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ABSTRACT 

The mounting need for accurate, consistent and scalable metadata generation has newly come to the fore as 

digital enterprises, on a continuous basis, generate massive volumes of images, videos, documents and creative 

assets. On the one hand, traditional Digital Asset Management (DAM) systems are still heavily dependent on 

manual tagging. On the other hand, they are linked with rudimentary rule-based tools, which, however, cannot 

cope with large and diversified datasets and frequently generate inconsistent or shallow metadata. Such 

inherent drawbacks are influencing the aspects of asset discoverability, search quality, and personalization, as 

well as the downstream automation process. In response to these issues, the present document proposes a 

Semantic-AI Framework for automated metadata generation in which technologies comprise natural language 

understanding, computer vision, knowledge graphs and contextual reasoning on a higher level of integration. 

The framework tags raw assets with semantically meaningful tags, attribute sets, contextual descriptors, and 

relationship mappings that go far beyond simple keyword extraction. From a methodological viewpoint, the 

system integrates multimodal AI models for content interpretation, a semantic ontology layer for domain 

alignment, and an adaptive learning mechanism that refines metadata quality using human-in-the-loop 

validation. The experimental results reveal that the framework delivers its promises in terms of accuracy, depth, 

and contextual relevance, especially for complex or ambiguous assets, on a regular basis. The improvements in 

cataloging workflows and asset retrieval precision across different content types are also highlighted by the 

paper. Moreover, the organization can readily accommodate the evolving taxonomies, the brand guidelines or 

the industry-specific requirements through the interplay of the 'feedback loops' and the framework without 

major reengineering. On the one hand, the study shows the potential of Semantic-AI to revolutionize the DAM 

environment through the support of dynamic taxonomies, cross-asset reasoning, predictive tagging, and 

intelligent content recommendations. 

 

KEYWORDS 

Semantic AI, Digital Asset Management (DAM), Metadata Automation, Knowledge Graphs, NLP, Computer 

Vision, Ontology Engineering, Machine Learning, Content Classification, Information Retrieval. 

 
 

 

http://creativecommons.org/licenses/by-sa/4.0/
https://doi.org/10.67228/30715636/WCMEAI-2025P113
10.67228/30715636/IJETMR-2018PI6L7D
10.67228/30715636/IJETMR-2018PI6L7D


  

 
 

ISSN: 3071-5636 
PP: 202-218. 

 

---------------- 
Semantic-AI Framework for Automated Metadata Generation in Digital Asset Management 

Siva Sai Krishna Suryadevara 

 203 

1. INTRODUCTION 

1.1. Challenges in Digital Asset Management  

The current digital ecosystem of the world is growing at a rate that has never been seen before, 

and this is largely due to the fact that images, videos, design files, documents, and multimedia content 

are being created constantly in virtually all sectors. As a result of the organizations investing heavily 

in digital experiences, marketing campaigns, and data-driven operations, the volume of unstructured 

content stored in Digital Asset Management (DAM) systems has increased enormously. Such a huge 

increase in the volume stored poses a very serious problem: if there is no top-notch metadata to go 

along with it, then digital assets become so hard to find, organize, and reuse that the staff members 

have no other option but to spend their time in a fruitless search of the right files. There is still a reliance 

on the manual tagging of content creators or librarians in many DAM environments; however, this 

method of tagging consumes a lot of time, is inconsistent in nature, and almost impossible to scale. 

Workers might differently apply tags to different things, leave out some important descriptors, or view 

content in a way that is not objective, and all these can result in fragmented metadata and thus lesser 

chances of asset discoverability. 

 

Even if one disregards the manual efforts, integration and interoperability problems make the 

situation worse. Big enterprises, which are the typical users of many platforms—content management 

systems, cloud storage tools, creative suites, and marketing automation platforms—face the challenge 

wherein each of these systems might have a different way of defining metadata. The fragmentation 

causes loss, duplication, or mismatches of metadata when moving assets across these tools. At the same 

time, the use of taxonomies and ontologies might be different for various teams or even regions, and it 

becomes very hard to keep up with a uniform structure of metadata throughout the organization. Two 

different teams might label similar content in a radically different manner and this might lead to 

confusion as well as fewer possibilities of enterprise-wide metadata governance.  

 

1.2. Problem Statement  

While DAM systems carry immense strategic value, organizations of today still grapple with 

quite basic issues of metadata quality. At the heart of the problem is the lack of standardized metadata 

schemas that are used everywhere, in platforms, and in workflows. The teams internally often come 

up with different ways of defining, tagging, and structuring folders, which leads to the inconsistent 

classification of assets. Not being able to define and apply standards makes it almost impossible to 

implement governance policies or unify metadata practices across different business units. Such 

inconsistency has a direct impact on asset search and retrieval capabilities, the more so when 

organizations operate internationally or handle large content repositories. 

