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Abstract
User-centric task computing based on context awareness represents one of the
primary objectives pursued by ubiquitous computing. However, extracting con-
textual features from high-dimensional, nonlinear, and coupled contextual data
to enable computing systems to fulfill users’computational requirements amidst
complex contextual variations constitutes both a research challenge and a focal
point of investigation. This paper primarily addresses the implementation of in-
telligent context awareness oriented toward user-centric computational demands
within complex ubiquitous computing environments. The research encompasses
the establishment of distributed fuzzy inference models and parameter learning
methodologies; the investigation of context feature analysis techniques based
on manifold learning and cloud model approaches to achieve context feature
extraction; and the construction of user preference computing models grounded
in context awareness to realize user-centric ubiquitous computing paradigms.
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Abstract
User-centered task computing based on scene perception represents one of the
fundamental goals pursued by ubiquitous computing. However, a key research
challenge and focus lies in extracting scene features from high-dimensional, non-
linear, and coupled contextual data to enable computing systems to fulfill user
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computational requirements amidst complex scene variations. This paper pri-
marily investigates intelligent scene perception for user-centered computing de-
mands in complex ubiquitous computing environments. The research encom-
passes establishing a distributed fuzzy inference model and parameter learn-
ing methods; investigating scene feature analysis techniques based on manifold
learning and cloud model methods to achieve scene feature extraction; and con-
structing a user preference computing model grounded in scene perception to
realize a user-centered ubiquitous computing paradigm.

Keywords: context awareness, scene analysis, fuzzy inference, user preference
model

1 Introduction
Ubiquitous computing environments are characterized by anytime, anywhere
information access and invisible computing capabilities. Computational trans-
parency and pervasiveness constitute the key technical features emphasized by
ubiquitous computing. Consequently, ubiquitous computing is human-centered
rather than computer-centered, aligning with the convergence trend between
information space and physical space, and has become a vigorously developing
international research focus. In dynamic ubiquitous computing environments,
the precise execution of user tasks is closely related to environmental context
(such as location and time) as well as user personalization information (such as
preferences). Therefore, user tasks are scene-dependent, and the ultimate goal of
scene perception is to provide decision support for user task computing in ubiq-
uitous computing environments. However, reusing collected scene information
to perform accurate scene analysis and judgment around the user-centric core
remains a challenging problem that troubles us during ubiquitous computing
technology implementation. This problem not only holds significant theoretical
importance but also finds broad application prospects in mobile value-added
services, smart homes, and urban comprehensive information services.

Current research projects with ubiquitous computing characteristics still define
physical space features at the context (or “contextual”) level, obtaining high-
level context semantics through sensing contexts such as location, time, user
identity, and computing capabilities. This approach has triggered the “con-
text gap”problem [1][2], causing discrepancies between the context information
provided by systems and what users actually need. On one hand, sensor ac-
curacy and context representation methods lead to inaccurate data expression
(contexts typically involve mixed numerical values and semantic concepts, with
mutual influences among contexts), making it difficult for context information
to fully reflect environmental characteristics. On the other hand, user require-
ments represent high-level abstract goals that exhibit significant mismatches
with the abstraction level of contexts, inevitably creating gaps between context
knowledge and user needs and affecting the correctness of interaction decisions
between users and ubiquitous computing environments. Through scene abstrac-
tion, extracting scene features from high-dimensional context information, and
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investigating scene perception and analysis technologies based on context aware-
ness and reasoning will provide new approaches to bridge the gap between con-
text awareness and user needs.

