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Effective administration of intangible cultural heritage (ICH) increasingly faces 
challenges arising from intricate prioritization demands, constrained resources, 
and sustainability obligations. Conventional approaches to ICH management are 
predominantly manual and rely heavily on expert judgement, limiting their 
scalability and their ability to integrate data across multiple modalities. This study 
introduces an intelligent decision-support framework that incorporates 
interactive mobile interfaces, virtual reality (VR), and a novel Adaptive 
Convolutional Synthesized Intelligent Memory Network (ACSIMN) to facilitate 
precise ICH prioritization and optimise resource distribution through adaptive 
learning of multimodal features and cross-modal reasoning. Data are gathered 
from diverse sources, including images and videos of cultural artefacts, audio 
recordings of traditional music and oral histories, and textual materials detailing 
historical and cultural contexts. Modality-specific pre-processing procedures are 
applied, such as resizing visual inputs for images and videos, generating 
spectrograms from audio signals, and tokenising and cleansing textual 
information. Feature extraction is conducted using Scale-Invariant Feature 
Transform (SIFT) for visual inputs, Mel-Frequency Cepstral Coefficients (MFCCs) 
for audio data, and Bidirectional Encoder Representations from Transformers 
(BERT) for text. These features are then integrated into a unified latent space, 
enabling coherent multimodal correlation and informed joint decision-making. 
The principal innovation resides in the ACSIMN model, which harmonises 
adaptive convolutional neural network (ACNN) learning for visual interpretation 
with intelligent long short-term memory (ILSTM) for temporal and semantic 
sequence modelling, complemented by VR-enabled visualisation to improve 
situational comprehension. Implemented in Python, the proposed framework 
attains an accuracy of 98.4%, supporting both accurate recognition and real-time 
prioritization of cultural assets, while demonstrating potential for sustainable, 
scalable, and data-driven preservation of ICH. 

 
1. Introduction  

ICH encompasses the evolving cultural practices of contemporary communities, including 
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traditional rituals, performing arts, and oral traditions, maintained across generations. It is crucial 
for preserving intergenerational knowledge, social identity, and cultural diversity [20]. Managing 
ICH is inherently complex, involving priority-setting, documentation, and sustainability 
considerations. With finite resources, the presence of mobile cultural systems, and regional 
disparities, structured and informed management strategies are essential for heritage preservation 
[1]. Digital VR technologies enhance documentation and dissemination of cultural heritage, making 
it more interactive and widely accessible. They enable community participation in conserving 
intangible cultural expressions, overcoming geographical barriers [11]. Interactive VR and mobile 
technologies serve as versatile tools for real-time recording, engagement, and involvement of 
communities, supporting inclusive and participatory management approaches [12].  

The integration of VR and augmented reality as immersive digital experiences enriches the 
understanding of cultural practices within real-world contexts, fostering awareness, evaluation, and 
appreciation of ICH [10]. Data-driven methodologies facilitate the analysis of large multicultural 
datasets, providing objective assessments, revealing trends, and supporting effective cultural 
management through systematic interpretation of visual, auditory, and textual data [12]. Cultural 
expressions are inherently multimodal, typically combining visual, auditory, and narrative elements. 
These sensory dimensions contribute to a more comprehensive and realistic representation of 
cultural phenomena [3]. Heritage policymakers and managers increasingly adopt decision-support 
systems to evaluate cultural significance, accessibility, and sustainability, thereby improving 
transparency, accountability, and consistency in heritage management [6].  

Despite these advances, a cohesive framework that integrates interactivity, immersive 
visualisation, and analytical support for ICH management remains largely absent [2]. There is 
growing demand for collaborative systems that seamlessly connect digital and data-driven 
technologies to enable more sustainable and informed heritage practices [13]. The workflow for 
employing mobile and VR technologies to optimise ICH management is illustrated in Figure 1.  

 
Fig.1: Process of Mobile and VR Technologies in Enhancing ICH Management 

1.1 Research Aim 

The study seeks to develop an intelligent decision-support system for ICH by integrating ACNN 
with ILSTM, further enhanced through the fusion of multimodal features. The designed framework 
is intended to accurately prioritise and analyse diverse cultural assets, including images, videos, 
audio recordings, and textual data, while improving recognition precision, enabling cross-modal 
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reasoning, and providing resilience for applications in mobile and VR-based heritage management. 

