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Abstract

We developed an AI engine for digital media art creation by integrating optical flow
in-betweening, semantic vector coloring, and cloud-based asset synthesis. In a quasi-
experimental deployment (N = 87), the developed engine enhanced rendering efficiency
by 15.4% and task scores (p < 0.001, d = 1.26) compared with a baseline model. The engine
combines convolutional-transformer models for frame interpolation, color propagation,
and performance scoring. It processes raster sketches and motion vectors to generate
color-consistent vectors. It reduced rendering latency by 38.4% and achieved a structural
similarity index measure of 0.91. The result of the analytic hierarchy process showed that
operability and processing speed are important performance evaluation metrics of the
developed engine.

Keywords: generative AI; systems optimization; analytic hierarchy process; multimedia
engineering; software development framework

1. Introduction
Two-dimensional animation production is computationally intensive when using

digital media software, and the system design and delivery remain a persistent chal-
lenge. Conventional lecture-based methods cause inherent structural latency in learning
workflows by allocating excessive runtime to passive explanation, leaving limited opportu-
nities for hands-on debugging, technical pipeline refinement, and interactive system-level
problem solving. In skills-intensive animation creation, this imbalance reduces devel-
oper engagement and weakens the integration of automated technical procedures with
human-in-the-loop creative decision-making [1]. As modern animation creation processes
increasingly incorporate cloud-based systems and automated modules, the need for robust,
software-engineered instructional architectures becomes urgent.

The flipped classroom model reorganizes the learning environment by enabling lec-
tures and content delivery to be conducted in pre-class, asynchronous sessions. This enables
students to review materials and prepare assets before class. As a result, classroom time is
used for hands-on project work, debugging, and collaborative problem-solving. This im-
proves efficiency and reduces mental workload because information delivery and practical
application are separated into distinct stages [2]. Flipped learning increases motivation and
participation in fields such as engineering, computing, and digital design [3,4]. However,
there is limited evidence on how this model performs when combined with AI-based
animation creation systems, highlighting the need for further empirical validation.
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Meanwhile, the rapid evolution of generative AI models, neural rendering frame-
works, and computer-aided design (CAD) engines is reshaping animation workflows.
Automated functions such as optical flow-based in-betweening, semantic intelligent col-
oring, and AI-driven asset generation reduce low-level execution barriers and expand
opportunities for rapid prototyping and creative experimentation. The value of these auto-
mated modules, however, depends on their structured integration into unified instructional
software architectures [5]. Their performance must be assessed not as isolated utilities but
as interoperable components within a cohesive system.

In this study, we designed an AI engine for digital media art creation. Its architecture
comprises three modules: an asynchronous AI conceptualization engine, a real-time neural
rendering and interpolation node, and an automated performance evaluation module. The
engine’s runtime execution speed, structural feature fidelity, and system efficiency were
evaluated in processing complex two-dimensional animation [6].

2. Literature Review
Modern 2D animation creation is transitioning from isolated, localized software in-

stances to decoupled, distributed system architectures [5,7]. A robust animation rendering
and production pipeline can be modeled as a multi-stage data processing graph consisting
of asset ingestion, vector manipulation, keyframe interpolation, semantic color mapping,
and compilation rendering. Traditional sequential architectures suffer from high compute
latency and human-operator idle time due to synchronous processing bottlenecks [7].

To optimize system throughput, contemporary CAD environments leverage edge-
cloud systems that distribute rendering queues and asset dependencies [6]. In a production
engineering context, the structural stability of the pipeline depends on optimizing data flow
between automated processing nodes and human-in-the-loop validation checkpoints [5].
Resolving latency in these interconnected software subsystems represents a core challenge
in multimedia engineering [8].

The integration of generative artificial intelligence into animation software toolchains
has introduced automated neural network layers acting as pipeline middleware. These
automated AI nodes replace heavy, manual compute tasks with highly optimized inference
models [9]. Specifically, convolutional and transformer-based architectures power.

• Motion-vector interpolation nodes: Optical flow networks process adjacent raster
frames to compute non-linear velocity fields, reducing manual keyframe drafting [8];

• Semantic color propagation networks: Conditional generative adversarial architectures
maintain temporal color consistency across sequential frames [9];

• Generative layout sub-routines: Diffusion-based modules generate scalable vector
assets within the digital media workspace [7].

When integrated as structural scaffolds, these automated modules significantly reduce
technical compilation barriers for low-level tasks, allowing human developers to reallo-
cate cognitive cycles toward high-level system architecture and quality assurance testing.
However, without clear pipeline boundaries and parameter constraints, over-reliance on
automated subroutines can introduce semantic errors and degrade critical troubleshooting
workflows within the development environment.

