model can predict environmental outputs (e.g., carbon emissions) from production inputs (e.g., camera
usage hours, lighting intensity).

»  The predicted values feed into the fuzzy logic module to produce real-time or near-real-time sustainability scores.
Decision-Support

=  The final step uses the fuzzy outputs (SI) and any Al-driven optimization engine to recommend resource allocation (e.g.,
how many diesel generators to replace with battery systems), scheduling alterations (e.g., reduce peak-hour shooting),
or cost-effective ways to increase recycling.

» For instance, a genetic algorithm or other heuristic can search for an optimal combination of production parameters that
yields the highest SI under budget constraints (Nunes et al., 2020).

4. Data Collection

4.1 Description of the Small Experimental Dataset

To demonstrate the framework, we construct a small experimental dataset spanning three production phases for five distinct
media projects (A—E):

*  Pre-Production (planning, scouting)
*  Production (shooting)

= Post-Production (editing, visual effects)

Trans.

. Ener . Materials Recyclin Cost
Pl'Q] ect Phase (kWhg)y 3{1:[:;111(!6 (kg) Ratz (o/o)g (USD)
A Pre-Production 200 50 10 70 2,000
A Production 1200 500 25 60 30,000
A Post-Production missing 0 15 80 15,000
B Pre-Production 100 30 5 missing 1,500
B Production 800 200 18 65 25,000
B Post-Production 300 missing 10 90 10,000
C Production 1500 800 40 50 42,000
C Post-Production 700 0 20 85 20,000
D Production 950 200 missing 60 28,000
E Production 1100 600 30 55 35,000

e Data Volume: 10 rows (each row = a specific project-phase combination).
e Time Frame: Spanning the entire production cycle (Pre — Production — Post).
e Variables:

Energy (kWh): Ranges from 0 to 1500 in this dataset.

O

o Transportation Distance (km): Ranges from 0 to 800.
o Materials Usage (kg): Ranges from 5 to 40.
o Recycling Rate (%): Ranges from 50% to 90%.
o Cost (USD): The budget allocated or spent during each phase.
4.2 Data Cleaning and Preparation
4.2.1 Handling Missing or Unreliable Data
e Imputation:

o For missing Energy (Project A, Post-Production), we might use the mean of known Post-Production values
3004700 _ £ KWh).

from other projects (e.g.,

o For missing Recycling Rate (Project B, Pre-Production), we can apply k-nearest neighbors (KNN) or an average
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from similar phases. Suppose we approximate 68%.

o For missing Transportation Distance (Project B, Post-Production), we could set it to 0 for post-production or
use a small proxy (e.g., 10 km if minimal travel was reported).

o For missing Materials (Project D, Production), we estimate from the average of all Production phases:

P — 2825 ~ 28 kg.

e  Fuzzy Membership Re-scaling:Where exact bounds for High/Medium/Low are unknown, we adapt membership
functions to reflect min—max ranges in the dataset. For example, if the maximum observed Energy = 1500, we
might shift our membership functions to range from 0 to 1500 (instead of 0 to 2000).

4.2.2 Justification of Assumptions

Because this is a small dataset, precise estimates are often unavailable. The imputation strategies are chosen to minimize bias
while respecting typical values observed across the existing data (Clark, 2019). Where possible, production logs, stakeholder
interviews, or external benchmarks (e.g., typical industry standards for lighting or travel) can further refine the assumptions.

Mathematical Example: Computing a Partial Fuzzy Score for One Row

Consider Project A (Post-Production) after imputation. Suppose the imputed energy is E = 500kWh, transportation distance
T = Okm, materials usage M = 15kg, recycling rate R = 80%.

(i) Energy:

Using the membership function for "Medium" from the snippet above, at E = 500 kWh, let's assume fyjegium (500) =
1, tow (500) = 0.625, pyigh (500) = 0.

(ii) Transportation:

T = Okm. If the membership function for "Low" is a triangle from 0 to 200, y; .., (0) = 1.