2 Research Status
Ubiquitous computing technology research has attracted tremendous attention
from governments and academia in many developed countries and regions, with
substantial investments of human, financial, and material resources allocated to
diverse research efforts. The U.S. Defense Advanced Research Projects Agency
(DARPA), National Science Foundation (NSF), and National Institute of Stan-
dards and Technology (NIST) have all established extensive research programs
for ubiquitous computing. DARPA simultaneously funds MIT’s Oxygen Project
[3], Carnegie Mellon University’s Aura Project [4], University of Illinois at
Urbana-Champaign’s Gaia System [5], the InfoSphere Project by Oregon Gradu-
ate Institute and Georgia Tech [6], and the University of Washington’s Portolano
[7]. Meanwhile, NIST has formulated detailed research plans for ubiquitous com-
puting, coordinated by its Information Technology Laboratory responsible for
coordination, standardization, and testing. The European Union also launched
the Disappearing Computer initiative in 2001 [8], involving 17 ubiquitous com-
puting projects with 2-3 year durations, along with related efforts like the Smart
Tea/MyTea Project [9]. The UK invested €10 million to establish the six-year
Equator Research Program [10].

In ubiquitous computing research projects, intelligent perception technology re-
mains a core focus. Although context-aware systems can obtain vast amounts of
data from sensor networks at any moment, this unprocessed information merely
describes a single environmental attribute at a single time point, while sensor
data also exhibits uncertainty and unreliability [11], making it difficult to di-
rectly obtain required semantic information. Therefore, context reasoning must
be employed to extract semantic knowledge from this raw information and per-
form reasoning according to certain rules to obtain high-level contexts. The
reasoning technologies adopted by context-aware systems draw from artificial
intelligence achievements, treating context as a form of knowledge for inference.
Currently, two primary approaches are employed: rule-based logical reasoning
and machine learning-based reasoning.

2.1 Rule-Based Logical Reasoning

Rules typically adopt first-order predicate logic, establishing implication rela-
tionships between conditions and conclusions through rule condition definitions.
Since rule logic aligns with human cognitive habits regarding the objective world,
it represents a simple, practical, and commonly used context reasoning method.
The Gaia system developed by the University of Illinois at Urbana-Champaign
[5,12] investigates a context model based on first-order predicate calculus. This
model can fully utilize Boolean expression calculus rules while incorporating
quantitative processing of context information to achieve automated deduction
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and derivation of contexts. Bomsdorf [13] defines methods for selecting learning
materials in specific contexts through rules. Policy-based calculation represents
another manifestation of rule logic. Shankar [14] investigates a policy-based
management framework for ubiquitous computing systems, extending ECA rules
defined by policies to ECPAP rules with conflict detection to express what man-
agement actions should be executed when specific conditions occur.

The aforementioned research employs precise rule definitions. Since rules de-
pend on empirical values, precise rules exhibit poor adaptive capabilities and
cannot flexibly simulate human intelligent reasoning decision-making habits. To
address this, Yu et al. [15] propose a fuzzy inference and learning method that
combines fuzzy logic with inference rules to achieve fuzzification of conditional
propositions and conclusions in rules, thereby completing the fuzzy inference
process.

With the development of semantic Web technologies and the maturation of
related theories, ontology theory has been gradually introduced into context
modeling and reasoning. Ontology-based context reasoning generally employs
defined inference rules, using the Resource Description Framework (RDF) to
describe metadata data models, with XML, OWL, and DAML+OIL statements
for modeling, and description logic or rules for reasoning. This approach can
extend relational logic definitions for metadata semantics and has gradually
become the representation standard for context data and high-level semantics.
The Gaia system combines ontology with ubiquitous computing, using the se-
mantic description language DAML+OIL to define context ontologies and es-
tablish interoperability mechanisms across different ubiquitous computing en-
vironments. Gaia system experiments have demonstrated the important role
of ontology in context reasoning [16]. The Context Broker Architecture (Co-
BrA) [17] adopts OWL as the modeling tool for the COBRA-ONT ontology,
using OWL’s built-in rules to detect conflicts in contexts, and processes con-
flicting context statements based on the hypothesis weights of intelligent agents
when conflicts occur. Khedr et al. [18] implement context description creation
and modification through establishing negotiation mechanisms, and build fuzzy
inference rules in the reasoning engine to enable natural extension of context
ontologies.