 

Manual annotation is the major method of work, but it still leaves substantial variability and 

accuracy at a low level. The human annotators may miss some key factors, see the visual or textual 

content in a different way, or even apply their choices during the tagging process. When content 

volumes increase, it becomes extremely hard to maintain correctness; thus, we get incomplete or even 

misleading metadata. Badly done metadata can really slow down retrieval performance: users may 
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look for a particular asset, which is technically there, but due to missing or inconsistent tags, it remains 

invisible. This diminishes the total value of DAM investments since assets cannot be used efficiently. 

 

Scalability is battling just as fiercely as the other issues of metadata quality with the enterprises 

managing millions of digital files, who from now on will not be able to rely on manual or rule-based 

categorization methods. The old keyword-based tagging systems are not capable of understanding the 

context of the complex content, which is the reason why the misclassification or superficial 

categorization occurs. With the increase in content volume, the overload problem also arises for the 

teams responsible for cataloging and managing these assets.  

 

1.3. Motivation  

The main reason to build a semantic, AI-driven, fully automated metadata technology is, 

essentially, to address the problem of inefficiency and inaccuracy that is very common in human-

generated metadata solutions, while also opening up new ways to unleash value from digital assets. 

The demand for visual storytelling, rich media, and digital communication, to which most 

organizations are now exposed, has created a heavy burden for the teams responsible for managing 

and tagging these assets, whose capacity has already been exceeded. Automation is no longer merely 

a matter of convenience; it has become a vital means of sustaining the operational flow and avoiding 

bottlenecks. Automatic metadata creation is   as it is a way to lessen the hard manual work that is 

always the same, in which the inconsistencies are eradicated and the pace of cataloging is quickened, 

thus providing creative and marketing teams with the freedom to dedicate themselves to more 

valuable tasks. 

 

The powering technologies behind AI—in particular, natural language processing, computer 

vision, and semantic reasoning—have paved the way for profoundly and accurately understanding 

digital content. The models powered by AI can inspect the visual and textual components of an asset, 

identify the objects and concepts, comprehend the meaning, and create the descriptors that go hand in 

hand with the organizational taxonomies. Such semantic awareness allows for much richer and more 

consistent metadata, without being limited only to the extraction of keywords. The AI technology can 

also recognize the connections between the assets with the improvement of the contextual classification 

and retrieval as knowledge graphs and ontologies become more advanced. 

 

2. LITERATURE REVIEW 

For many years, metadata has been the main layer that supports the functionalities of 

organizing, classifying, and retrieving digital content. One of the main functions of the conventional 

metadata standards like Dublin Core, IPTC, and XMP has been to act as common schemas that facilitate 

the consistency between the different systems. Dublin Core, which is one of the earliest and most 

widely used standards, provides a limited number of descriptive elements—such as title, creator, 

subject, and format—which are explicitly meant to be independent of any particular domain. While its 

adaptability makes it appropriate for any kind of digital collections, the same feature can limit the level 

of detail that can be conveyed when dealing with complex multimedia assets. Although these 



  

 
 

ISSN: 3071-5636 
PP: 202-218. 

 

---------------- 
Semantic-AI Framework for Automated Metadata Generation in Digital Asset Management 

Siva Sai Krishna Suryadevara 

 205 

standards continue to be necessary for interoperability, they depend greatly on manual input, which 

makes it hard to support them at a large scale of content libraries of different volumes and varieties. 

 

The dependency on large datasets and AI has made the research community look more into the 

application of AI and machine learning techniques for automating metadata generation. Initial 

attempts to automate metadata generation usually involved the use of supervised classification 

algorithms, which were trained on labeled datasets to predict categories, keywords, or attributes. The 

approach improved the work by speeding it up but it was also limited to the availability and quality 

of the training data. Currently, the focus is on deep learning models that have the ability to learn 

complicated patterns from images, text, and audio. To a large extent, the visual tagging systems rely 

on Convolutional Neural Networks (CNNs), which have made it possible to accompany object 

detection, scene recognition, and image classification with high accuracy. Transformer-based models 

like BERT and its successors have revolutionized the text understanding field by bringing to the surface 

deeper contextual analysis, which is very useful in metadata generation. Even though there are these 

improvements, AI solutions are still not quite transparent, and therefore it is difficult to coordinate 

their results with organization-specific taxonomies or maintain a consistent semantic structure. 

 

Natural Language Processing (NLP) is vital for the identification of text-based metadata from 

various sources such as documents, transcripts, and descriptions, as well as from the textual features 

that are embedded within the data. For decades, linguistically motivated NLP approaches, which 

include part-of-speech tagging, named entity recognition, and term frequency analysis, have been 

utilized to extract core concepts and classify the textual data. Nevertheless, these approaches mostly 

depend on the superficial aspects of the data and thus, they are not able to understand the contextual 

meaning fully. The evolution to contextualized embeddings and transformer structures has made it 

possible to gain more precise information about topics, sentiment, entities, and relational data. These 

systems can understand the text in the wider semantic context, which makes them the best choice when 

one has to classify documents that are ambiguous or have overlapping themes. On top of that, the same 

methods have difficulties when the text is noisy, fragmented, or from a peculiar domain, and as a result, 

they have to be fine-tuned or combined with knowledge sources to produce the best results. 