1.2 Research Organization  

Section 1 outlines the rationale for adopting intelligent approaches to ICH management, while 
Section 2 reviews existing techniques for ICH preservation. Section 3 introduces a decision-support 
framework based on the ACSIMN architecture. Section 4 details the experimental design, 
performance assessment, and obtained results. Finally, Section 5 explores prospects for sustainable 
and scalable heritage management. 

1.3 Related Works  

Table 1 provides a summary of research on mobile and VR technologies, as well as multimodal 
learning approaches applied to ICH management. It highlights study objectives, employed 
methodologies, key findings, and identified limitations, emphasises existing research gaps, and 
underscores the need for an integrated intelligent decision-support system. 

Table 1 
Comparative Analysis of Existing Studies on Intelligent, Mobile, and VR Technologies for ICH Management 

Reference Method Objective Key Results Limitations 

Galani and 
Vosinakis [9]  

Mobile augmented 
reality with three-
dimensional (3D) 
overlays 

Enhance user engagement 
and appreciation of cultural 
heritage 

Improved learning outcomes and 
user experience; system reported 
as intuitive and user-friendly 

Small participant 
sample; limited 
comparison with 
digital-only platforms 

Di Giulio et 
al. [5]  

Vision Transformer 
combined with linear 
discriminant analysis 
(LDA) 

Facilitate ICH management 
via heritage value 
assessment 

Model achieved 0.889 accuracy Needs recalibration for 
different cultural 
contexts 

Fu et al. [8]  Deep learning (DL) and 
Natural Language 
Processing (NLP) 
systems 

Support efficient 
documentation of ICH 

Cultural accuracy of 92% with 
increased community involvement 

Ethical considerations 
and sustainability 
issues 

Wu et al. 
[19]  

Lightweight CNN + RNN 
with optimisation 

Automate visual storytelling 
for ICH preservation 

High reliability, exceeding 98% 
accuracy 

Dataset diversity was 
limited 

Ziku et al. 
[24]  

Affective Event Theory 
model 

Assess the effect of digital 
experiences on ICH 
dissemination 

Visual and auditory elements 
improved dissemination 
behaviour 

Dependent on self-
reported survey data 

Xie [20]  VR-based digital mobile 
display technology 

Enhance interaction and 
realism in ICH exhibitions 

Visual experience improved by 
over 25% 

Implementation costs 
were high 

Zhang et al. 
[21]  

AI, VR, digital twins, 
and blockchain 

Evaluate effectiveness of 
heritage conservation (HCE) 

Blockchain enabled authentic 
digital experiences for HCE 

Potential bias in 
simulations 

Cui [4]  3D scanning and digital 
photogrammetry 

Preserve and visualise ICH Digital resource development 
improved 

User engagement 
remained limited 

Zhang and Li 
[23]  

Immersive VR with 
gamified 
reconstruction 

Systematic reconstruction 
and long-term preservation 
of ICH 

Enhanced user experience, 
cultural continuity, and 
preservation outcomes 

Technical complexity 
and long-term 
sustainability concerns 

Sun et al. 
[17]  

Multimodal framework Enable scalable 
documentation and indexing 
of ICH 

Achieved 94.8% accuracy with 
better information transmission 

Requires expert 
involvement 

Shang [15]  ALS-optimized MKSVM-
LSTM 

Predict ethnic assessment of 
ICH artworks 

Achieved 97% accuracy, 
outperforming conventional 
models 

Dataset size limited; 
potential feature bias 

 
2 Methodology  

ACSIMN is a methodological framework that integrates ACNN, ILSTM, and multimodal feature 
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fusion to enable comprehensive analysis of ICH. Through pre-processing of diverse data types—
including images, videos, audio, and textual content—the approach improves data quality and 
uniformity. ACNN is employed to extract spatial features from visual inputs, while ILSTM models 
temporal and semantic patterns in audio and textual data, facilitating cross-modal reasoning within 
a unified latent representation. The framework also incorporates VR-based visualisation to enhance 
situational comprehension, as depicted in the workflow diagram in Figure 2. 