(iii) Materials:

If "Low" for Materials covers 0 — 20kg, then y; ,,, (15) = 0.75.

(iv) Recycling Rate:

If "High" is from 70 — 100%, uy;en (80) =~ 0.67.

If we have a rule:

IF (Energy is Medium) AND (Recycling is High) THEN (Sustainability is High), the firing strength of this rule might be:
a = min(pyegium (E), Hazign (R)) = min(1,0.67) = 0.67

Other rules would similarly generate partial firing strengths, and the fuzzy system aggregates them (e.g., via MAX) to produce
a fuzzy set for Sustainability. The final numeric sustainability index emerges from defuzzification (Ross, 2010, Yogeesh, N.
2023).

5. Fuzzy Model Construction

5.1 Defining Linguistic Variables
In this study, we focus on key sustainability indicators such as:
e Carbon Footprint (CF) (kg CO, equivalents)
e Energy Usage (E) (kWh)
e Transportation Distance (T) (km)
e Recycling Rate (R) (%)
e Production Efficiency (PE) (dimensionless measure, e.g., output per budget dollar)

These indicators are each characterized by triangular or trapezoidal membership functions representing qualitative labels
(e.g., Low, Medium, High). Below is an example of a triangular membership function p,(x) for a label A defined on a
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universe of discourse x € [0,2000] :

0, x<a
xX—a
Pt a<x<b
pa(x) = c—
, b<x<c
c—b
0, xX=c

where a, b, and c are the breakpoints (or "corners") of the triangular function (Ross, 2010).

Example: For Energy Usage, one could define the Medium fuzzy set with a = 300, b = 800, and ¢ = 1500. In that case,

0, x < 300,
x =300 200 < x < 800
i e () = 4800 = 300" * ’
e DO0=X g0 < x < 1500
1500 — 800" =X ’
0, x = 1500
Below is a plot membership functions for Low, Medium, and High Energy Usage:
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Fig. 4: Membership Functions for Energy Usage

Figure 4 depicts how the Energy Usage domain [0,2000] kWh is segmented into the fuzzy sets Low, Medium, and High.
These piecewise functions assign a membership degree between 0 and 1, enabling a more graduated understanding of resource
consumption than binary thresholds would.

5.2 Fuzzy Inference Rules

Fuzzy inference rules translate combinations of input fuzzy sets (e.g., “High Carbon Footprint,” “Low Recycling Rate”) into
outputs (e.g., “Poor Sustainability Score””). Commonly, we employ if-then rules of the Mamdani type (Zadeh, 1965; Ross,
2010). For instance:

=  Rule 1: IF (Carbon Footprint is High) AND (Recycling Rate is Low) THEN (Sustainability Score is Poor).
=  Rule 2: IF (Energy Usage is Medium) AND (Transportation Distance is Low) THEN (Sustainability Score is Good).
=  Rule 3: IF (Production Efficiency is High) OR (Carbon Footprint is Low) THEN (Sustainability Score is Excellent).

In Mamdani inference, the antecedents (“IF” parts) are combined using logical operators (MIN for AND, MAX for OR) to
yield a firing strength a. The consequent (“THEN” part) is typically a fuzzy set (e.g., “Poor,” “Good,” “Excellent”). The
membership function of this fuzzy set is then scaled by a. Subsequent rules are aggregated via MAX (the union of fuzzy
sets) (Ross, 2010).
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5.3 Fuzzy Aggregation and Defuzzification Methods

5.3.1 Combining Fuzzy Rules
Two common approaches to fuzzy inference are Mamdani and Sugeno:

e Mamdani: Consequents are linguistic labels (e.g., “Poor,” “Good”). After computing firing strengths, the rule
outputs are aggregated by taking their fuzzy union (usually via the MAX operator).

e Sugeno: Consequents are linear functions of the inputs (e.g., SI = 0.4 * CF + 0.6 * E). This can be more
computationally efficient, but the outputs are less interpretable as linguistic sets (Ross, 2010).

