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Abstract

[Objective/Significance] The foundation of image semantic annotation lies in
the construction of image semantic annotation models. Conducting a system-
atic review and summary of current mainstream image semantic annotation
models, and analyzing their respective advantages and disadvantages in image
semantic annotation, can provide valuable reference and guidance for future
related research. [Method/Process] Through literature review, four major cat-
egories of image semantic annotation models are identified: the Eakins model,
Jaimes&Chang model, Kong model, and Panofsky model. Subsequently, em-
ploying comparative and inductive methods, the first three models are analyzed
and compared across three dimensions: semantic hierarchy, scalability, and ap-
plication scope and modality. [Results/Conclusion] The Eakins model exhibits
the most comprehensive semantic hierarchy, the strongest semantic expression
capability, and the broadest application scope; the Kong model demonstrates
the highest scalability and optimal adaptability.
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Abstract

[Purpose/Significance] The foundation of image semantic annotation lies in
the construction of semantic annotation models. By systematically reviewing
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and summarizing current mainstream image semantic annotation models and
analyzing their respective advantages and disadvantages in image seman-
tic annotation, this study provides valuable references for future research.
[Method/Process] Through literature review, we identified four major
categories of image semantic annotation models: the Eakins model, the Jaimes
& Chang model, the Kong model, and the Panofsky model. We then employed
comparative and inductive methods to analyze the first three models from
three perspectives: semantic levels, extensibility, and application scope and
methods. [Result/Conclusion] The Eakins model demonstrates the most
comprehensive semantic hierarchy, strongest semantic expression capability,
and widest application range, while the Kong model exhibits the greatest
extensibility and adaptability.

Keywords: image annotation; semantic image annotation; semantic models
for image annotation
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Introduction

With the rapid development of digital imaging and multimedia technologies in
recent years, massive amounts of digital image resources have emerged, making
effective retrieval and utilization of these resources an increasingly urgent chal-
lenge. Early image annotation primarily relied on manual selection of subject
terms or keywords to describe image content. Although this approach achieved
relatively high accuracy, it was labor-intensive and often yielded subjective and
unstable results. As computer technology advanced, content-based automatic
image annotation gradually became mainstream. Such annotation approaches
image retrieval by automatically extracting low-level visual features (e.g., color,
shape, texture) from images and matching them with user semantic queries.
However, since visual features alone cannot fully reflect user search intent, this
has led to the well-known “semantic gap” problem [1]. To facilitate sharing
and reuse of digital image resources, effective semantic annotation of image con-
tent is essential to enhance human understanding of images. Image semantic
annotation heavily depends on image semantic annotation models, which are
conceptual models abstracted from image content. These models typically em-
ploy hierarchical structures to describe visual features (color, texture, shape),
logical features (e.g., contained objects and their relative relationships), and
semantic features (e.g., scenes, emotions) at different levels from low to high,
thereby helping people better understand and describe image content. Due to
this hierarchical structure, such models are often referred to as image hierarchy
models.

Researchers from various fields—including computer science, biomedicine, and
library and information science—have studied image semantic annotation, par-
ticularly image semantic annotation models. To gain a comprehensive under-
standing of the research landscape, we retrieved over 40 Chinese and English
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publications on image semantic annotation models from 1985 to 2017 in the Web
of Science, CNKI, and Google Scholar databases. Analysis revealed that while
these publications mention more than 20 different models, most derive from
four fundamental models: the Eakins model [2], the Jaimes & Chang model [3],
the Kong model [26], and the Panofsky model [29], belonging to four distinct
families as shown in Table 1 . In addition to these mainstream models, there
are some less widely applied models, such as M.G. Krause’s two-layer image
content framework [7], B. Burford et al’s six-layer model [8], and Y. Badr and
R. Chbeir’s two-layer model [9]. Due to their limited application scope, these
are not considered mainstream image semantic annotation models. Although
research on image semantic annotation models is abundant, comprehensive and
systematic reviews and analyses of these models remain scarce.

This paper begins with the four fundamental image semantic annotation mod-
els, providing a comprehensive review and comparative analysis of mainstream
models to offer references for the construction and application of image semantic
annotation models.