 
Fig.2: Proposed Framework for Cultural Heritage Analysis 

2.1 Data Acquisition 

Cultural Heritage Management Data (https://www.kaggle.com/datasets/colabsss/cultural-
heritage-management-dataset?resource=download&select=ich_video_dataset.csv) is designed to 
support intelligent decision systems for the managing and prioritization of ICH in mobile and VR 
environments. The system captures and integrates cultural assets through multimodal data, 
comprising 2,000 audio recordings, 2,000 videos, and 2,000 textual entries corresponding to various 
ICH items. It draws from ten national repositories of images and other cultural expressions, 
providing details on cultural context, geographic location, temporal relevance, documentation, 
community participation, and sustainability metrics. Each cultural resource is evaluated according to 
preservation priority and resource allocation requirements. The dataset is further divided into 
training (80%) and testing (20%) subsets to enable evaluation of intelligent frameworks for 
recognition, prioritization, and management of ICH. 

2.2 Pre-Processing 

To ensure visual consistency and reduce source variability, images and videos of cultural 
artefacts are first standardised to uniform resolutions. Audio recordings of traditional music and 

https://www.kaggle.com/datasets/colabsss/cultural-heritage-management-dataset?resource=download&select=ich_video_dataset.csv
https://www.kaggle.com/datasets/colabsss/cultural-heritage-management-dataset?resource=download&select=ich_video_dataset.csv
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oral narratives are converted into spectrograms, with temporal frequency patterns extracted to 
enable effective analysis. Textual documents are tokenised into words, phrases, or symbols, 
creating structured inputs that preserve cultural context and support accurate recognition and 
prioritisation of ICH assets. 

2.2.1 Image Resizing for Consistent Input to Achieve Accurate ICH Prioritization 

To ensure reliable analytical outcomes for cultural artefacts, images and videos are down-
sampled to mitigate variations in resolution, scale, and aspect ratio. Visual data are resized to a 
fixed resolution using bi-cubic interpolation, preserving the original aspect ratio and retaining 
essential content. This standardisation guarantees uniformity, maintains visual integrity, and 
supports effective management of ICH assets. Figure 3 illustrates the process with (a) original and 
(b) resized images (256×256), demonstrating how pre-processing aligns input dimensions without 
altering visual details, thereby enabling consistent feature extraction across multimodal heritage 
analyses. 

 
Fig.3: Representations of (a) Original and (b) Resized Cultural Artefact Images 

2.2.2 Spectrograms for Temporal Analysis of Traditional Audio in ICH 

Audio recordings of traditional music and oral narratives contain rich temporal and frequency 
information that is essential for analysing cultural heritage. These recordings are transformed into 
spectrograms to enable accurate recognition and prioritisation of ICH. The spectrograms capture 
variations in time, frequency, rhythm, pauses, and speech rate, supporting systematic audio 
processing, seamless multimodal integration, and informed decision-making for the effective 
preservation of cultural assets. 

2.2.3 Tokenization for Structured Text Analysis in ICH 

The analysis of ICH textual data begins with tokenization, which involves segmenting documents 
into smaller units, or tokens, such as words, phrases, or symbols, to facilitate effective feature 
extraction. This process systematises text processing, producing structured inputs suitable for 
subsequent embedding or sequential modelling. Common tokenization strategies include division 
by spaces, punctuation, or line breaks. Advanced tokenization preserves significant historical and 
cultural patterns, reduces ambiguity, and enhances the quality of textual representations, thereby 
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improving recognition, classification, and prioritisation of ICH items. 

2.3 Feature Extraction  

SIFT is applied to images and video data to extract scale-invariant visual features, capturing both 
structural and appearance characteristics of cultural artefacts. MFCC is utilised to analyse audio 
spectrograms, deriving frequency-based attributes that encode tonal, rhythmic, and temporal 
information. BERT is employed to generate contextual semantic embeddings of textual data, 
representing historical and cultural meaning, thereby enabling effective integration of ICH assets 
across modalities and supporting more informed prioritisation. 

2.3.1 Feature Extraction Using SIFT for Visual Analysis of ICH Artefacts 

Visual representations of cultural elements and traditional practices exhibit substantial 
variations in scale, orientation, and viewing conditions due to differing acquisition environments. To 
address this variability, SIFT is employed to characterise images through local key points that remain 
invariant to changes in scale and rotation, making it particularly suitable for heterogeneous ICH 
image datasets. Key point detection is performed within a scale-space using the Difference of 
Gaussian (DoG) method. The Gaussian scale-space representation is defined in Equation (1): 