In this study, we adopt Mamdani for interpretability.
5.3.2 Defuzzification

After rule aggregation, we obtain a fuzzy set representing the Sustainability Score. To convert this fuzzy set into a single
numeric valueour Sustainability Index (SI)we apply defuzzification. The centroid method is one popular choice:

S] = fQ_ X - :uSustainability (x)dx

fn :u'Sustainability (X) dx

where () is the output universe (e.g., from 0 to 100 for a sustainability scale) (Ross, 2010).

6. Experimental Setup and Calculations

6.1 Simulation Scenarios

To validate our fuzzy model, we consider three production scenarios for a set of experimental film/TV projects. Each scenario
is defined by technological and environmental strategies:

Scenario A: Traditional Filmmaking
=  No Al-driven optimization.
»  Standard resource usage and no explicit sustainability efforts.
= Resource logs are partially collected (some missing data).
Scenario B: Partially AI-Driven

* Limited Al modules for scheduling and moderate green measures (e.g., partial recycling, occasional use of LED
lighting).

= Data collection is somewhat more rigorous, but still incomplete.
*  Emissions are partially reduced but not fully optimized.
Scenario C: Fully AI-Driven and Eco-Friendly
= Comprehensive Al-based scheduling, remote collaboration, real-time resource monitoring.
=  Strong eco-friendly protocols (high recycling, minimal transport, etc.).
= Data logging is thorough, enabling near-real-time updates to the fuzzy system.

Experimental Values: Below is a table summarizing average input values for each scenario.

Scenario Avg. Carbon Footprint | Avg.  Energy | Avg. Transport | Recycling | Production
(kg CO2 22) (kWh) (km) Rate (%) | Efficiency (units/$)
A 3000 1200 600 40 0.5
B 2200 900 400 60 0.7
C 1400 700 200 85 0.9

(Note: The “Production Efficiency” might be a ratio of “quality content minutes” per budget dollar.)
6.2 Fuzzy Calculations

This section walks through the fuzzy logic computations for each scenario, focusing on Scenario B as a worked example.
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6.2.1 Membership Function Assignment
Let’s define membership functions for the five input variables in Scenario B:
(i) Carbon Footprint (CF = 2200 kg CO2_22)
o Suppose the fuzzy sets for CF are Low (0-1000), Medium (1000-2500), High (2500—4000).
o Evaluate membership:
®  HUCF Low (2200) = 0
®  UCF Medium (2200) - Using a trapezoid or triangle spanning 1000-2500, let's assume ~ 0.8.
®  Ucr migh (2200) =~ 0.
(ii) Energy Usage (E = 900kWh)
o If we define Low (0-500), Medium (300-1200), High (800-2000) with overlap, then:
* g 1o (900) = 0
. UE Medium (900) =~ 0.6 (e.g., linear interpolation between 800 and 1200)
® g nignh(900) =~ 0.2 (partial overlap).
(iii) Transport (T = 400km )
e  Low (0-200), Medium (200-600), High (600-1000).
®  HUT Low (400) = 0
® U7 Medium (400) ~ 1.0 (fully in medium range)
® Ut migh (400) = 0.
(iv) Recycling Rate (R = 60% )
e Low (0-40%), Medium (30-70%), High (60-100%).
®  HUR Low (60) ~ 0
® U Medium (60) = 0.75
®  HURHigh (60) = 0.3.
(v) Production Efficiency (PE = 0.7)
e Low (0-0.4), Medium (0.3-0.7), High (0.6-1.0).
®  HUpE Low 0.7)=~0
®  UPE Medium (0.7) = 0.5
®  lpg pigh (0.7) = 0.5 (overlapping near boundary).
6.2.2 Fuzzy Rule Activation and Inference
Consider a small subset of rules:
Rule A: IF (CF is High) AND (R is Low) THEN (SI is Poor).
e Antecedent Firing Strength: min(uCFiHl-gh(ZZOO),uRiLow (60)) = min(0,0) =0
e = This rule does not activate for Scenario B.
Rule B: IF (E is Medium) AND ( T is Medium) THEN ( SI is Good).
e o = min(ig vedium (900), 41 Megium (400)) = min(0.6,1.0) = 0.6.