2. The Eakins Image Semantic Hierarchy Model and Its
Derivatives

2.1 The Retrieval-Oriented Eakins Image Semantic Hierarchy Model

In 1996, British scholar J.P. Eakins proposed a simple yet practical hierarchical
image semantic model (hereinafter referred to as the “Eakins model”) [10-12].
From the perspective of retrieval needs, Eakins first divided image semantic con-
tent into three basic levels from bottom to top: the primitive features level, the
object level, and the semantic concept level, with each level further subdivided
into finer-grained categories as shown in Figure 1 Figure 1: see original paper.

Primitive Features Level: Primitive features refer to objective, purely visual
features directly derived from the image itself, which can be categorized into
five types: color features, texture features, shape features, spatial location fea-
tures, and combinations of these four features. None involve image semantic
content. Image retrieval at this level requires no external knowledge reference.
Content-based image retrieval primarily operates at this level and is widely used
in various specialized image retrieval applications, such as trademark image re-
trieval during trademark registration processes [13].

Logical Features Level: Logical features are derived through logical reasoning
about objects in an image based on its visual features, involving image semantic
content. Image retrieval based on logical features can be further subdivided into:
retrieving images of specific object types and retrieving images of individual
objects or persons. Retrieval at this level is more universally applicable than
semantic retrieval at the primitive features level.

Abstract Attributes Level: Abstract attributes are features obtained
through abstraction and subjective reasoning about the purpose and meaning
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of object scenes in an image. Image retrieval based on abstract attributes can
be further subdivided into: retrieving images of specific events or activities and
retrieving images with emotional or symbolic meanings. Retrieval at this level
requires not only understanding of image semantic content and background
knowledge but also certain reasoning and judgment capabilities.

The Eakins model was among the earliest image semantic models, designed
primarily for image retrieval rather than image sharing and reuse. Before its
proposal, scholars V.N. Gudivada and V.V. Raghavan from East Carolina Uni-
versity and the University of Louisiana at Lafayette had proposed a two-layer
image semantic model comprising primitive and logical features levels in 1995
[14]. This model served as the foundation for the Eakins model but had weaker
semantic expression capability due to its lack of abstraction and description of
object scenes.

2.2 Fine-Tuning and Reinterpretation of the Eakins Model for Se-
mantic Annotation

Following the proposal of the Eakins model, domestic scholars (e.g., Wu Ren-
jie [15], Zhang Jie [16], Lu Quan et al. [17]) reinterpreted, elaborated on, and
fine-tuned it to make it applicable to image semantic annotation. These improve-
ments essentially re-interpreted the Eakins model as the three-level structure
shown in Figure 1 Figure 1: see original paper [15-18]:

Low-Level Features Level: This level corresponds to the primitive features
level of the Eakins model, reflecting no image semantic content information.
However, it removes spatial location features from the primitive features level,
retaining only color, texture, and shape features.

Object Level: This level combines the logical features level and part of the
primitive features level of the Eakins model, subdivided into two sub-levels: ob-
ject semantics level and object space level. The former contains specific objects
involved in the image, corresponding to the logical features level of the Eakins
model; the latter refers to the spatial relationships between objects, correspond-
ing to the spatial location features in the Eakins model’s primitive features
level.

Semantic Concept Level: This level corresponds to the abstract attributes
level of the Eakins model but emphasizes scene semantics description. It is
subdivided into three sub-levels: scene semantics level (the environment where
objects are located), behavior semantics level (the activities of objects), and
emotional semantics level (subjective feelings evoked by the image).

The Eakins model is an integrated whole with dependencies between levels,
where middle and high-level semantics are typically obtained based on low-level
features through prior knowledge and reasoning. However, efficient extraction
of high-level semantics remains challenging. The reinterpreted Eakins model
does not differ essentially from the original but features clearer, more explicit
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semantic levels with greater universality, which explains its widespread adoption
in domestic image semantic annotation research. All subsequent references to
the Eakins model in this paper denote this fine-tuned and reinterpreted version.

2.3 Derivative Models of the Eakins Model

After the creation of the Eakins model, researchers developed numerous deriva-
tive versions by adding, removing, or adjusting semantic levels for specific appli-
cations. In 1998, D. Hong et al. made local adjustments to the Eakins model’s
sub-levels, dividing image content into three levels: basic visual content, object
content, and scene content [19], corresponding to the low-level features, object
semantics, and scene semantics levels of the Eakins model. This adjustment
aimed to flexibly describe images for specific retrieval scenarios but suffered
from treating scenes as global descriptions without considering behavior and
emotional semantics, resulting in weaker semantic expression capability than
the Eakins model.