Introducing ontology into context reasoning technology provides a convenient
and feasible context data modeling approach. More importantly, the combina-
tion of ontology and rule definition can discover implicit semantic relationships
contained among contexts, which has been proven in many systems and models.
However, rule-based reasoning approaches cannot escape dependence on expe-
rience and common sense. Whether rule definition or semantic modeling, they
typically adopt offline definition methods that cannot be dynamically adjusted
during runtime.

Machine learning represents a crucial characteristic of intelligent systems, facili-
tating research on how to adapt to system context changes in context reasoning,
enabling systems to make consistent responses when encountering identical or
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similar contexts. Commonly employed machine learning methods for context
reasoning include Bayesian networks, Hidden Markov Models, and other tools.
The current research trend involves combining machine learning methods with
ontology modeling and fuzzy logic to achieve hybrid reasoning models.

Bayesian networks have been widely applied in the context awareness domain in
recent years, becoming the most important machine learning method in this field
due to their suitability for handling probability distributions of information. The
learning and decision-making process of Bayesian networks [19] is shown in Fig-
ure 1 [Figure 1: see original paper]. Gu et al. [20] perform probabilistic extension
of context ontology models, using probability distributions to represent context
uncertainty, and employ Bayesian networks as the tool for uncertainty reasoning
on this basis. They investigate algorithms for transforming RDF graphs into
Bayesian networks, which essentially involves solving conditional dependencies
among metadata in metadata relationship descriptions to characterize the confi-
dence degree of semantic relationships. Yu et al. [21] investigate a personalized
hybrid multimedia recommendation system based on context awareness, propos-
ing a recommendation model based on rules and Bayesian classifiers that uses
a Naive Bayesian classifier to evaluate resources to be recommended under spe-
cific contextual conditions. Ranganathan et al. [11] investigate a hybrid learning
model combining fuzzy logic rules and Bayesian networks, where context meta-
data is modeled using ontologies, and semantic dependency relationships among
metadata are learned through fuzzy logic and Bayesian networks. Park et al. [22]
propose a fuzzy Bayesian network model for context-aware music recommenda-
tion systems, applying fuzzy logic’s hybrid data processing capabilities to data
preprocessing for Bayesian inference.

Hidden Markov Models represent another important machine learning method
that can be used for context recognition and prediction in context reasoning,
though primarily employed in wearable computing research. Clarkson et al. [23]
and Starner et al. [24] apply Hidden Markov Models to location and event deter-
mination in wearable computing environments. Gopalratnam et al. [25] design
and implement the Active LeZi prediction algorithm based on Hidden Markov
Models and embed it in smart home environments for predicting household
appliance usage.

Additionally, Support Vector Machines serve as a commonly used context classi-
fication tool. Zhang et al. [26] utilize sensors to perceive elderly people’s physical
characteristic parameters and employ SVM methods to determine whether the
elderly person has fallen. Bulling et al. [27] use SVM to abstract eye gaze into
90 features for recognizing user states and behaviors through eye movement
characteristics, achieving high recognition accuracy.

2.3 Context Reasoning Modeling Based on Petri Nets

Research on intelligent reasoning mechanisms based on Petri nets has a long
history. As early as the late 1980s, Looney et al. [28] proposed approximate rea-
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soning solutions based on Petri nets to address fuzzy reasoning requirements in
the objective world, then known as fuzzy Petri nets or fuzzy logic nets. Chen et
al. [29] clarified the concept of fuzzy Petri nets, proposing rule generation meth-
ods and inference algorithms for application in general knowledge representation
systems. Gao [30] in 2003 proposed the definition of the Fuzzy Reasoning Petri
Net (FRPN) model and designed and implemented forward reasoning algorithms
based on FRPN.