𝐻(𝑖, 𝑗, 𝜎) = 𝑌(𝑖, 𝑗, 𝜎) ∗ 𝐾(𝑖, 𝑗)                              (1) 
Where 𝐻(𝑖, 𝑗) represents the input cultural image, 𝑌(𝑖, 𝑗, 𝜎) is the Gaussian kernel, 𝜎 is the standard 
deviation 𝜎, 𝐾(𝑖, 𝑗, 𝜎) denotes the scale-space image, and ∗ indicates convolution. Stable key points 
are identified by locating extrema across neighbouring scales. Each significant point is assigned an 
orientation based on local image gradients, ensuring invariance to rotation. The gradient magnitude 
is computed using Equation (2): 

𝑝(𝑖, 𝑗) = √(𝐻(𝑖 + 1, 𝑗) − 𝐻(𝑖 − 1, 𝑗))2 + (𝐻(𝑖, 𝑗 + 1) − 𝐻(𝑖, 𝑗 − 1))2                          (2) 
𝑝(𝑖, 𝑗) denotes the gradient magnitude at pixel location 𝑖, 𝑗. 𝐻(𝑖 + 1, 𝑗 and 𝐻(𝑖 − 1, 𝑗) are the 

values of 𝐻 at the neighbouring pixels above and below (𝑖, 𝑗). These gradients capture structural 
characteristics of cultural artefacts, allowing their visual representation to remain consistent and 
supporting reliable prioritisation and management of ICH assets.  

Figure 4 illustrates the processing of cultural artefact images and their features using the SIFT 
algorithm, highlighting key points, edges, and textures as critical components in heritage analysis 
through multimodal representation. 

 
Fig.4: Representation of (a) Pre-Processing and (b) Feature Extraction of Cultural Artefacts 

2.3.2 MFCC Feature Extraction for Traditional Audio Analysis in ICH 

Audio recordings of traditional music and oral narratives contain rich perceptual information, 
making them critical for ICH analysis. To extract these features, MFCCs are employed, as they model 
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human auditory perception and emphasise frequency-based components that are perceptually 
significant. Equation (3) defines the nonlinear connection between the actual frequency e (in Hz) 
and the Mel frequency 𝑒Mel. 

𝑒Mel = 2595 × log 10 (1+
𝑒

700
)                                                                                             (3) 

where 𝑒Mel represents the Mel-scaled frequency aligned with human hearing sensitivity. This 
process is instigated by dividing the discrete audio signal into low overlying edges 𝑤𝑗(𝑚), where 

𝑗 denotes the frame index and 𝑚denotes the sample index within each frame.  
Equation (4), representing the Fast Fourier Transform (FFT), is applied to convert each individual 

frame into its corresponding frequency spectrum. 

𝑊(𝑗, 𝑙) = ∑ 𝑤𝑗

𝑀−1

𝑚=0
(𝑚)𝑋𝑀

𝑙𝑚, 𝑙 = 0,1, … , 𝑀 − 1                                    (4) 

Here, 𝑊(𝑗, 𝑙) is the frequency-domain representation of frame 𝑗at frequency bin 𝑙, 𝑀is the total 

number of samples per frame, and 𝑋𝑀
𝑙𝑚 denotes the FFT basis function. The associated power 

spectrum is then calculated by Equation (5).  
𝐹(𝑗, 𝑙) =∣ 𝑊(𝑗, 𝑙) ∣2                                                  (5) 

After that, the power spectrum is run through a bank of 𝑁 Mel-scaled filters to get the Mel filter 
bank energies, which are determined using Equation (6).  

𝑇(𝑗, 𝑘) = ∑ 𝐹(𝑗, 𝑙) 
𝑀−1

𝑙=0
𝐺𝐾(𝑙)                                                (6) 

Where 𝑇(𝑗, 𝑘) represents the findings of the 𝑘-th Mel filter 𝐹(𝑗, 𝑙) for frame 𝑗, and 𝐺𝑘(𝑙) is the 
weighting function of the 𝑛-th Mel filter. Finally, the logarithm of the Mel filter energies is 
transformed using a Discrete Cosine Transform (DCT) to derive the MFCCs, as expressed in Equation 
(7). 