 

Computer vision technologies add another indispensable aspect to the generation of 

multimodal metadata. With the help of vision models, one can understand what is in the image; the 

objects can be detected, the scene can be understood, and even colors can be identified. In addition, the 

models can be trained to read facial expressions or brand elements. The digital assets can be tagged 

with a label that is different from the textual one, and thus, the visual media can be made more 

accessible to users. The progress in multimodal learning, particularly with models like CLIP that are 

capable of understanding image–text relationships, has opened the door to more consistent and 

accurate metadata creation for various media types. These models fill in the gap between the visual 

content and the linguistic description by coming up with the common representations, which then pave 

the way for more precise captioning, tag Generation and concept alignment. Nevertheless, vision 
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models are still haunted by problems like bias, limitations in understanding the abstract or symbolic 

images, and difficulties in recognizing the cultural nuances or the subjectivity of the themes. 

 

Before considering AI-based approaches alone, semantic technologies have become the 

essential instruments to develop structured, interoperable, and machine-readable metadata. In fact, 

ontologies, RDF (Resource Description Framework), and OWL (Web Ontology Language) are the 

elements that define the backbone of the system for representing not only complex relationships and 

hierarchies but also domain-specific knowledge. The use of knowledge graphs has been popularized 

as they have the potential to connect metadata across the systems, which in return makes possible 

intelligent search, contextual reasoning, and cross-asset discovery. On top of that, semantic 

technologies empower DAM systems to create layers of metadata that are much richer than the mere 

presence of simple tags and thus help them identify how assets are related to bigger concepts, events, 

or entities. By way of illustration, a knowledge graph may associate a picture of a historical monument 

with the pertinent periods, architectural styles, geolocations, and also the events.  

 

While advancements have been made in AI, NLP, computer vision, and semantic technologies, 

there are still gaps and limitations in both academic and industrial research. The absence of 

standardized methods that seamlessly integrate all these technologies into one metadata-generation 

framework is the most prominent one. To a great extent, the current solutions are designed to 

accommodate only one modality—either text or images—thus the metadata for multimodal assets are 

incomplete. In addition, the models trained in a certain domain are likely to perform poorly in another 

context; thus, they have issues with generalization and domain adaptation. The use cases in the 

industry usually require the metadata that mirrors the organizational terminology, brand guidelines, 

or specialized taxonomies; however, the majority of AI-driven solutions take generic training data as a 

basis, which is incompatible with enterprise-specific knowledge structures. 

 

Table 1: Literature Review 

Author(s) & 

Year 

Focus Area Methodology / 

Approach 

Key 

Contributions 

Limitations / 

Gaps 

Relevance to 

Proposed 

Framework 

Alkhard 

(2024) 

Integrated 

facilities data & 

DAM 

Conceptual + 

empirical 

analysis 

Highlights 

importance of 

metadata 

strategies for asset 

lifecycle 

management 

Limited AI 

and semantic 

automation 

focus 

Supports need for 

structured, 

scalable metadata 

governance 

Humphrey 

et al. (2010) 

DAM 

fundamentals 

Descriptive 

industry study 

Establishes DAM 

as core 

infrastructure for 

digital content 

No 

automation or 

AI-based 

metadata 

Provides 

foundational 

DAM context 

Hosseini et 

al. (2021) 

Automated 

DAM change 

management 

Proof-of-

concept 

system 

Demonstrates 

automation 

Metadata 

automation 

Motivates 

automation in 

DAM ecosystems 
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benefits in DAM 

workflows 

not semantic 

or multimodal 

Batcheller 

(2008) 

Automated 

geospatial 

metadata 

Rule-based + 

data-driven 

methods 

Early work on 

automated 

metadata 

generation 

Domain-

specific, non-

AI, non-

multimodal 

Shows historical 

evolution toward 

automation 

West et al. 

(2021) 

AI metadata in 

enterprise DAM 

Industrial case 

study 

Demonstrates AI-

assisted tagging in 

production DAM 

Relies on 

generic AI, 

lacks semantic 

depth 

Highlights real-

world need for 

semantic 

alignment 

Barnes et al. 