Throughout research on reasoning mechanisms based on Petri nets, the focus lies
on inference algorithm research. According to logical sequence, inference algo-
rithms are divided into forward reasoning and backward reasoning approaches.

In forward reasoning [29-31], the membership degree distribution of fuzzy sets is
characterized by initially enabled places in Petri nets. The reasoning objective is
to obtain the membership degree of propositions represented by other places in
the Petri net through initially enabled places, where membership degree reflects
the truth degree of propositions. The forward reasoning model transfers mem-
bership degrees according to the transition direction defined by Petri nets, and
after calculating the membership degree of a certain place, it will not re-examine
the predecessor places of that place.

Backward reasoning [32] starts from the place representing the proposition to be
solved, determines the reasoning tree relied upon for place solving through back-
tracking, and then forwardly solves the membership degrees of various places
in that reasoning tree. Although backward reasoning is logically inverse to the
reasoning sequence, it can eliminate the additional overhead introduced by for-
ward reasoning for solving membership degrees of irrelevant places when calcu-
lating conclusion place membership degrees through reasoning tree construction.
Therefore, backward reasoning exhibits higher computational efficiency.

2.4 Multi-Dimensional Multi-Objective Preference Model

Traditional user preference computing is mostly based on a single User Pro-
file. From an input-output perspective, traditional preference computing mod-
els can be considered as having two-dimensional input (user preferences and
recommended resources) and one-dimensional output (user ratings of resources).
Higher ratings indicate higher recommendation likelihood. The formal represen-
tation of traditional preference computing models is as follows.

Let the user set be 𝑢𝑠𝑒𝑟_𝑠𝑒𝑡 and the resource set be 𝑟𝑒𝑠𝑜𝑢𝑟𝑐𝑒_𝑠𝑒𝑡. User pref-
erences are then defined through user ratings 𝑅𝑢,𝑖 of resources. Let the rating
set be 𝑟𝑎𝑡𝑖𝑛𝑔_𝑠𝑒𝑡, then 𝑅𝑢,𝑖 is defined as:

𝑅𝑢,𝑖 ∶ 𝑢𝑠𝑒𝑟_𝑠𝑒𝑡 × 𝑟𝑒𝑠𝑜𝑢𝑟𝑐𝑒_𝑠𝑒𝑡 → 𝑟𝑎𝑡𝑖𝑛𝑔_𝑠𝑒𝑡

Preference computing in ubiquitous computing environments is far more com-
plex than traditional single User Profile-based recommendations, requiring full
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consideration of environmental context information and solving user preferences
based on perceived contexts [33][34]. In this scenario, user preference computing
must comprehensively consider physical context, logical context, user context,
and other contextual information, extending from a binary preference model to
a multi-dimensional preference model [35], i.e.:

𝑅𝑢,𝑖 ∶ 𝑢𝑠𝑒𝑟_𝑠𝑒𝑡 × 𝑟𝑒𝑠𝑜𝑢𝑟𝑐𝑒_𝑠𝑒𝑡 × 𝑐𝑜𝑛𝑡𝑒𝑥𝑡 → 𝑟𝑎𝑡𝑖𝑛𝑔_𝑠𝑒𝑡

where 𝑐𝑜𝑛𝑡𝑒𝑥𝑡_𝑠𝑒𝑡 represents context sets across different dimensions, which
can be simplified as:

𝑅𝑢,𝑖 ∶ 𝑢𝑠𝑒𝑟_𝑠𝑒𝑡 × 𝑟𝑒𝑠𝑜𝑢𝑟𝑐𝑒_𝑠𝑒𝑡 × 𝑐𝑜𝑛𝑡𝑒𝑥𝑡 → 𝑟𝑎𝑡𝑖𝑛𝑔_𝑠𝑒𝑡

The context-aware user preference computing problem can then be described as:
given 𝑢 ∈ 𝑢𝑠𝑒𝑟_𝑠𝑒𝑡 and 𝑐𝑜𝑛𝑡𝑒𝑥𝑡, find 𝑟𝑒𝑠𝑜𝑢𝑟𝑐𝑒_𝑠𝑒𝑡 such that:

𝑟𝑎𝑡𝑖𝑛𝑔(𝑢, 𝑐) = arg max
𝑢∈𝑢𝑠𝑒𝑟_𝑠𝑒𝑡,𝑐𝑜𝑛𝑡𝑒𝑥𝑡

𝑟𝑎𝑡𝑖𝑛𝑔(𝑢, 𝑐)

Furthermore, computational results may need to describe user interest in re-
sources from different perspectives. For example, restaurant recommendation
systems must consider diverse and personalized needs of different users, often
requiring comprehensive evaluation from aspects such as environment, price,
cuisine, and service quality. Consequently, user preference computing models
evolve into multi-criteria models [35], i.e.:

𝑅𝑢,𝑖 ∶ 𝑢𝑠𝑒𝑟_𝑠𝑒𝑡 × 𝑟𝑒𝑠𝑜𝑢𝑟𝑐𝑒_𝑠𝑒𝑡 × 𝑐𝑜𝑛𝑡𝑒𝑥𝑡 → 𝑟𝑎𝑡𝑖𝑛𝑔_𝑠𝑒𝑡𝑁 , 𝑛 = 1, … , 𝑁

Naturally, the final evaluation system is closely related to application require-
ments. In practical applications, the essence of context-aware preference com-
puting remains the user evaluation system under contextual conditions. The
embedded context preference model layer defines the mapping from context
space to user preference space, with the primary objective of integrating per-
ceived context knowledge with user preference solving.

3 Challenges
Ubiquitous computing emphasizes user-centricity, where computing environ-
ment contexts are closely related to specific users, making scene perception
crucial for ubiquitous computing realization. However, existing context-aware
technologies in ubiquitous computing environments suffer from several prob-
lems:
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1. Lack of technology for analyzing computing environments from
holistic scene features: User requirements are determined by specific
tasks within specific scenes. Therefore, accurate scene analysis and judg-
ment form the foundation and important basis for satisfying user task
requirements. Scene information is closely related to contextual seman-
tics within scenes rather than being simple stacking of contextual data,
requiring investigation of approaches to define scenes based on holistic
contextual features of user computing environments.

2. Lack of distributed context reasoning technology addressing
ubiquitous computing characteristics: Ubiquitous computing envi-
ronments represent typical distributed systems. Current context-aware
technologies primarily focus on reasoning objectives, investigating central-
ized reasoning through semantic rule definition and appropriate machine
learning method selection. Existing fuzzy inference models concentrate
on reasoning algorithms and cannot provide distributed reasoning spec-
ification mechanisms tailored to the system topology characteristics of
ubiquitous computing environments.

3. Lack of parameter learning mechanisms for fuzzy rules: In fuzzy
reasoning Petri net theoretical models, two important parameters are de-
fined—proposition truth degree and rule confidence degree—representing
the reliability of propositions and rules respectively. This concept is also
reflected in machine learning hybrid reasoning technologies. However, like
reasoning rule design, proposition truth degree and rule confidence degree
currently depend on empirical values, lacking necessary learning methods
for fuzzy rules themselves. Consequently, reasoning rules remain static
and cannot reflect the accurate dynamics of propositions and inference
rules.