𝑀𝐹𝐶𝐶(𝑗, 𝑖) = √
2

𝑁
∑ log [𝑇(𝑗, 𝑘)]cos 

𝐾−1

𝑛=0
(

𝜋𝑖(𝑛−0.5)

𝑁
) , 𝑚 = 1,2, … , 𝐾                        (7) 

𝑀𝐹𝐶𝐶(𝑗, 𝑖) denotes the 𝑖 − 𝑡ℎ spectral coefficient of frame 𝑗, 𝑙𝑜𝑔𝑧𝑇(𝑗, 𝑘)] logarithmic 
compression, cos(·) is a cosine basis. 𝜋 is a mathematical constant, 𝑛 denotes coefficient order 𝑁 
denotes the total of Mel filters, and 𝐾is a number of retained MFCC coefficients. MFCC 
representations effectively capture the key characteristics of traditional audio, enabling their 
seamless integration with visual and textual data for consistent analysis and prioritisation of ICH 
assets. 

2.3.3 BERT for Semantic Understanding and Cultural Context Representation in Textual Data 

BERT is employed to capture rich contextual features from textual materials associated with ICH, 
such as oral narratives, traditional stories, and ritual descriptions. Its bidirectional processing 
enables the model to learn semantic and syntactic patterns, generating embeddings that encode 
both meaning and context within ICH content. These deep contextual representations are then 
integrated into multimodal analyses, allowing textual data to be accurately classified, aligned, and 
fused with audio and visual modalities to support effective documentation and preservation of ICH. 

2.4 Multimodal Data Fusion 

Multimodal data fusion entails integrating visual, audio, and textual information into a unified 
latent representation that preserves cross-modal semantic relationships. Feature representations 
obtained from SIFT, MFCC, and BERT are standardised, aligned, and jointly encoded to ensure 
consistent correlations across heterogeneous modalities. This coherent representation supports 
high-quality collaborative inference, enhancing both the accuracy and consistency of decisions 
regarding the prioritisation and management of ICH. 
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2.5 ACSIMN for Intelligent ICH Decision Support 

ACSIMN integrates complementary learning mechanisms to enable intelligent and sustainable 
management of ICH. The ACNN component extracts spatial patterns from visual cultural data, 
providing robust representations under diverse conditions. The ILSTM module models temporal and 
semantic relationships in audio and textual narratives, preserving the sequential cultural context. By 
unifying these components within a single hybrid framework, ACSIMN supports coherent 
multimodal reasoning, facilitating informed decision-making and prioritisation in the preservation of 
ICH. 

2.5.1 ACNN for Intelligent Analysis and Categorisation of ICH 

The ACNN is a supervised deep learning model employed for accurate identification and 
classification of ICH elements. It is utilised to extract discriminative visual features from images and 
videos of traditional artefacts, crafts, and cultural performances, supporting proper digitalisation 
and long-term heritage preservation. Figure 5 illustrates the ACNN architecture, highlighting 
hierarchical feature extraction, max pooling, fully connected layers, and SoftMax-based 
classification, which collectively enable effective learning and discrimination of multimodal cultural 
representations. 

 
Fig.5: ACNN Architecture for Cultural Feature Learning 

The input layer receives visual data in a matrix of dimensions n×o, where n represents the 
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height and o the width of the input ICH data. This input is processed by the convolutional layer, in 
which learnable filters of size e×e traverse the data to extract relevant local features, including 
textures, shapes, and symbolic patterns associated with cultural content. Feature maps are 
generated through convolution, preserving the spatial relationships inherent in the visual 
information. To introduce nonlinearity and enhance feature discrimination, an activation function is 
applied, as defined in Equation (8): 

ReLU(𝑎) = max (0, 𝑎)                             (8) 
Where, 𝑎 denotes the input activation value of a neuron. 𝑚𝑎𝑥(0, 𝑎) outputs zero for negative 
inputs and the input itself for positive values. This reduces dimensionality, improves computational 
efficiency, and robustness to spatial variations. The output size of the convolutional layer for an 
input of size 𝑁 × 𝑁, filter size 𝑒 × 𝑒, and padding 𝑞 is computed using Equation (9): 

(𝑁 + 2𝑞 − 𝑒 + 1)2                                                                                     (9) 
In processing visual data related to ICH, 𝑁 denotes the size of the input feature map 

representing cultural images or videos, 𝑒 defines the convolutional filter size used to capture 
meaningful cultural patterns, and 𝑞 represents padding applied to preserve spatial details, ensuring 
effective digital management and interpretation of heritage elements. Through this procedure, 
ACNN ensures stable learning, robust generalisation, and consistent classification of diverse ICH 
representations. 