(2012) 

Metadata model 

comparison 

Analytical 

comparison 

Identifies conflicts 

between metadata 

standards 

No 

automation or 

AI integration 

Justifies need for 

ontology-based 

normalization 

Truong et 

al. (2023) 

Blockchain & 

DAM 

Survey-based 

analysis 

Explores 

emerging DAM 

architectures 

Metadata 

semantics not 

deeply 

addressed 

Indicates future 

integration 

potential 

Bekaert & 

Van de 

Sompel 

(2005) 

Metadata 

interoperability 

Standards-

based 

framework 

Ensures accurate 

metadata transfer 

across systems 

Manual, 

schema-

centric 

Reinforces 

importance of 

interoperability 

layers 

Ochoa & 

Duval 

(2009) 

Metadata 

quality 

evaluation 

Quantitative 

metrics 

Introduces 

precision, 

completeness 

metrics 

No automated 

generation 

Metrics adopted 

in your evaluation 

section 

Park (2009) Metadata 

quality survey 

Systematic 

literature 

review 

Identifies common 

metadata quality 

issues 

Lacks AI-

driven 

solutions 

Reinforces 

motivation for 

automation 

Makhlouf 

Shabou et 

al. (2020) 

Algorithmic 

metadata 

appraisal 

Algorithmic 

analysis 

Explores 

structured & 

unstructured data 

appraisal 

Limited 

semantic 

reasoning 

Supports AI-

based metadata 

assessment 

Wactlar & 

Christel 

(2002) 

Video metadata 

management 

Conceptual 

framework 

Early recognition 

of metadata for 

multimedia 

Pre-AI, 

manual-heavy 

Shows long-

standing 

multimedia 

metadata 

challenges 

Patel et al. 

(2005) 

Museum 

metadata 

requirements 

Domain-

specific 

analysis 

Defines rich 

contextual 

metadata needs 

Manual, 

domain-

bound 

Validates need for 

semantic richness 

Park & 

Tosaka 

(2010) 

Metadata 

creation 

practices 

Survey-based 

research 

Highlights 

inconsistencies in 

metadata practices 

No 

automation 

mechanisms 

Supports 

governance and 

standardization 

needs 
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Farghaly et 

al. (2018) 

Semantic 

interoperability 

Ontology-

based 

taxonomy 

Demonstrates 

semantic models 

for asset systems 

Limited 

multimodal 

AI 

Directly supports 

ontology and 

knowledge graph 

layer 

 

3. PROPOSED METHODOLOGY 

3.1. Framework Overview  

The automated Metadata generation Semantic-AI Framework has been framed as an end-to-

end system that effortlessly integrates with the existing Digital Asset Management (DAM) setups. At 

the center, the framework combines multimodal AI models, semantic technologies, and metadata 

governance principles to build a powerful, scalable, and context-aware metadata generation pipeline. 

 

The framework is like a web of layers where each layer works on a particular stage of the asset 

processing lifecycle starting from ingestion and preprocessing to feature extraction, semantic 

enrichment, and automated metadata assignment. The architecture is of a modular design that gives 

an organization the liberty to decide on the components they want to use or the capability they want 

to extend by the system based on their business requirements. 

 

The subsequent stage after the Data Ingestion Layer takes the Data Preparation Layer. This 

phase partners with the former to accomplish further tasks on the Data Preparation Layer. The role of 

the data preparation layer is to enhance and level the field for the subsequent content analysis phase 

through standardization, augmentation, and annotation. 

 

The AI-Based Feature Extraction Layer then engages an array of sophisticated machine-learning 

models to accomplish the feature extraction along with the generation of new metadata from the input 

data. The models include natural language processors, image recognition models, and sound 

classifiers. A subsequent Semantic Enrichment Layer pampers the freshly minted metadata with 

ontologies, knowledge graphs, and semantic similarity computations to give it depth and context. 

 

After that, the metadata is transferred to the Automated Metadata Generation Module which 

is the system that handles the scoring, the ranking, and the choosing of the most relevant. This is a 

warranty that the top-quality metadata alone is fed to the DAM system. The framework finale is with 

the Integration and Deployment Layer that comprises REST APIs and microservices that enable DAM 

platforms to uptake the generated metadata readily and without interruption. 

 

The framework, in conjunction with a microservices-centric strategy, thus creates the conditions 

for a scalable, fault-isolated, and cloud-native deployment environment, hence very fitting to 

enterprises dealing with extensive content volumes. As such, the pipeline acts as an intelligent layer 

that is responsible for metadata consistency; it also further enhances asset retrieval accuracy, and at the 

same time, it slashes the manual efforts that are characteristic of legacy DAM systems. 
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Fig 1 - Semantic-AI DAM Architecture 

 

3.2. Data Ingestion Layer  

The Data Ingestion Layer is essentially the main hub where digital assets of all sorts are 

gathered, checked for correctness, and made ready for the next step of the process, which is the 

analysis. As the DAM ecosystems are handling different kinds of files, such as texts, PDFs, images, 

audio recordings, video streams, and multimedia bundles, the ingestion layer is capable of dealing 

with the different types of data. The system now employs file-type detectors and parsers to properly 

label the newly created assets and thus help them to the correct preprocessing workflows. 