Domestic scholar Yu Yongxin argued that the semantic gap primarily resulted
from insufficient description of relationships between entities in images. There-
fore, he elevated two sub-levels from the Eakins model’s object level—object
semantics level and object space level—to become primary levels alongside low-
level features and semantic concept levels, deriving a four-layer model [20]. Al-
though this model expressed no essentially different semantics from the Eakins
model, it emphasized description of entity relationships.

Additionally, some researchers expanded the Eakins model’s semantic hierar-
chy to create multi-layer models with richer semantics. Cai Changxu and Peng
Yang proposed their respective seven-layer semantic models in 2005 and 2007.
These models share essentially the same levels: the first six correspond to the
six sub-levels of the Eakins model, while the seventh level expresses higher-level
semantics of the image—abstract and real-world understanding, typically refer-
ring to the real scenario reflected in the image (e.g., a wedding, the Hongmen
Banquet) [4,21]. Compared with the first six levels, this higher-level semantics
layer focuses on describing the global connotation of the image from an overall
perspective with greater abstraction. Although these two models have no essen-
tial difference, they apply to different image types: the former targets general
static images, while the latter focuses on animation material images.

3. The Jaimes & Chang Image Semantic Hierarchy Model
and Its Derivatives

3.1 The Jaimes & Chang Image Semantic Hierarchy Model

In 1998, A. Jaimes and S.F. Chang proposed a visual information classifica-
tion framework for automatic image classification, which B Fm_Lt contained five
levels: region, perception, object part, object, and scene [22]. In 2000, the au-
thors integrated knowledge from multiple domains (such as art and cognitive
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psychology) to transform this framework into a conceptual framework for image
indexing (hereinafter referred to as the “Jaimes & Chang model”) [3]. In this
framework, image content is divided into non-visual and visual categories, as
shown in Figure 2 [Figure 2: see original paper].

Non-visual content refers to information closely related to but not directly
part of the image, including physical attributes, catalog information, and re-
lated information. Visual content refers to information directly perceived
when observing an image, which BTt forms a pyramid structure of ten lev-
els: type technology, global distribution, local structure, global composition,
generic objects, generic scene, specific objects, specific scene, abstract objects,
and abstract scene [3,23]. The first four levels describe image syntax or per-
ception, involving features such as color, texture, and spatial layout perceived
by humans or machines, which are the primary focus of content-based image
annotation and retrieval. The remaining six levels describe semantics or vi-
sual concepts, which are the main concern of semantic image annotation and
retrieval. Compared with the 1998 visual information classification framework,
this model pays greater attention to object semantics and scene semantics, pro-
viding more fine-grained descriptions of objects and scenes from generic, specific,
and abstract perspectives. However, it is less suitable for images where objects
and scenes are not the primary annotation focus.

3.2 Improvements and Adjustments to the Jaimes & Chang Model

The Jaimes & Chang model is a relatively universal semantic annotation model
that scholars have improved to create derivative models for specific applications.
In 2004, L. Hollink et al. addressed the mismatch between user needs and ex-
isting image retrieval technologies by locally adding, removing, and adjusting
sub-levels of the Jaimes & Chang model, making the model’s description granu-
larity coarser to encompass more semantic content. They created a user image
description classification framework BF_E comprising three levels: conceptual,
perceptual, and non-visual. The conceptual level corresponds to the seman-
tic/visual concept level of the Jaimes & Chang model but adds time, location,
and events. The perceptual level roughly corresponds to the syntax/perception
level of the Jaimes & Chang model but without further sub-levels. The non-
visual level roughly corresponds to the non-visual content level of the Jaimes
& Chang model, focusing on descriptive image metadata such as creator, date,
and title [24]. This framework does not extend the semantic hierarchy of the
Jaimes & Chang model but merely adjusts the granularity and content of its
sub-levels.

In 2011, E.K. Chung and J.W. Yoon proposed an image feature description
framework based on in-depth analysis of the underlying structure of image re-
trieval needs, B LM containing three levels: non-visual features, syntactic
features, and semantic features [5]. Non-visual features roughly correspond to
the non-visual content level of the Jaimes & Chang model but expand related in-
formation to contextual information. Syntactic features roughly correspond to
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the syntax/perception level of the Jaimes & Chang model but remove type tech-
nology. Semantic features roughly correspond to the semantic/visual concept
level of the Jaimes & Chang model but add people, time, location, and activi-
ties. This model similarly only adjusts the granularity and content within the
Jaimes & Chang model but extends its semantic/visual concept level, resulting
in enhanced overall semantic expression capability.