2.5.2 ILSTM for Temporal Analysis of ICH Data  

Figure 6 illustrates the ILSTM model, which processes both delayed and non-delayed inputs 
from multimodal cultural heritage data. This enables the learning of temporal patterns, adaptive 
feature correlations, and accurate prediction of ICH, supporting effective prioritisation and resource 
allocation for heritage management. 

 
Fig.6: ILSTM Architecture for Multimodal Heritage Prediction 

When analysing ICH data, such as sequential patterns in textual narratives or audio recordings of 
traditional music, conventional LSTM models can lead to reduced classification performance and 
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increased training time, particularly when handling high-dimensional multimodal ICH features. To 
address this issue, an ILSTM network is proposed, which preserves sequential data while effectively 
integrating input features. The retained information proportion, referred to as the kept proportion, 
is defined in Equation (10). 

Information_reserve =
1

seq_length
× information (10) 

The sequence length (seq_length) denotes the number of consecutive elements in the input, 
such as words from an oral narrative or frames from a traditional music recording. The information 
variable represents the total data available at each time step, incorporating all extracted features 
from textual, audio, or visual modalities. The information_reserve specifies the proportion of this 
input that is retained and effectively utilised by the ILSTM to ensure accurate classification and 
feature representation of ICH elements. Equation (11) integrates the sequential input features into 
a single consolidated vector. 

𝑋 = [𝑥1, 𝑥2, … , 𝑥seq_length]       (11) 
Where 𝑋 denotes the vector at the time step, including textual, audio, or visual embeddings. 

The output of the ILSTM network is defined as in Equation (12). 
Ilstm_out = [ℎ𝑡]        (12) 

Here, ℎ𝑡 is the final ILSTM cell’s hidden state, now enriched by all sequential inputs without 
discarding intermediate information. 

This enhanced design leverages the sequential nature of ICH features to minimise interference, 
preserve semantic and temporal patterns, and accelerate training. It enables effective grouping and 
prioritisation of ICH elements by identifying dynamic trends within the data. The hybrid framework 
integrates ACNN and ILSTM within ACSIMN, utilising the multimodal properties of visual, audio, and 
textual ICH information to capture spatial structures alongside temporal-semantic relationships 
while maintaining cultural richness. This approach supports informed decision-making for 
sustainable ICH management, improving conservation, accessibility, and long-term engagement 
with cultural assets. 

 
3 Result  

This section presents the results of comparing the ACSIMN-based framework with existing 
intelligent and multimodal frameworks, demonstrating that the proposed framework outperforms 
others in recognising and prioritising ICH assets. Assessment and classification of ICH were 
conducted using the ACSIMN framework implemented in Python 3.11 on an Intel Core i7-12700H, 
enabling efficient multimodal feature extraction, sequential modelling, and intelligent decision 
support. 

3.1 Performance Validation of Proposed Framework  

The predictability, convergence, and stability of the proposed framework are examined using 
multimodal cultural datasets. The training strategy is optimisation-based, enhancing performance 
stability and minimising error propagation. Cross-class evaluation demonstrates comparable 
recognition performance across different types and modalities of ICH. The findings indicate robust 
generalisation and effective multimodal feature learning, suitable for deployment in mobile and VR-
based decision-support applications. Figure 7 illustrates the distribution and characteristics of the 
multimodal dataset employed for ICH analysis, showing (a) audio duration density patterns, (b) 
variability in video and image contributions, and (c) the relationship between textual length and 
cultural significance. 
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Fig.7: Illustration of Multimodal Data Characteristics (a) Audio Duration Density Distribution, (b) Video and 

Image Trends, and (c) Textual Document Length Versus Cultural Importance Relationships 

Figure 8 depicts trends in multimodal relationships across cultural data modalities, emphasising 
correlations between (a) audio duration and cultural significance, (b) comparative value patterns in 
video data, and (c) textual historical depth in relation to cultural importance. 

 
Fig.8: Multimodal Relationship Analysis: (a) Audio Duration Versus Cultural Significance Regression, (b) 

Video and Image-Based Value Comparison across Samples, and (c) Textual Historical Depth Versus Cultural 
Importance Distribution 
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3.2 Performance Evaluation  

The following section presents a comparison between the proposed ACSIMN framework and 
existing intelligent multimodal learning approaches, including CNN combined with Bi-LSTM and 
Transformer [17] and the Artificial Lizard Search–optimized Multi-Kernel Support Vector Machine 
with LSTM (ALS-MKSVM-LSTM) [15]. The performance of intelligent ICH prioritisation and 
recognition is evaluated using relevant performance metrics. 