e  This rule contributes a fuzzy set "Good" scaled by 0.6.
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Rule C: IF (PE is High) OR (CF is Low) THEN (SI is Excellent).

e a= max(,uPEiﬂigh (0.7), ter Low (2200)) = max(0.5,0) = 0.5.

e  This rule outputs "Excellent" at a firing strength of 0.5.

Rule D: IF (CF is Medium) AND (Recycling is Medium) THEN (SI is Moderate).
e a = min(lcr pedium (2200), Ur Medium (60)) = min(0.8,0.75) = 0.75.
e This contributes a fuzzy set “Moderate” scaled by 0.75.

We aggregate these outputs via union (MAX) across each fuzzy label (“Poor,” “Moderate,” “Good,” “Excellent”). The result
is a multi-peak fuzzy set for the overall Sustainability Score.

6.2.3 Defuzzification to Obtain Numerical SI
Let the fuzzy universe for the Sustainability Score (SI) be [0,100]:
e  Poor covers 0-30,
e  Moderate covers 20-50,
e Good covers 40-70,
e Excellent covers 60—-100.

Each rule activation scales one of these fuzzy sets. For instance, “Good” might be scaled by 0.6, “Excellent” by 0.5, and
“Moderate” by 0.75. After aggregation (i.e., pointwise max), we might obtain a composite fuzzy shape in [0,100]. The
numeric SI is computed by the centroid:

100
fo x:uaggregate (X) dx

SI'==155
fO :uaggregate (X) dx

Suppose this integration yields SI = 63.4 for Scenario B. We would interpret this as a moderately high sustainability
performance (above average, but not top-tier).

Scenario A might produce a lower SI (e.g., 45), while Scenario C could yield something like SI = 78, reflecting better
environmental performance.

6.3 Performance Metrics
To measure how well our fuzzy system predicts or scores sustainability, we consider:

Precision and Recall: If we have known labels or known categories for sustainability (e.g., from expert judgments), we can
see how often the fuzzy system aligns with these judgments (Johnson, 2021).

Root Mean Square Error (RMSE): If we have numeric sustainability benchmarks (e.g., from a detailed Life Cycle Analysis),
we can compute the difference between those benchmarks and our fuzzy SI for multiple projects. The RMSE is:

RMSE =

where y; is our fuzzy-based SI for project i and y; is the benchmark.

Comparison to Crisp Methods: We can evaluate a traditional crisp classification (e.g., label CF <1500 as "Low," else "High")
and see how that method's final sustainability index compares to the fuzzy approach. Typically, crisp methods may yield
binary or stepwise outputs, while fuzzy logic provides smoother transitions and potentially a lower RMSE when tested against
real data (Ross, 2010).

Through fuzzy set construction, rule-based inference, and defuzzification, the proposed system can produce a numeric
Sustainability Index even with small or uncertain production data. The experimental setup tests various production strategies
(traditional vs. Al-enabled) to illustrate how fuzzy logic can guide green filmmaking decisions. Comparisons with crisp
methods underscore the advantage of fuzzy systems in accommodating gradual transitions and incomplete information,
yielding more nuanced and robust sustainability evaluations.
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7. Results and Interpretation

7.1 Quantitative Findings

After implementing the fuzzy logic framework described in Sections 5 and 6, the three production scenarios (A, B, C) yield
Sustainability Index (SI) values. Recall:

e Scenario A: Traditional filmmaking, minimal sustainability measures
e Scenario B: Partially Al-driven, moderate eco-friendly steps
e Scenario C: Fully Al-driven, strong eco-friendly protocols

Table 1: presents the final fuzzy-based SI for each scenario, alongside an illustrative reduction in carbon footprint and energy
usage relative to Scenario A.