In the same year, the same authors found that questions expressed in natu-
ral language could better reflect users’ image retrieval needs. Therefore, they
adjusted the three-level image feature description framework into three levels:
image need features, image features, and related information [25]. Image need
features refer to the contextual environment of user image retrieval needs, such
as retrieval motivation. The image features level contains non-visual features,
syntax/perception object features, and semantic/visual concept features from
the Jaimes & Chang model. The related information level separates the related
information from the non-visual features of the Jaimes & Chang model as an
independent level. This model adds an image need features level based on the
Jaimes & Chang model’s semantic hierarchy, enhancing overall semantic expres-
sion capability but also increasing model complexity and annotation difficulty.

In 2006, J.S. Hare et al. attempted to bridge the semantic gap in image retrieval
by characterizing it as the transition from raw media (images) to full seman-
tic understanding of media content (object relationships and beyond). They
proposed a five-level semantic gradient model comprising raw image, visual de-
scriptor, object, object name, and semantics [6]. Compared with the Jaimes
& Chang model, this model has coarser semantic level granularity, lacks fine-
grained descriptions of objects and scenes, and is suitable for image annotation
with relatively coarse semantic granularity.

4. The Kong Image Semantic Annotation Model and Re-
lated Models

4.1 The Kong Image Semantic Annotation Model

In 2006, H. Kong et al. approached image content classification from the perspec-
tive of objects contained in images and proposed an extensible image semantic
annotation ontology model (hereinafter referred to as the “Kong model”) [26].
This model first includes a top-level ontology defining seven classes for describing
object types in images: person, animal, plant, artifact, food, natural object, and
natural phenomenon. This provides a generic image annotation framework that
comprehensively covers semantic content at the object level, though with rela-
tively coarse semantic granularity. To represent spatial relationships between
objects and between objects and background, the model also defines a spatial
ontology containing eight directional relations and eight topological relations.

Furthermore, to achieve higher precision in image retrieval, H. Kong et al. used
personalized ontologies for image semantic annotation, allowing users to build
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personalized ontologies based on the top-level ontology according to their needs.
Figure 3 [Figure 3: see original paper] illustrates the transformation process
from top-level ontology to personalized ontology, demonstrating how external
knowledge about specific objects can be added to the top-level ontology to create
a personalized ontology. For example, to semantically annotate an image of
basketball player Yi Jianlian, a user might possess external knowledge such as
“Yi Jianlian is a Chinese male athlete who plays for the Guangdong Hongyuan
Basketball Club.” The user would first locate the corresponding classes “natural
object” and “artifact” in the top-level ontology for the object’s nationality and
club, then establish associations between these class instances (“China” and
“Guangdong Hongyuan”) and the object “Yi Jianlian,” generating a personalized
ontology for Yi Jianlian.

4.2 Related Models of the Kong Model

Some scholars have borrowed H. Kong et al’s object-centered image content
classification approach and the idea of using personalized ontologies for seman-
tic annotation to construct ontology-based image semantic annotation and re-
trieval models. In 2008, Deng Tao et al. proposed an ontology-based image
semantic annotation and retrieval model called ImageQ, which includes a four-
layer image content description model. B EfiF, this model comprises: image
metadata (reflecting external image features); object and its background and
scene information; subject object and its related attributes; and semantic re-
lationships between subject and object [27]. Compared with the Kong model,
this model still focuses on object-level semantics but expands semantics related
to objects and external image features, resulting in stronger semantic expres-
sion capability. Following Kong et al’s approach, Deng Tao et al. provided
only a top-level generic ontology model for specific application domains but al-
lowed users to update the top-level ontology by adding, modifying, and deleting
concepts, properties, and relationships to ultimately achieve domain ontology
personalization.

In 2010, Shi Tingting et al. borrowed Deng Tao et al’s four-layer image content
description model to propose a three-layer image content description model [28].
Compared with Deng Tao et al’s four-layer model, this model removed the image
metadata features level, focusing only on internal semantic features rather than
external image features. However, it adopted a similar object-centered approach
to building personalized ontologies, which effectively enhanced the flexibility of
image retrieval systems.