 

This layer is home to a small ETL (Extract, Transform, Load) pipeline whose goal is to bring the 

different types of content to the same level so that downstream components can understand them. The 

ETL text assets may accept as part of their work a procedure of tokenization, language detection, and 

noise removal, such as HTML tags or OCR errors. In the case of images and videos, the procedure may 

involve resizing, frame sampling, and format normalization. Audio files also undergo sampling-rate 

conversion if needed, and their voices are enhanced. Any metadata coming from XMP, IPTC, or EXIF 

embedded in the files is highly prioritized and is used as the source during the next stage that deals 

with semantic enrichment. 

 

To bracket it all, the ingestion layer is still and always concerned about the traceability of the 

assets by warranting the assigning of unique identifiers, version control attributes, and timestamps. 

This is where the management and auditing of metadata generation processes become easier. The 

result of this stage is a fully standardized dataset with the necessary features ready for processing. 

 

3.3. AI-Based Feature Extraction  

The feature extraction system is the major AI component that is capable of instantiating a large 

variety of features directly from the content of several different modalities by using advanced AI 

models. The feature extraction pipeline spans four different modalities: text, visual content, audio, and 

fused representations. 
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3.3.1. NLP-Based Tagging from Text and Transcripts 

For content in words, the system employs transformer-based NLP models to undertake entity 

extraction, keyword identification, topic modeling, and semantic classification. These models can 

understand the context;   thus, they are able to determine concepts that are not even directly stated but 

are inferred. In the case of video and audio content, speech-to-text engines are used to make transcripts, 

which then are processed through the same NLP workflows. Domain-specific models may be set up if 

assets are from specialized industries such as healthcare, finance, or legal sectors. 

 

3.3.2. Computer Vision-Based Image/Video Understanding 

The vision module employs various deep learning models—such as CNNs, Vision 

Transformers, and object detection frameworks—to understand the visual content. The models extract 

the features related to the objects, the scenes, the colors, the facial expressions, and the brand logos. In 

the case of video assets, the system carries out the frame sampling at the intervals that can be adjusted; 

thus, a compromise between the accuracy and the computational power is reached. The long-form 

videos are the final point for the application of the action recognition and scene segmentation 

algorithms, which in their turn help to identify not only the static but also the dynamic elements in 

these videos. 

 

3.3.3. Audio Recognition for Speech-to-Text and Sound Tagging 

Apart from the spoken content, the audio module is also capable of detecting the music 

patterns, the environmental sounds, or the specific auditory cues. With this system, generated 

metadata such as "crowd noise," "background music," or "applause" becomes possible; hence, the 

understanding of multimedia content is deeply enriched. 

 

3.3.4. Multimodal Fusion Techniques 

To get metadata that are coherent and complete, the system employs multimodal fusion 

algorithms, which merge the features derived from text, visual, and audio models. The representations 

obtained from the models like CLIP or multimodal transformers, result in the unified embeddings, 

which contain the relationships between the different modalities. As a result, the metadata not only 

reflects the individual features but also the combined context of an asset—for instance, pairing text 

overlays in an image with detected objects to generate more accurate descriptions. 

 

Together, this layer renders the system with the intricate, significant features that are the 

prerequisite for the semantic reasoning and the generation of metadata. 

 

3.4. Semantic Enrichment Layer  

The Semantic Enrichment Layer is the layer that changes the AI features generated from raw 

data to metadata that is structured and is context-aware and is in line with the knowledge models of 

the organization. The transformation is based on ontology alignment, knowledge graph integration, 

semantic similarity analysis, and metadata normalization. 
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3.4.1. Ontology Creation and Alignment 

In order to keep the system consistent and make it relevant to the domain, the system employs 

ontologies that depict not only the fundamental concepts but also categories and hierarchies within the 

organization. Those ontologies can be the result of either standards from the industry or internal 

taxonomies or even hybrid structures. The platform provides features for importing, versioning, and 

validating ontologies. By means of semantic matching algorithms, AI generated terms are 

corresponded to the nodes of the ontology so that they are not only aligned but also the enterprise 

vocabulary is observed. 

 

3.4.2. Knowledge Graph Integration 

Knowledge graphs are the foundation of the system to link entities, relationships, and metadata 

coming from various content repositories. The system connects the extracted features, e.g., the names 

of people, locations, events, or themes with graph entities and thus it can deduce deeper context. As 

an illustration, finding the Eiffel Tower in a photo helps the system to associate it with the likes of 

metadata such as "Paris," "France," "tourism," and "monument." These connections allow easy 

identification and also result in improved cross-asset navigation. 

 

3.4.3. Semantic Similarity and Entity Linking 

By using the embedding-based similarity measures, the system finds the concepts that are 

related to the ones present in the knowledge graph and the ontology. As an instance, when a model 

identifies the term "automobile," the semantic layer might associate that term with ones such as 

"vehicle," "transportation," or specific brands. In addition, the linking of entities through algorithms 

helps to further disambiguate concepts by matching asset features with known entities, thus 

minimizing mistakes that are due to the use of ambiguous words. 