3.3 Metrics Explanation  

Accuracy (%): Represents the overall effectiveness of recognising and prioritising ICH within 
multimodal cultural datasets. Higher accuracy reflects efficient integration of visual, auditory, and 
textual features in decision-making processes.  

Precision (%): Denotes the proportion of correctly identified cultural assets relative to all assets 
marked as significant. High precision indicates minimal false prioritisation in heritage management 
decisions.  

Recall (%): Measures the system’s ability to correctly detect all ICH elements. A high recall value 
indicates comprehensive coverage of diverse cultural manifestations across communities.  

F1-Score (%): Provides a balanced assessment by integrating precision and recall in multimodal 
classification tasks. An increased F1-score demonstrates consistent and reliable decision-making 
across ICH categories.  

Parameters (M): Indicates the total number of trainable weights within the ACSIMN 
architecture. Fewer parameters signify model compactness, enhancing portability for mobile- and 
VR-based applications.  

Inference Time (ms): Assesses the time required by the system to generate a decision when 
presented with multimodal input. Reduced inference time enables real-time interaction and 
immersive VR visualisation.  

Memory Usage (GB): Refers to the memory needed to process multimodal data and produce 
decisions. Lower memory consumption supports scalable, energy-efficient execution on resource-
limited platforms.  

Table 2 and Figures 9–11 provide a comparison of key performance metrics. Existing multimodal 
approaches, such as CNN + Bi-LSTM + Transformer Sun et al. [17] and ALS-MKSVM-LSTM [15], 
perform competitively on ICH datasets.  

Table 2 
Performance Comparison using Classification Key Parameters 

Methods Recall 
(%) 

F1-Score 
(%) 

Memory Usage 
(GB) 

Accuracy 
(%) 

Precision 
(%) 

Parameters 
(M) 

Inference Time 
(ms) 

CNN + Bi-LSTM + Transformer 
(Sun et al., 2025) 

95.2 94.6 6.4 94.8 94.1 18.6 156 

ALS-MKSVM-LSTM (Shang, 2025) 96.0 95.7 3.2 97.0 95.5 12.8 88 
ACSIMN (Proposed) 98.1 97.9 2.6 98.4 97.8 9.6 61 

 
However, the proposed ACSIMN model outperforms these methods, achieving higher accuracy 

(98.4%), precision (97.8%), recall (98.1%), and F1-score (97.9%) while demonstrating substantially 
lower computational complexity. Additionally, ACSIMN utilises fewer parameters (9.6 M), requires 
less inference time (61 ms), and consumes less memory (2.6 GB), confirming its efficiency for real-
time mobile and VR-based ICH decision-support applications. These results demonstrate that the 
framework effectively captures fine-grained multimodal cultural features, supports robust cross-
modal reasoning, and maintains stable predictive performance across a variety of ICH categories.  



Decision Making: Applications in Management and Engineering 

Volume 8, Issue 2 (2025) 881-897 

893 

 
 

 

 
Fig.9: Performance Metric Comparison across Multimodal ICH Models 

 
Fig.10: Inference Time Analysis of Intelligent ICH Frameworks 

 
Fig.11: Model Complexity and Memory Usage Comparison 



Decision Making: Applications in Management and Engineering 

Volume 8, Issue 2 (2025) 881-897 

894 

 
 

 

4 Discussion  
Exact prioritisation and identification of ICH are challenging due to the diversity of cultural 

modalities, complex temporal and spatial distributions, and heterogeneous data sources within VR 
environments. Existing approaches, such as CNN + Bi-LSTM + Transformer Sun et al. [17] and ALS-
MKSVM-LSTM [15], achieve moderate success but suffer from high computational demands, limited 
generalisation, and insufficient handling of fine-grained multimodal features. These limitations can 
result in partially or wholly inaccurate analyses and prioritization of cultural assets. The proposed 
ACSIMN framework addresses these challenges by integrating ACNN for spatial feature extraction 
with ILSTM for temporal and semantic learning, combined through multimodal feature fusion. The 
framework is further enhanced with VR-based accessibility and immersive visualisation, enabling 
real-time exploration, evaluation, and management of cultural resources. This integrated 
methodology ensures accurate identification, effective cross-modal reasoning, and scalable, 
interactive, real-time decision-support to promote sustainable ICH management.  