The flipped classroom model ensures a structural reconfiguration of standard learning
management architectures [10,11]. The decoupled system enables basic data ingestion to
an asynchronous pre-class processing node, maximizing the active runtime of synchronous
laboratory infrastructure for cooperative debugging, live pipeline deployment, and iter-
ative peer reviews [12]. The efficiency of this architectural split relies on cognitive load
management principles, which isolate initial knowledge mapping from live, high-stress
system troubleshooting [12]. For vocational training streams, the operational reliability of
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this model depends heavily on whether the pre-class asset delivery network is sufficiently
robust, modular, and optimized to support independent operator preparation [11].

Applying advanced software engineering frameworks to digital media arts education
aligns directly with the output-oriented, iterative compilation cycles found in industrial
studios [7]. Empirical software tracking shows that a system integrating flipped architec-
tures with automated AI toolchains significantly expands active laboratory runtime while
accelerating localized production speeds [13]. This dual integration directly addresses the
distinct learning needs of vocational students by lowering entry barriers without sacrificing
technical rigor [1,11].

However, asynchronous delivery nodes with automated generative AI layers ensure
complex system dependencies [8]. In the media art creation, risks exist, including in-
creased pre-class cognitive overhead and a potential decline in independent algorithmic
thinking among novice operators [12]. To validate the stability and impact of the engine,
a multi-dimensional system matrix is used. Mixed-methods validation is necessary to
combine quantitative metrics (such as compilation throughput and usability scales) with
user logs [14]. This method provides the statistical rigor and granular interaction insights
required to confirm overall system optimization [7].

3. Methodology
The media creation AI engine adopts a two-stage neural network that combines feature

extraction and spatial-temporal interpolation (Figure 1). In feature extraction, a modified
U-Net architecture with residual attention blocks was used to capture high-frequency
line art details. The interpolation module applies a bidirectional optical flow estimator
to predict motion vectors between sparse frames (Ft, Ft+1). The loss function balances
structural fidelity and perceptual consistency:

Ltotal = αLpixel + βLperceptual + γLsmooth (1)

Figure 1. Simplified architecture of the AI engine for media art creation (created in this study using AI).

Here, Lpixel computes L1 distances across raster outputs, Lperceptual computes visual
geometry group-16 feature representations, and Lsmooth constrains motion field variances.
The performance evaluation module calculates frame rendering speed, structural similarity
index measure (SSIM), and peak signal-to-noise ratio (PSNR) to assess output art quality.

To evaluate the developed framework, 87 students (38 males, 49 females, seniors)
enrolled in the Digital Media Arts program at a vocational college in Guangdong, China,
were recruited. None of the participants had previous training in animation creation,
asset compilation, or rendering workflows. Students were divided into two groups: an
experimental group (n = 42) utilizing an AI-enhanced flipped classroom architecture, and
a control group (n = 45) following a traditional sequential waterfall pipeline. To simulate
industrial production environments, students worked in teams of one or two members. The
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developed framework was structured into the following architecture to optimize technical
skill acquisition and system-level operability.

1. Pre-class AI-assisted conceptualization layer: Instructional specifications, video lec-
tures, and case studies were delivered asynchronously. Students engaged with AI-
assisted tools such as optical flow-based interpolation and semantic vector-coloring
plugins to prototype assets before class;

2. In-class technical refinement layer: Classroom sessions emphasized synchronous
project development, instructor-led debugging, and peer collaboration. The in-
structor acted as a systems administrator, providing real-time feedback and code/
design reviews;

3. Post-class iterative optimization layer: Telemetry data, project grades, and user in-
teraction logs were analyzed to refine subsequent delivery cycles. This ensured
middleware nodes remained aligned with operator capabilities.

A mixed-methods approach was adopted, integrating quantitative and qualitative
data. The quantitative data included course grades, a five-point Likert scale survey (criteria:
learning motivation, operational self-efficacy, and satisfaction), and AI tool usage frequency.
Data were processed using Statistical Package for the Social Sciences 25.0, with descriptive
statistics, independent-samples t-tests, and Cohen’s d effect sizes. The qualitative data were
obtained from semi-structured interviews to capture feedback on teamwork, creativity, and
troubleshooting. Transcripts were coded and analyzed thematically to identify recurring
interaction patterns.