5. The Panofsky Image Semantic Hierarchy Model and Its
Extensions

5.1 The Panofsky Image Semantic Hierarchy Model

In 1955, E. Panofsky proposed an analytical model (hereinafter referred to as
the “Panofsky model”) while studying Renaissance art images, as shown in
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Figure 4 [Figure 4: see original paper]. The model comprises three levels: pre-
iconographic description (referring to descriptions of themes expressed in im-
ages, including facts and emotions), iconographic analysis (referring to analysis
of objectively identifiable items in images), and iconological interpretation (refer-
ring to interpretation of image connotation) [29]. This model primarily focuses
on high-level semantic information in images without considering low-level phys-
ical features. Notably, this model is a theoretical analytical framework rather
than a concrete semantic annotation model and cannot be directly applied to
image semantic annotation.

5.2 Extensions of the Panofsky Model

To apply the Panofsky model to concrete image annotation, some scholars have
extended it to create models with richer semantics. In 1986, S. Shatford hori-
zontally expanded the three semantic levels of the Panofsky model, proposing a
two-dimensional model known as the Panofsky-Shatford facet matrix, intended
for application to all types of image semantic annotation [30-31]. This model con-
tains three levels—generic, specific, and abstract—corresponding to the three
levels of the Panofsky model (pre-iconographic, iconographic, and iconological).
Each level includes four sub-levels: who, what, when, and where, corresponding
to objects, events (activities), time, and location in images, forming 12 cate-
gories of image features that greatly enrich and refine the semantic content of
the Panofsky model [32]. For example, abstract location represents symbolic
places (e.g., heaven). This matrix was later applied to image indexing by N.
Conduit and P. Rafferty, who further refined it based on user queries in image
databases and 33 image features that archivists focused on in their work, such
as subdividing generic location into indoor and outdoor [33]. These refinements
made the Panofsky-Shatford facet matrix more comprehensive and complete.

In 2007, P. Rafferty and R. Hidderley borrowed methods from the Panofsky
model and others to interpret images and proposed a six-layer model from the
perspective of image content indexing, comprising bibliographic information,
structural content, whole content, object content, interpretation of the whole
image, and interpretation of objects within it [34]. This model expands external
physical features of images, focusing on middle and high-level semantic features
with emphasis on object and emotion description.

In 2013, F. Fauzi and M. Belkhatir borrowed from the Panofsky model and
other related models to propose a user-centered, concept-based framework for
automatic multifaceted indexing. This framework analyzed the semantics of
Web image contextual information and divided it into five broad semantic con-
cepts: (1) Signals: referring to low-level visual features; (2) Objects: referring to
entities in images, divided into animate and inanimate; (3) Relations: referring
to relationships between objects in images and external feature relationships
such as creator and image type; (4) Scenes: referring to describing the image
as a whole based on all contained objects; and (5) Abstractions: referring to
abstract concepts expressed in images [35]. This framework extends the Panof-
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sky model, which originally contained only middle and high-level semantics, by
adding descriptions of low-level visual features (signals) and vertically expand-
ing the iconographic level with object and relation levels, thereby enhancing the
framework’s overall semantic expression capability.

6. Comparative Analysis of Models

Based on the preceding discussion of the four image semantic annotation models,
this section conducts an in-depth comparison of the Eakins model, Jaimes &
Chang model, and Kong model. Since the Panofsky model is merely a theoretical
analytical framework rather than a concrete model, it is excluded from this
comparative analysis. Given the numerous derivative models within each family,
we selected only the original basic model from each category as the object of
analysis, examining them from three aspects: semantic levels, extensibility, and
application scope and methods. Two important metrics for evaluating image
semantic annotation models are: (1) semantic expression capability—whether
and to what extent the model can completely express semantics contained in
images; and (2) adaptability—whether the model can meet different user needs,
with an important method for improving adaptability being allowing users to
extend the model during application.

6.1 Semantic Levels

The more comprehensive the semantic levels of an image semantic annotation
model, the richer the semantics it can express. Image content features can
be divided into three major categories: physical features, object features, and
semantic features. Physical features do not involve image semantic content,
while object features and semantic features contain five types of image semantic
content: object semantics, object space, scene semantics, behavior semantics,
and emotional semantics. Both the Eakins model and the Jaimes & Chang
model include image content features from three levels—low-level physical fea-
tures, object features, and high-level semantic features—expressing increasingly
abstract semantics from low to high. However, they differ in the number of
semantic features they contain. The Eakins model includes five major semantic
features (object semantics, object space, scene semantics, behavior semantics,
and emotional semantics), making its semantic hierarchy the most comprehen-
sive with the most complete semantic expression. The Jaimes & Chang model
includes only three major semantic features (object semantics, scene semantics,
and emotional semantics), lacking descriptions of object space and behavior se-
mantics, making its semantic comprehensiveness and completeness weaker than
the Eakins model. The Kong model does not consider low-level physical features
or high-level semantic features, focusing directly on middle-level object features
to describe objects and their spatial relationships in images. This model contains
two object features—object semantics and object space—making its semantic
hierarchy comprehensiveness and expression completeness weaker than both the
Eakins and Jaimes & Chang models, as shown in Table 2 .
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Table 2. Semantic Levels of Image Semantic Annotation Models