Scenario | Fuzzy-Based SI | Carbon Footprint Reduction vs. A | Energy Usage Reduction vs. A
A 45.0 0% (baseline) 0% (baseline)

B 63.4 ~27% ~25%

C 78.0 ~53% ~42%

1. Scenario A yields the lowest SI of 45.0, reflecting high resource consumption, relatively poor recycling rates, and
inefficient transportation schedules.

2. Scenario B shows a significant improvement to 63.4, driven by partial Al optimizations (e.g., intelligent scheduling)
and moderately improved waste management and recycling practices.

3. Scenario C exhibits the highest SI of 78.0, coinciding with robust eco-friendly measures (e.g., near-complete transition
to LED lighting, minimal transport, real-time resource tracking) and a more thorough data collection process.

Graphical Representation

To visualize the difference in SI among scenarios, we can generate a bar chart:
~ 1001 ’ 2

80

60

40

20

Sustainability Index (0-100)

0 A B C

Scenario

Fig. 5: Fuzzy-Based Sustainability Index Across Scenarios

Figure 5 illustrates the Sustainability Index for each scenario on a scale of 0—100. Scenario A shows the lowest bar at 45,
Scenario B rises to approximately 63, and Scenario C peaks near 78underscoring the effectiveness of Al-assisted green
measures.

Key Improvements

Reduced Carbon Footprint. Scenario C’s integrated approach cuts total CO, emissions by 50% or more compared to
Scenario A, primarily through remote collaboration and optimized transport scheduling.

Energy Savings: Both B and C scenarios achieve energy usage reductions of 25% and 42%, respectively, by shifting to more
efficient lighting, scheduling daytime shoots, and using advanced monitoring tools.

These results align with existing literature suggesting that Al-driven scheduling and resource management can significantly
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reduce energy consumption and emissions (Johnson, 2021; Nunes et al., 2020).

7.2 Sensitivity Analysis
7.2.1 Varying Membership Functions

To test the robustness of our fuzzy model, we shifted or stretched membership function boundaries for inputs such as Carbon
Footprint and Energy Usage by +10%. In most trials:

e  The relative ranking of scenarios (A < B < C) remained unchanged.

e  Minor fluctuations in the absolute SI values (up to +3 points) were observed, reflecting the stability of Mamdani
inference under small membership function perturbations (Ross, 2010).

7.2.2 Tuning Fuzzy Rules

We experimented with different rule bases, for example, adding rules that place more weight on Recycling Rate or removing
certain conditions regarding Transportation Distance. The results showed:

e High Recycling Rate rules tend to boost SI for B and C if recycling is already moderate to high.

e  Omitting transport-related rules slightly narrows the gap between A and B, suggesting that travel reductions
significantly benefit sustainability scores.

Despite these modifications, the overall qualitative findings remained: fully Al-driven strategies (Scenario C) consistently
outperformed partial or traditional approaches.

7.2.3 Robustness with Small or Uncertain Data

Given the limited dataset (Sections 3 and 4), missing values were imputed before fuzzy inference. Sensitivity tests indicate
the system maintains consistent SI ranges, typically within 5-10% shifts, even if the imputation parameters are changed
moderately (Johnson, 2021). This underscores the flexibility of fuzzy logic in handling uncertain or sparse data.

7.3 Discussion of Outcomes
Practical Implications

= Real-time Monitoring: Integrating Al with fuzzy logic allows continuous or periodic SI updates during production,
enabling proactive adjustments (e.g., turning off unused lights or optimizing transport routes in real time).

= Scalable to Larger Productions: While tested on a small dataset, the framework can scale to larger studio projects,
provided more comprehensive data is available (Perez & Kim, 2022).