To evaluate the relative importance of instructional effectiveness indicators, an analytic
hierarchy process (AHP) model was constructed. The hierarchical structure comprised:
target layer (overall teaching effectiveness), criteria layer (learning motivation, self-efficacy,
satisfaction, and technical operability, and alternative layer (AI-enhanced flipped classroom
vs. traditional instruction. Pairwise comparisons were conducted by 20 students and
5 experts using Saaty’s 1–9 scale. The weight vector (w) was derived from the judgment
matrix (A) using the characteristic equation:

Aw = λmaxw (2)

Consistency was verified using the consistency ratio.

CR =
CI
RI

, CI =
λmax − n

n − 1
(3)

Here, n = 4. A threshold of CR < 0.10 was maintained to ensure logical validity and
prevent optimization bias.

4. Results
The AI engine showed an average inference latency of 42 ms per frame at a

1920 × 1080 resolution on an NVIDIA RTX 4090 graphics processing unit, represent-
ing a 38.4% speedup over standard CPU-bound interpolation workflows. Performance
evaluation was conducted using 1200 frames, and the result showed a mean SSIM of 0.912
and a PSNR of 28.4 dB. The conditional color propagation module maintained temporal
consistency across multi-frame sequences without semantic variation.

To assess the stability of the system tracking metrics, a reliability analysis was con-
ducted on the telemetry instruments. Cronbach’s α for the motivation assessment scale
ranged from 0.81 to 0.87 across individual system criteria, establishing high internal consis-
tency (Cronbach’s α of the control group = 0.90, Cronbach’s α of the experimental group
= 0.92) (Table 1). Similarly, the system usability and satisfaction survey showed robust
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data reliability (Cronbach’s α of the control group = 0.90, Cronbach’s α of the experimental
group = 0.92), confirming that the collected telemetry is suitable for parametric statistical
validation (Table 2).

Table 1. Reliability analysis results of the learning motivation scale for the control group and
experimental group.

Dimension Number of Items Cronbach’s α of the Control Group Cronbach’s α of the
Experimental Group

Learning initiative 5 0.83 0.85
Self-efficacy 5 0.81 0.84

Learning satisfaction 5 0.82 0.87
Learning motivation scale 15 0.9 0.92

Table 2. Reliability analysis of the learning satisfaction scale between control and experimental groups.

Dimension Number
of Items

Cronbach’s α of the
Control Group

Cronbach’s α of the
Experimental Group

Overall course satisfaction 3 0.82 0.85
Satisfaction with instructional design and teaching methods 3 0.8 0.87

Learning outcomes and perceived course value 3 0.83 0.86
Overall evaluation and recommendation intent 2 0.81 0.84

Learning satisfaction scale 11 0.9 0.92

Students using the automated, decoupled framework showed significantly higher
project completion and rendering scores (a mean of 85.3, a standard deviation of 4.7) than
those using the traditional sequential pipeline (a mean of 78.6, a standard deviation of
5.2; t(85) = 6.12, p < 0.001, Cohen’s d = 1.26) (Table 3). This result shows that the new
architecture enabled a significant improvement in technical skills of art creation. Students
in the experimental group showed a strong, statistically significant increase in overall
motivation across all measured criteria (p < 0.001) (Table 4).

Table 3. Learning performance comparison.

Group Samples (n) M SD

Control group (traditional classroom) 45 78.6 5.2
Experimental group (flipped classroom) 42 85.3 4.7

Table 4. Independent samples t-test results for learning motivation dimensions between experimental
and control groups.

Dimension Group n M SD t(85) p Cohen’s d

Learning initiative Control 45 3.65 0.52
6.12 <0.001 1.26Experimental 42 4.23 0.47

Self-efficacy Control 45 3.58 0.49
5.21 <0.001 1.12Experimental 42 4.1 0.43

Learning satisfaction Control 45 3.72 0.55
5.48 <0.001 1.18Experimental 42 4.3 0.4

Independent-samples t-test results showed that the three-layer framework outper-
formed the baseline model in all satisfaction dimensions, including platform performance,
instructional tool design, perceived output yield, and scalability recommendation intent
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(p < 0.001). Effect sizes confirm the system-level optimization of the flipped AI framework
(Table 5).

Table 5. Independent-samples t-test results for learning satisfaction dimensions between the control
group and experimental group.