Object Object Scene Behavior Emotional
Model Semantics Space Semantics Semantics Semantics

Eakins P P P P P
Model

Jaimes P - P - P
&

Chang

Model

Kong P P - - -
Model

Note: “P” indicates that the model includes the corresponding semantic level.

In summary, the Eakins model has the most complete semantics and strongest
expression capability. Human understanding of image semantics, derived from
comprehension and cognition, often focuses on object semantics and high-level
semantics. While the core models considered in this paper all incorporate this
factor, they lack description of more abstract semantics such as atmosphere
rendered by images, leaving room for further extension beyond the semantic
concept level.

6.2 Extensibility

The extensibility of image semantic annotation models significantly impacts the
vitality and adaptability of image retrieval systems. We summarize the extensi-
bility of the three core models as strong, relatively strong, and weak, as shown
in Table 3 . All three core models allow user extension. The Eakins model
supports addition/removal of semantic levels and fine-tuning of semantic hierar-
chies, while the Kong model supports adding sub-levels at the object semantics
level. Both thus exhibit good adaptability. Although the Jaimes & Chang
model also allows user extension, it primarily supports adding semantic levels
and hierarchies but not incorporating external knowledge during application,
resulting in relatively weaker extensibility and adaptability.

Table 3. Extensibility of Image Semantic Annotation Models

Model Extensibility Application Reference to External Knowledge
Eakins Model Strong Yes
Jaimes & Chang Model Relatively Strong No
Kong Model Strong Yes

Furthermore, both the Eakins model and Kong model allow incorporation of ex-
ternal knowledge (such as contextual information) during image semantic anno-
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tation to enrich image semantics, rather than being limited to content reflected
in the image itself. The Kong model also employs ontology technology, allowing
users to build personalized ontologies based on the top-level ontology according
to domain knowledge, further enhancing model extensibility and adaptability.

Applying ontology technology to image semantic annotation offers several advan-
tages: ontology is a standardized, normalized knowledge representation method
that provides unified concepts and relationships within a domain [36]; ontology
establishes detailed descriptions of concepts and relationships, creating connec-
tions between dispersed and isolated images and enhancing image coupling [27];
ontology provides semantic description methods independent of specific objects,
facilitating sharing and reuse of semantic information [37-38]; and ontology’s rea-
soning function enables intelligent image retrieval. Different ontologies can be
used to describe images for different applications. For example, low-level image
features can be described using the VDO (visual descriptor ontology) ontology,
which includes MPEG-7 visual descriptors and concepts and attributes of ob-
ject visual features [39]; middle and high-level semantic information typically
requires domain-specific ontologies. Given the Kong model’s extensibility and
support for personalized customization based on external knowledge, it demon-
strates the strongest extensibility and adaptability.

6.3 Application Scope and Methods

All three core models can be used for image semantic annotation and retrieval,
with no specific restrictions on applicable image types or application domains.
By analyzing the semantic information described by the models, we can summa-
rize the characteristics of applicable images and application scenarios for each
core model, as shown in Table 4 . Although the three models are all image
semantic annotation models, their application scopes differ.