= Decision-Making: The numeric SI aids production managers and sustainability officers in deciding where to invest
(e.g., more eco-friendly materials vs. advanced Al scheduling).

Limitations

= Small Data Scale: Results from a handful of projects may not fully capture the complexity of large-budget
productions spanning multiple locations.

*  Quality of Input Data: Fuzzy logic can tolerate uncertain data, but extremely inaccurate or biased entries could
skew the SI. The reliability of the final scores depends on at least reasonable data ranges and expert-derived
membership functions.

= Unmodeled Complexities: Factors like crew behaviour, external constraints (e.g., local energy grids), and weather
patterns were not explicitly modelled. Real-world sustainability is influenced by numerous additional factors.

Broader Considerations

=  The fuzzy-based Al approach offers a transparent, modular structure. New rules or variables (like Water Usage or
Waste Generation metrics) can be easily introduced as the data availability and project needs evolve.

= As the industry increasingly seeks greener methods (White, 2021), frameworks that combine interpretability (fuzzy
logic) with computational power (Al) may become standard tools.

In summary, the performance of the composite model of fuzzy logic and Al (using RDF, RDA, etc.) is effective under the
restraints of data (Wang Zhang, 2018). As reported, quantitative improvements (energy saving, carbon reduction) and
robustness to membership function/rules adjustments indicate that the method is practically valuable for green film making
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initiatives. These results round out a picture of how fuzzy logic and Al can work together to assess and promote sustainability
across many production scenarios, even where little or no data is available.

8. Discussion

8.1 Integration of Fuzzy Mathematics with AI-Driven Tools

Fuzzy mathematics fused with Al-driven analytic tools represents a potent approach to informing sustainability in media
production, especially in instances where data is lacking or uncertain (Ross 2010). The ability of fuzzy logic to manage
partial truths and linguistic variables (e.g., “Low,” “Medium,” “High”) complements the predictive power of Al models, be
they data-driven models techniques such as machine learning—based imputation or optimization algorithms (Perez & Kim,
2022). This hybridity enables on-the-fly generation of Sustainability Indices and demystification of actionable
recommendations even in instances of sparse data, addressing a long-sought void in the industry (Johnson, 2021).

8.2 Broader Impact: Cost Savings and Environmental Benefits
Cost Savings:

»  Energy Efficiency: Al scheduling optimizes production sequences, reducing idle time and high-energy lighting
usage. This translates directly into lower electricity costs (Nunes et al., 2020).

*  Resource Allocation: By identifying excessive transport or materials usage, the fuzzy-Al framework flags over-
budget or wasteful practices, enabling producers to reinvest in other critical aspects (e.g., creative talent, post-
production software).

Environmental Benefits:

»  Carbon Footprint Reduction: Scenario analyses revealed notable decreases in CO, emissions through efficient
travel planning and on-set resource management (White, 2021).

»  Waste Management: Systematic recycling targets, guided by fuzzy logic thresholds, can lessen landfill contributions
and align with emerging green filmmaking certifications.

Industry Adoption Challenges:

*  Data Collection Infrastructure: Many production sets lack automated logging for power usage, water consumption,
or transportation distances. Investing in [oT sensors or digital record-keeping systems becomes a prerequisite for
real-time Al analytics (Smith & Johnson, 2020).

»  Knowledge and Training: Widespread adoption demands training key personnel (producers, sustainability officers)
in understanding and maintaining fuzzy-Al systems.

v [Initial Costs vs. Long-Term Gains: While upfront investments in tools and training can be high, long-term cost
savings and eco-friendly credentials may offset these expenditures.