This study contributes to the discourse on ICH management by introducing a smart decision-
support system that merges mobile and VR technologies. The findings align with recent research 
emphasising the growing impact of digital tools in enhancing participation, governance, and 
sustainability in heritage management. Specifically, the framework responds to the need for 
adaptive, data-driven, and stakeholder-inclusive management in complex socio-cultural contexts. In 
line with the multi-stakeholder approach proposed by Zhang et al. [22], the framework positions 
digital technologies not merely as exhibition tools but as mediating infrastructures that connect 
heritage professionals, policymakers, tourists, and local communities. It facilitates interactive 
engagement and co-creation, strengthening audience interest and cultural relevance by embedding 
mobile and VR technologies in decision-making. This participatory approach enhances the 
experiential and interpretive dimensions of ICH, moving beyond static representation toward 
dynamic cultural interaction.  

Operational Perspective: The framework draws on digitalisation workflows identified by Nguyen 
et al. [14], emphasising systematic acquisition, processing, and management of heritage data. 
Unlike linear digital documentation models, this approach incorporates real-time mobile inputs and 
VR simulations in decision-making, enabling heritage managers to explore alternative strategies 
more efficiently. This capability improves scenario analysis, monitoring, and adaptive planning, 
which are critical for managing living heritage practices susceptible to social and environmental 
changes. The experiential design is consistent with the affective and perceptual aspects of ICH 
tourism; as [16] note, emotions such as awe significantly influence tourist appreciation and 
valuation of intangible heritage. By leveraging VR-based immersive storytelling and mobile-
mediated interpretation, the framework enhances emotional engagement while generating user 
interaction data for strategic decision-making. This dual function strengthens both visitor 
experience and managerial insight, bridging a critical gap between experiential design and heritage 
management.  

Moreover, the framework aligns with circularity and sustainability principles emphasised in 
heritage conservation literature. Tira and Türkoğlu [18] argue that decision-support systems 
grounded in circular economy logic facilitate integrated and resilient heritage management. By 
incorporating iterative feedback loops, resource optimisation, and long-term value creation, the 
framework combines technological innovation with cultural stewardship, which is particularly 
relevant for ICH where continuity, community participation, and adaptability are more critical than 
material permanence. The integration of ICT-based systems also resonates with large-scale 
European heritage initiatives such as INCEPTION and ROCK, which illustrate the transformative 
potential of digital technologies in enhancing access, understanding, and protection of cultural 
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heritage [5]. While these programmes focus on built heritage, the current research extends their 
rationale to emphasise immobility, immersion, and intelligent decision-making, demonstrating the 
flexibility of ICT-driven heritage models across diverse typologies. Furthermore, the framework 
contributes indirectly to sustainability assessment by facilitating informed decisions that account for 
environmental and cultural impacts. Foster and Kreinin [7] stress the importance of detailed 
indicators for heritage interventions under circular economy principles. Although their focus is on 
built heritage, their findings highlight the necessity of incorporating impact-awareness into 
management systems. The proposed framework provides a platform for evidence-based 
assessment, aligning ICH preservation with sustainability objectives.  

Overall, this research synthesises digital innovation, experiential design, and decision-support 
principles into a coherent framework that streamlines ICH management. It addresses gaps in 
stakeholder engagement, promotes sustainable heritage practices, and offers a scalable model 
adaptable to various cultural contexts.  
 
5 Conclusion  

The primary focus of this research was the development of an intelligent decision-support 
framework for managing and prioritising ICH. The proposed model, ACSIMN, integrates ACNN for 
spatial feature learning with ILSTM for temporal and semantic pattern extraction, enhanced 
through multimodal feature fusion and further strengthened by mobile accessibility and immersive 
VR visualisation. The framework demonstrates superior performance, achieving recall of 98.1%, F1-
score of 97.9%, accuracy of 98.4%, and precision of 97.8%, while exhibiting reduced computational 
demands, with 9.6 M parameters, 61 ms inference time, and 2.6 GB memory usage, enabling 
precise real-time identification and prioritisation of cultural assets. Despite its effectiveness, the 
framework has limitations: it remains computationally intensive and has primarily been evaluated 
on curated heritage datasets, leaving its generalisability to other heritage contexts uncertain. Future 
research directions include enhancing computational efficiency, extending applicability to diverse 
multimedia cultural datasets, integrating explainable AI for interpretability, and facilitating large-
scale, real-world deployment within smart cultural heritage management systems.  
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