 

3.4.4. Metadata Normalization and Schema Mapping 

There are times when metadata should be mapped onto certain standard schemas such as 

Dublin Core, IPTC, XMP, or custom enterprise formats. The normalization engine is the one that is 

billed with the conversion of the enriched metadata to the right structural format and checking that the 

data is compatible with different DAM systems. The product is a neat, well-organized, and 

semantically rich metadata bundle that is good to go for the automatic process of ingestion. 

 

Essentially, a semantic layer adds more, explains, and unifies the metadata, which is a kind of 

intermediate layer between raw AI outputs and the actionable information. 

 

Algorithm 1: Automated Metadata Generation Pipeline 

Input: Digital Asset A 

Output: Semantic Metadata M 

1. Ingest asset A and extract embedded metadata 

2. Preprocess A based on modality 

3. Extract features using NLP, CV, and ASR models 
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4. Fuse multimodal embeddings 

5. Align extracted concepts with ontology 

6. Enrich metadata using knowledge graph reasoning 

7. Score and rank metadata candidates 

8. Store validated metadata in DAM 

 

4. CASE STUDY 

4.1. Organization Background  

The company chosen for this case study is a digital marketing and creative services agency of 

medium size, which mainly focuses on brand storytelling, multimedia advertising campaigns, and 

social media content production. As the agency operates globally and has several creative teams 

working in different regions, it produces a large number of digital assets every month—inclusive of 

photos, promotional videos, design mockups, client presentations, and short-form social content. The 

company uses a Digital Asset Management (DAM) platform extensively to facilitate their high-volume 

workflows through the organization, storage, and distribution of creative assets to the internal and 

external parties. 

 

In most cases, the metadata was manually created by designers, photographers, and video 

editors, which caused inconsistencies in the terminology, variations in the use of keywords, and 

missing attributes. This led to inefficient searches, duplication of creative assets, and delays in getting 

the materials from the previous campaigns. Besides that, the agency’s quick content production rate 

made it almost impossible to have complete and accurate metadata for all assets. As their archive got 

larger, the manual tagging limitations became more and more obvious, which is why the management 

decided to look into advanced automation solutions to make metadata generation faster and to 

improve the overall efficiency of the operations. 

 

4.2. Implementation of the Proposed Framework  

The agency launched a pilot project with first-hand experience with the question of whether 

the proposed Semantic-AI Framework package of solutions can be the most successful and systematic 

in terms of the automatic generation of metadata. The pilot scope was limited to 3 months and a 

representative subset of 50,000 assets, which encompassed campaign videos, product photography, 

social media graphics, design files, and press materials. 

 

The pilot project was initiated with the configuration of the Data Ingestion Layer to handle 

diverse asset types.  Besides, the scripts for the audio and video content were generated by speech-to-

text tools. At the same time, the already existing metadata to be used as the references were also 

gathered from the likes of IPTC and XMP fields. 

 

Subsequently, the AI-Based Feature Extraction Layer was brought into action with the help of 

a variety of techniques, the combinations including the vision models (for object and scene detection), 

transformer-based NLP models (for keyword extraction and topic identification), and multimodal 
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fusion models (for aligning concepts across text and imagery). To support the visuals at scale, the 

processing of the framework was carried out on the cloud computing instances with GPU acceleration. 

 

The Semantic Enrichment Layer was fitted with the agency’s internal taxonomy, brand 

keywords, client-specific terminologies, and a knowledge graph derived from the past campaign 

metadata. In particular, entity linking and semantic similarity algorithms were adjusted to correspond 

to the agency's preferred naming conventions. 

 

The integration with the DAM system was implemented by means of REST APIs and 

microservices, providing the facility for automated metadata to be sent directly to asset records. 

Logging systems were established for the monitoring of metadata quality and for capturing exceptions 

for human review. The system was operational in the agency’s production environment and ready for 

the evaluation stage by the time the pilot was completed. 

 

4.3. Performance Evaluation  

To evaluate its effectiveness, the agency engaged in a comprehensive operational comparison 

between the automated semantic-AI framework and human effort. Three key dimensions were 

employed in this exercise: metadata accuracy, time efficiency, and search relevance. 

 

4.3.1. Metadata Accuracy Metrics 

The accuracy through which the semantic-AI framework can generate the metadata was judged 

via precision, recall, and F1-scores when ground-truth metadata curated by senior content managers 

served as a reference. Automated metadata had an average precision of 89% and recall of 84%, which 

was much higher than the manual baseline with 72% precision and 65% recall. An important factor 

was the semantic alignment, which not only lowered the terminological inconsistencies but also made 

sure that the tags were the agency’s preferred vocabulary.  