In summary, the theories and methods based on context awareness for user-
centered computing environments still exhibit numerous deficiencies. Therefore,
developing scene perception and analysis theories and technologies based on con-
text awareness holds important theoretical significance and practical value. Ac-
cordingly, this paper addresses the characteristics of distributed ubiquitous com-
puting environments, investigating how to provide system knowledge that sat-
isfies user requirements and conforms to scene characteristics, offering decision-
making foundations for user task execution in application spaces. Specifically,
this includes establishing distributed fuzzy inference methods and specification
mechanisms with parameter learning functions; investigating complex scene se-
mantic feature expression and scene analysis methods based on this foundation;
and constructing user preference models embedded with scene features based on
scene perception and analysis, providing decision-making foundations for aware
computing-capable application systems in ubiquitous computing environments.
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4 Current Research Work
Our research work primarily comprises two components: scene perception based
on context reasoning and scene analysis. Scene perception technology specifi-
cally includes implementing distributed reasoning based on perceived context
data sources and investigating distributed reasoning models; establishing rea-
soning rule parameter learning methods during the reasoning process; inves-
tigating mapping relationships between context semantics and scene feature
values through scene analysis to establish learning methods required for scene
analysis; and investigating user preference computing models embedded with
scene features to construct a user-centered computing foundation in ubiquitous
computing environments based on scene features integrated with user and task
descriptions. Figure 2 [Figure 2: see original paper] illustrates the overall re-
search framework.

4.1 Scene Perception Based on Context Reasoning

Ubiquitous computing environments exhibit distributed and heterogeneous char-
acteristics, making it feasible to distribute reasoning tasks across different com-
puting nodes within such environments. Reasoning rules in ubiquitous com-
puting environments can be effectively decomposed into multiple independent
propositions, providing the logical foundation for distributed reasoning imple-
mentation. We have conducted work in two aspects:

1. Distributed fuzzy inference modeling: Addressing the characteristics
of rule-based context reasoning methods, we investigate distributed fuzzy
reasoning Petri net models, extend attributes of places and transitions in
the model, introduce new vector definitions regarding node states, and
design and verify distributed fuzzy inference algorithms.

The basic definition of distributed fuzzy reasoning Petri nets is 𝑑𝐹𝑅𝑃𝑁 =
(𝑃 , 𝑇 , 𝐹 , 𝛼, 𝛽, 𝛾, 𝜆, 𝜇). Where 𝑃 = {𝑝1, 𝑝2, ⋯ , 𝑝𝑛} is a finite set of places repre-
senting propositions in reasoning rules. We define specific places in the place
set to characterize the completion status of reasoning tasks on terminals or
the status during reasoning task migration. 𝑇 = {𝑡1, 𝑡2, ⋯ , 𝑡𝑚} is a finite set
of transitions representing reasoning processes. 𝑇 = 𝑅𝑇 ∪ 𝑀𝑇 ∪ 𝑆𝑇 , where
𝑅𝑇 is the reasoning transition set, 𝑀𝑇 is the migration transition set, and 𝑆𝑇
is the submission transition set. 𝑑𝐹𝑅𝑃𝑁 introduces two temporal state vari-
ables—“load degree”and“load growth rate”—forming place load degree vector
𝐿 ∶ 𝑃 → 𝛼 × 𝛽 and transition load growth rate vector 𝐺 ∶ 𝑇 → 𝛾 × 𝜆. Simulta-
neously, the mapping is revised to: 𝛼 ∶ 𝑃 → ℝ+ and 𝛽 ∶ 𝑇 → ℝ+, i.e., attaching
load degree definitions to places and load growth rate definitions to transitions.
Consequently, in the inference algorithm of the 𝑑𝐹𝑅𝑃𝑁 model, both reasoning
tree generation and final reasoning require system state calculation and anal-
ysis. Simultaneously, we solve proposition truth degree and rule confidence
degree in the 𝑑𝐹𝑅𝑃𝑁 model to match proposition and rule hit degrees during
the reasoning process.
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2. Fuzzy context reasoning parameter learning methods: In fuzzy
reasoning rule definitions, proposition truth degree and rule confidence
degree represent the reliability and accuracy of semantics contained in
propositions and rules, typically determined based on empirical values.
When applying fuzzy reasoning rules, since proposition semantics in rule
condition parts are inherently fuzzy, multiple reasoning rules often need
to be applied for a single reasoning task, forming an applied reasoning rule
set to derive fuzzy reasoning conclusions. We investigate reasoning param-
eter learning methods for two important parameters in fuzzy reasoning—
proposition truth degree and rule confidence degree—based on proposition
and rule hit degrees during the reasoning process. According to proposi-
tion and rule hit degrees in reasoning history, we solve proposition truth
degree and rule confidence degree to align them with actual reasoning
processes.