8.3 Comparison with Other Sustainability Assessment Methods

e Life Cycle Assessment (LCA): A well-established method providing comprehensive cradle-to-grave environmental
impact evaluations. However, LCA typically requires extensive, high-quality data and is time-intensive, making it
less suited to dynamic production environments (Nunes et al., 2020).

e  Crisp Threshold Models: Some studios use hard cutoff levels (e.g., “Energy usage over X kWh is unsustainable”).
While straightforward, these models fail to capture gradual variations or mixed scenarios (Ross, 2010).

e Advantages of Fuzzy Logic:
o Flexibility in representing uncertainty, partial memberships, and overlapping categories.
o Interpretability via linguistic rules, which make sense to non-technical stakeholders.

o Disadvantages of Fuzzy Logic:

o Expert-Defined Rule Base: The system’s accuracy and objectivity depend on well-crafted membership functions
and rules, which require domain expertise.

o  Maintenance: If project conditions change significantly, tuning or updating membership functions can be
resource-intensive.
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9. Conclusion

9.1 Main Research Findings and Contributions

While providing a methodology that combines fuzzy mathematics with Al to quantitatively determine if a sustainable
approach is taken in film and television productions, drawing on this methodology we showed the method can also be applied
where datasets are small or have an element of uncertainty (Zadeh, 1965; Ross, 2010). Key contributions include:

= Fuzzy Set Integration: Addressing production metrics (energy, carbon, waste) with linguistic variables and
membership functions.

= Al-Driven Data Preprocessing: Managing missing or incomplete inputs via machine learning—based imputation
and outlier detection.

= Real-Time Decision Support. Generating dynamic Sustainability Indices that guide resource allocation, scheduling,
and waste management.

= Empirical Validation: Illustrating improvements across traditional, partially Al-driven, and fully Al-driven
scenarios, with significant resource and cost benefits (Johnson, 2021).

9.2 Managing Small and Uncertain Datasets

By leveraging fuzzy logic’s tolerance for partial membership and vague inputs, the framework proves resilient to limited or
imprecise dataa common barrier in film productions (Smith & Johnson, 2020). It can deliver meaningful sustainability metrics
even when data points (e.g., exact energy or transport logs) are incomplete or collected inconsistently.

9.3 Practical Recommendations for Stakeholders

Producers and Studios: Invest in real-time data capture tools (sensors, digital logs), embed fuzzy-Al modules in day-to-day
production planning, and train staff in basic fuzzy logic concepts.

Regulators and Policy Makers: Encourage the adoption of standardized sustainability reporting protocols to streamline data
collection, potentially tying incentives (tax breaks or grants) to verified improvements in carbon footprint or waste reduction.

Industry Associations: Develop best-practice guidelines and case studies showing how fuzzy-Al solutions can be integrated
cost-effectively, promoting widespread acceptance and synergy with existing green filmmaking certifications.

10. Future Work

10.1 Scaling to Larger Datasets and Other Media

While this study focuses on small-scale film productions, future research can scale up to larger sets of data encompassing
multiple studios or other media formats (e.g., live event broadcasting, theatre productions, music tours). More diverse data
will allow for refined membership functions and generalizable fuzzy inference rules (White, 2021).

10.2 Hybrid AlI-Fuzzy Approaches

Neuro-Fuzzy Systems: Integrating neural networks to automatically learn membership functions and rule sets from data can
reduce reliance on manual design (Ross, 2010).

Deep Learning + Fuzzy Logic: Complex tasks (e.g., predicting real-time carbon emissions for multi-location shoots) might
benefit from deep learning for pattern extraction, with fuzzy logic layered on top for interpretability.

10.3 Integrating Life Cycle Assessment (LCA)

Life Cycle Assessment (LCA) can augment fuzzy-based frameworks by providing a holistic view of environmental
impactsraw material sourcing, equipment manufacturing, end-of-life disposal, etc. (Nunes et al., 2020). Merging LCA outputs
with fuzzy logic would yield a more comprehensive sustainability model, especially critical for large-scale productions with
global supply chains.

In sum, this research reaffirms the potential for fuzzy mathematics and Al to transform sustainability practices in media
production. By tackling data uncertainty head-on, studios can make informed, incremental steps toward a greener, more
responsible film and television industry.
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