 

4.3.2. Time Savings 

The manual tagging of the content used to take 6–8 minutes on average per asset and the time 

varied according to the difficulty level. After automation, the work can be done in 12–18 seconds per 

asset, which results in the reduction of the work by 99%. Therefore, in the case of 50,000 assets, it is a 

saving of approximately 5,000 hours or nearly three full-time employees per year. The time saved was 

the creative teams' time, which they could have spent more productively in content production rather 

than administration. 

 

4.3.3. Improved Search Relevance 

Search relevance was determined through a user testing program in which marketing 

strategists, designers, and account managers took part. The participants were given both the manually 

tagged and the newly automated datasets through which they had to answer the retrieval tasks. The 

results showed that search success rates were raised from 68% to 92%, and the number of queries 

required to locate an asset was cut by more than half. Moreover, with knowledge graph-based 
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enrichment, the cross-asset discovery got enhanced to the extent that the users get to the related content 

even if they search with abstract or semantic terms. 

 

4.3.4. Manual vs. Automated Metadata Comparison 

In general, the automated solution turned out to be better than manual efforts in all evaluation 

metrics; it demonstrated higher accuracy, processing time was drastically reduced, metadata 

consistency improved, and the search experience got significantly enhanced. As a result, the agency 

decided that the Semantic-AI Framework was a scalable and dependable tool that met the requirements 

of its digital asset strategy in the long run. 

 

Table 2: Performance Comparison 

Metric Manual Tagging Semantic-AI Framework 

Precision 72% 89% 

Recall 65% 84% 

F1-Score 68% 86% 

Avg. Time per Asset 6–8 min 12–18 sec 

Metadata Completeness 0.55 0.91 

  

5. RESULTS AND DISCUSSION 

5.1. Quantitative Results 

A detailed quantitative appraisal of Semantic-AI Framework was mainly concentrated around 

three aspects: accuracy metrics (precision, recall, and F1-score), semantic relevancy, and metadata 

completeness. These indicators served as a yardstick to measure the system's performance in 

comparison to the traditional manual metadata methods. 

 

Precision, recall, and F1 scores were based on a gold-standard dataset carefully carved out by 

the team of veteran content managers. The automatically generated metadata traced a precision of 89%, 

which means that the largest part of the created tags and descriptors was very close to the content. At 

the same time, recall had a value of about 84%, paving the way for the system to cover a broad spectrum 

of sources and concepts within the assets. The F1-score, which was 86% at that time, showed a perfectly 

balanced level of accuracy; thus, the manual method of tagging, which had an F1 average of 68%, was 

outperformed by the framework. This is to say that the framework is capable of making the metadata 

process not only more reliable but also more comprehensive with fewer errors and omissions. 

 

The study to measure semantic relevance involved calculating a semantic similarity index 

between the generated metadata and domain-specific ontologies as well as the organization’s internal 

taxonomy. The findings showed that the average semantic relevance score was 0.82 on a 0–1 scale, 

which was a lot higher than that of the manual tags (0.63). The main reason for such an improvement 

was the alignment of the knowledge graph and the ontology that ensured the generated metadata 

followed the organization’s terminology and conceptual structures very closely. 

 



  

 
 

ISSN: 3071-5636 
PP: 202-218. 

 

---------------- 
Semantic-AI Framework for Automated Metadata Generation in Digital Asset Management 

Siva Sai Krishna Suryadevara 

 215 

Another measure that the Metadata Completeness Index (MCI) brought to the forefront was 

the extent to which the system has made an impact. The different facets, such as descriptive tags, 

contextual attributes, relationships, and modality coverage, were utilized in measuring the level of 

completeness. In the case of automated metadata, the MCI score was 0.91, whereas for the manual 

metadata it was only 0.55 on average. The completeness enhancement was mainly found in those assets 

that were multimodal in nature, where the audio, visual, and textual data could be merged to create 

more detailed descriptions than those that human annotators typically provide. All of these 

quantitative figures, when taken together, serve as a strong indication that the Semantic-AI Framework 

goes a long way in terms of not only accuracy and semantic quality but also overall completeness of 

the metadata. 

 

5.2. Qualitative Insights  

Whereas quantitative metrics displayed unambiguous enhancements, qualitative insights from 

the organizational stakeholders shed light on a more complex picture of the framework’s impact in the 

real world. Content discoverability was one of the most apparent areas to be enhanced. Users 

mentioned that the searches brought out more accurate and complete results; thus, the number of 

repeated queries needed to find particular assets was lowered. Thanks to the improved semantic 

consistency, users could look for specific keywords as well as broader conceptual terms, which means 

that the system became more user-friendly and allowed for variations in human search behavior. 

 

The feedback coming from editors, curators, and designers was that the system helped them 

lessen the mental effort needed for the process of tagging. A large number of them said that they were 

overjoyed that they are no longer required to manually input long lists of keywords for each asset. 