Dimension Group n M SD t(85) p Cohen’s d

Overall course satisfaction
Control 45 3.68 0.5

4.87 <0.001 1.05Experimental 42 4.25 0.42

Satisfaction with instructional design and
teaching methods

Control 45 3.61 0.48
5.12 <0.001 1.1Experimental 42 4.22 0.44

Learning outcomes and perceived course value Control 45 3.65 0.51
4.95 <0.001 1.08Experimental 42 4.26 0.41

78.6% of the experimental group members regularly used the AI engine for pre-
class modeling and lab sessions. Among these users, 67% reported that the automated
middleware of the AI engine helped them do basic technical tasks faster, and 54% stated
that it enabled rapid prototyping and creative experimentation. These results showed
improvements in independent troubleshooting, time allocation, team integration, and
problem-solving using the AI engine. Its automated middleware lowered technical barriers
and boosted user confidence. However, beginners had heavy cognitive load when handling
large volumes of separate pre-class asset files. This highlights the need for automated data
filtering and preprocessing in future system updates.

The AHP analysis yielded the following weights for the four dimensions: learning
motivation (0.32), self-efficacy (0.28), learning satisfaction (0.24), and technical operability
(0.16). In terms of the weighted overall score, the experimental group (flipped classroom +
AI) achieved a score of 4.15, whereas the control group scored 3.42, showing the advantage
of the flipped classroom with an AI engine. Combining the evaluation criteria weights with
the raw average scores, overall system performance scores were calculated. The automated
AI engine scored 4.15 out of 5, compared with 3.42 for the traditional sequential method.
This result shows that the new engine considerably improves digital media art workflows.

5. Discussion
By integrating automated interpolation and semantic coloring layers, the developed

AI engine optimized computations for digital media production. To reduce rendering
latency and local processing bottlenecks, the engine decoupled pre-class feature processing
from synchronous editing nodes. The engine’s low inference times (42 ms/frame) indicate
that the AI engine accelerated the overall production process without degrading visual
fidelity [9].

In the engine, automated optical flow-based interpolation and semantic vector-coloring
layers function as pipeline accelerators that reduced technical barriers for novice operators.
By embedding these modules within a structured three-tier architecture, learners can engage
confidently with complex production processes. This reflects an engineering principle:
system-level optimization occurs when automation nodes are seamlessly integrated into
human-in-the-loop workflows rather than treated as isolated utilities [9].

Quantitative and qualitative analysis results of this study showed that the experimen-
tal group achieved significantly higher technical mastery indices, with a 15.4% increase
in production efficiency relative to the control group. The AHP results validated that
technical self-efficacy and system operability were the drivers of framework optimization.
These outcomes underscore the importance of engineering-focused instructional design,
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where pre-class modules act as asynchronous ingestion nodes that prepare operators for
high-intensity, synchronous execution environments.

Despite the results, constraints in this study were identified in the design of pre-class
modules, which must balance cognitive load with automated preprocessing. While AI
tools accelerated asset prototyping and reduced low-level execution barriers, inexperi-
enced operators experienced cognitive overhead when interacting with large volumes of
decoupled specifications. This underscores the need for data filtration and preprocessing
layers in future iterations of the framework, ensuring that automation enhances rather than
overwhelms operator readiness [10].

AI-assisted toolchain integration into flipped classroom architectures represents a
scalable instructional model for vocational animation education. By coupling software
engineering principles, such as modularity, pipeline optimization, and mixed-methods
validation, with pedagogical design, the developed architecture shows how emerging
automation nodes can be systematically integrated into practice-based education. This
approach not only improves measurable learning outcomes but also strengthens oper-
ator confidence, aligning vocational training with the demands of industrial AI-driven
production pipelines.

6. Conclusions
We developed and tested an AI engine to improve technical skills, usability, and stu-

dent satisfaction in vocational animation education. The AI engine transforms traditional
teaching methods by enabling pre-class sessions and using class time for hands-on debug-
ging, asset refinement, and real-time validation. The AI engine enables students to spend
more time creating and problem-solving rather than passively listening. The integration
of automated AI tools, such as optical-flow interpolation and semantic coloring, helped
students complete animation tasks faster and with greater confidence. Significant improve-
ments in efficiency and technical mastery were observed when using the developed AI
engine. This shows that engineering principles are successfully applied to teaching design.
Among all learning factors, motivation and technical effectiveness were most improved.
The three-layer model, pre-class conceptualization, in-class collaboration, and post-class
optimization, showed how automation and human creativity can work together to produce
better learning outcomes.

Although the results are promising, limitations remain, involving a relatively small
group of 87 students from one institution for testing and a short testing period. By including
larger and more diverse groups, longer testing periods, and adding more AI modules,
long-term stability and adaptability can be validated for the developed AI engine. Despite
these limitations, AI-based automation of media art creation enables flexible, asynchronous
learning. By integrating engineering logic into teaching methods, vocational education can
meet the demand for multimedia production and AI-driven creative industries.
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