Table 4. Application Scope of Image Semantic Annotation Models

Model Applicable Image Characteristics Application Scenarios
Eakins  Comprehensive and diverse semantic ~ Image semantic
Model content, including objects, object annotation in art
space, behavior, scene, and emotion (painting, calligraphy,
etc.), history, and other
fields
Jaimes  Primarily object and scene semantics, Image annotation in
& generally excluding emotional architecture design,
Chang semantics geography, and other
Model fields
Kong Primarily object and object space Image annotation in
Model semantics, generally excluding biomedicine, healthcare,
emotional semantics and other fields
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The Eakins model is primarily used for image retrieval, aiming to improve re-
trieval system performance and precision. This model can comprehensively ex-
press objects, object space, behavior, scene, and emotional semantics in images,
applicable to but not limited to image semantic annotation in art (painting,
calligraphy, etc.) and history fields. For example, Wang Xiaoguang and Xu Lei
proposed a semantic description hierarchy model for Dunhuang mural digital
images in 2014 [40]. Based on the Eakins model, this model incorporated termi-
nology and image metadata suitable for Dunhuang mural description to reveal
high-level image semantics, achieving semantic annotation of Dunhuang mural
digital images. In 2017, Xu Lei and Wang Xiaoguang combined narrative image
plot semantics with their digital image semantic description hierarchy model to
model plot semantics in narrative images, achieving semantic annotation and
retrieval of such images [41]. Narrative images contain relatively comprehensive
semantic information that basically encompasses object, object space, behavior,
scene, and emotional semantics.

The Jaimes & Chang model is primarily used for retrieval-oriented indexing
and classification of image descriptions. In 2001, C. Jgrgensen et al. conducted
an exploratory evaluation of the Jaimes & Chang pyramid model, validating
it through application to image semantic description and indexing. Results
showed the model to be powerful, capable of describing visual content for re-
trieval, guiding the indexing process, and classifying manually or automatically
obtained descriptions, effectively covering image features involved in user de-
scription and annotation processes [42]. The Jaimes & Chang model emphasizes
fine-grained description of object semantics and scene semantics, making it suit-
able for images focusing on objects and scenes, with applications in architecture
design, geography, and other fields. However, since this model does not include
emotional semantics, it is not suitable for describing emotion-laden images.

The Kong model is also primarily used for image retrieval, typically building
models from the image object semantics level. It employs ontology technology
to construct a top-level ontology and allows users to build personalized ontolo-
gies according to their needs. Deng Tao and Shi Tingting et al. conducted
experiments in image retrieval systems, demonstrating that image semantic an-
notation and retrieval based on personalized ontologies achieved higher precision
compared to other retrieval methods (such as Baidu image search using search
engines) [33-34]. The Kong model is an object-level semantic annotation model
that does not consider physical or semantic features. It has strong descriptive
capability for images with objective objects as main content but generally does
not include emotional semantics, making it applicable to but not limited to
biomedicine, healthcare, and other fields.

Conclusion

Image semantic annotation models provide a prerequisite and foundation for
image semantic annotation and retrieval, offering a framework for describing
image content (including low-level visual features and semantic features). This
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paper analyzed and summarized four major image semantic annotation models
(the Eakins model, Jaimes & Chang model, Kong model, and Panofsky model)
and their derivatives. Among these four models, except for the Panofsky model,
which is an abstract image semantic analysis framework, the remaining three are
practically applicable models. Therefore, we compared and analyzed these three
models from three aspects: semantic levels, extensibility, and application scope
and methods. In terms of semantic expression capability, the Eakins model has
the most comprehensive semantic hierarchy and strongest semantic expression
capability. In terms of adaptability, the Kong model demonstrates the best
adaptability, not only referencing external knowledge during annotation but
also allowing users to extend the model during application and build personal-
ized ontologies according to their expertise. In terms of application scope, the
Eakins model is the most widely applied, with many researchers proposing nu-
merous improved models and related applications based on it, leading to broad
recognition. Although the other two models have also been widely applied, their
influence is relatively weaker compared to the Eakins model.
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Comparison and Analysis of the Semantic Models for Digital Image
Annotation

Chen Jinju, Ou Shiyan

School of Information Management, Nanjing University, Nanjing 210023

Abstract: [Purpose/significance] Semantic annotation of digital images is an
effective way to solve the problem of image retrieval. The foundation of seman-
tic image annotation is the construction of semantic models. This paper in-
tends to review the existing mainstream semantic models for image annotation,
and explore their advantages and disadvantages. [Method/process] Firstly, four
representative semantic models for image annotation were reviewed, including
Eakins model, Jaimes & Chang model, Kong model and Panofsky model, using
literature survey, and then the first three models from three aspects (i.e. seman-
tic level, extensibility and application range) were compared and analyzed using
comparative analysis. [Result/conclusion] Through the above analysis, it can
be concluded that Eakins model has the most comprehensive semantic level, the
strongest semantic expression ability and the widest application range, whereas
Kong model is the most scalable and adaptable one.

Keywords: image annotation; semantic image annotation; semantic models
for image annotation
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