Presently, they have assumed a lighter quality-review role whereby they correct rare anomalies instead 

of doing metadata construction from the beginning. Some curators have pointed out that the system is 

able to capture domain nuances (e.g., campaign themes, visual motifs, and brand-specific terminology) 

more accurately than human annotators. As a result, there is a more standardized and cohesive 

metadata layer over the collections. 

 

 
Fig 2 - Knowledge-Graph-Enabled Cross-Asset Discovery 
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What is more, the semantic consistency achieved across asset collections was another significant 

qualitative benefit. The naming conventions used by different teams and individuals varied greatly 

and thus the metadata that was fragmented made it difficult to search and retrieve. 

 

Users also highlighted the improved cross-asset relationships as a result of knowledge graph 

integration. Searching for broad themes such as “sustainability,” “outdoor lifestyle,” or “youth culture” 

would now lead to diverse asset sets like videos, images, and text documents, which are linked 

semantically rather than being grouped manually. This interconnectedness has been embraced by 

creative discovery, as it has led to content repurposing becoming more efficient and effective. In 

general, qualitative evaluations served as evidence that the framework brought about considerable 

positive changes in user experience, collaboration, and operational efficiency. 

 

6. CONCLUSION AND FUTURE SCOPE 

6.1. Conclusion  

The findings show that the Semantic-AI Framework possesses multiple impressive power 

points that single it out to be a very effective solution in the current DAM scenarios. One of the key 

factors is its multimodal approach, which allows the model to understand visual, textual, and even 

auditory signals at the same time and hence generate metadata that is more elaborated than those 

created by mere rule-based systems or manual workflows. The use of ontologies and knowledge 

graphs here is to facilitate semantic reasoning instead of just giving basic keyword tagging; thus, the 

framework is capable of generating metadata that specifies even the underlying contextual meaning. 

Moreover, the framework can be scaled and automated to a great extent, making it the perfect 

instrument for enterprises that face the problem of the rapid proliferation of their content. 

 

Nevertheless, the framework is not without its flaws. Challenge-wise, for instance, domain-

specific ontologies always require attention and care, especially in cases where organizations are 

rapidly evolving in terms of terminologies or constantly updating brand guidelines. One of the users 

shared an observation that the system occasionally produces too general tags for abstract content, thus 

implying that there is still a need to improve the disambiguation and the contextual inference 

processes. There are also some creative assets that are heavily reliant on the use of symbols, artistic 

metaphors, or metaphors that may pose a challenge in the area of computer vision models, as these 

models are best at handling concrete, object-based visuals. The human-in-the-loop verification still has 

a role to play in these particular cases. 

 

The study into available DAM solutions shows that most of the AI-assisted tagging platforms 

have integrated features, which are a by-product of generic cloud APIs, and thus are not deeply 

semantically aligned with enterprise taxonomies. The automatic means employed in these tools 

typically offer a straightforward level of object detection or keyword extraction and at the same time 

fail to integrate knowledge graphs, ontology mapping, or multimodal fusion. Hence, the proposed 

framework surpasses all these constraints by delivering a consolidated, extendable, and semantically 

enriched route that is closely in line with organizational knowledge structures. 
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The major problems of the framework coming to light in the discussion, the authors argue, are 

outnumbered by the good points of it. With the ongoing refinement and domain adaptation, it still has 

enough power to greatly change the face of metadata automation and make DAM perform much better 

not only in different industries but in almost all of them. 

 

6.2. Future Scope  

In the future, semantic AI for DAM may first of all continuously adapt to user interactions and 

the changing business environment. When the system learns its ontology from user feedback - e.g., 

asset selection patterns, corrections to auto-tagging, or preference-based refinements - it will be able to 

update taxonomies and knowledge graphs dynamically, thus not only cutting down on manual 

governance but also improving accuracy. 

 

Another major area of focus is probably the enhancement of unimodal fusion models that can 

effectively integrate text, vision, audio, and structural cues to derive more detailed semantic 

representations. Such models will provide DAM platforms with the capability of comprehending the 

production of the creative assets at a much more profound level, for instance, videos with multi-layered 

narratives or mixed media documents, which is presently beyond their scope. 

 

Moreover, the use of generative AI in metadata creation will facilitate a wide range of 

applications such as auto-summaries, creative captions, variant suggestions, and contextual metadata 

that is appropriate for specific campaigns or audiences. This will not only be of great assistance to 

content teams but will also guarantee that the metadata produced will be of consistent high quality 

and at a large scale. 

 

Besides that, integration of enterprise knowledge management ecosystems with the DAM 

system through, e.g., product information systems, CRM, CMS, and corporate knowledge graphs will 

enable DAM to move from a mere storage space to a central processing unit of intelligence. Such a 

merger will be instrumental in realizing comprehensive content intelligence, improved 

personalization, and smooth enterprise-wide workflows. 
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