4.2 Scene Analysis Based on Intelligent Perception

Context information represents raw, unprocessed information describing a cer-
tain environmental attribute at a single time point. Computing environments
are complex, closely related to context but not simply a superposition of multi-
ple context information types. The purpose of scene analysis technology is to
approach from holistic computing environment features, construct scene feature
models based on fundamental context information, solve statistical patterns and
fuzzy logical relationships embedded in mixed multimodal context information,
achieve scene feature definition through limited scene feature values, and realize
differentiation between different scenes.

Mapping from context semantics to scene features must consider both statisti-
cal and fuzzy characteristics of information in ubiquitous computing environ-
ments. The cloud model [36] can achieve mutual conversion between a qual-
itative concept expressed in natural language values and its quantitative rep-
resentation, reflecting the overall quantitative characteristics of the qualitative
concept. Therefore, cloud model feature values can serve as scene feature values,
with distances between clouds representable through Euclidean spatial distance,
enabling clustering analysis methods for cloud clustering to achieve scene dif-
ferentiation. However, since dimensionality reduction loses partial features of
high-dimensional context space, trade-offs between feature loss and dimension-
ality reduction target dimensions require in-depth investigation.

4.3 User Preference Computing with Embedded Scene Features

The purpose of user-centered scene perception and analysis is to achieve or-
ganic integration of scene features with user preference computing, establishing
personalized computing for dynamic ubiquitous computing environments.

To this end, we investigate collaborative filtering algorithms embedded with
scene features, with the technical framework shown in Figure 3 [Figure 3: see
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original paper]. This is because, on one hand, collaborative filtering technology
represents the most successful and widely used approach in current personalized
services. Collaborative filtering generates final recommendations through a tar-
get user’s nearest neighbors, first calculating correlations between users and/or
items, then predicting the target user’s ratings for unrated items through neigh-
bor user ratings for relevant items. On the other hand, current collaborative
filtering technology is typically applied to static data without considering con-
text. In highly dynamic ubiquitous computing environments, user decisions will
be influenced by surrounding environmental contexts.

The collaborative filtering algorithm embedded with scene features introduces
contextual scene knowledge into user ratings of resources. Neighbor scene deter-
mination no longer relies solely on user ratings of resources but instead performs
dimensionality reduction and feature extraction based on original scene infor-
mation composed of high-dimensional context data to obtain low-dimensional
context feature representations. On this foundation, rating prediction strategies
for collaborative filtering based on contextual scenes predict target user ratings
for resources.

5 Conclusion
Research on user-centered scene perception and analysis technology holds im-
portant theoretical significance and application value, forming the foundation
for further development of intelligent perception and transparent computing in
the ubiquitous computing domain. This paper’s research content addresses
the characteristics of intelligent IoT and ubiquitous network environments, es-
tablishing general methods for user-centered scene perception and analysis to
provide decision-making knowledge foundations for intelligent human-computer
interaction in these environments.

Future research will emphasize theoretical model investigation of scene percep-
tion while focusing on applying model algorithms to embedded prototype im-
plementations in ubiquitous computing environments. This research will be
supported by the National 863 Program Key Project “Key Technologies and
Systems for Ubiquitous Computing Fundamental Software and Hardware”and
the National Natural Science Foundation General Project “Research on Dis-
tributed Scene Perception and Analysis Technology for Task-Oriented Comput-
ing,”striving to take an important step toward the development goal of novel
computing environments with aware computing capabilities.
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