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With the rapid iteration of ubiquitous sensing, edge computing and artificial intelligence technologies, intelligent
perception has become the core driving force for accelerating the digital transformation and intelligent upgrading
of various social scenarios. Traditional smart scenario construction schemes suffer from low data fusion efficiency,
high resource occupation, poor scene adaptability and unclear standardized application modes, which severely
restrict the large-scale popularization and practical landing of smart service systems. This paper takes intelligent
perception technology as the core enabling carrier, systematically explores the core bottlenecks restricting
the construction efficiency of smart scenarios, proposes a multi-layer collaborative efficiency optimization
framework oriented to heterogeneous perception data, constructs a standardized and scalable smart scenario
application paradigm integrating perception, analysis, decision-making and execution. On the basis of sorting
out the existing research achievements of intelligent perception and smart scene construction, this paper
innovatively designs a weighted adaptive perception data fusion algorithm and an edge-cloud hierarchical
resource scheduling optimization model, and derives complete mathematical derivation formulas. Combined
with business logic, the overall technical flow chart and module deployment architecture diagram of the
optimized system are constructed. A multi-group comparative experiment is carried out based on actual urban
community, industrial park and campus smart scenario datasets. Experimental results verify that the proposed
optimization strategy can effectively reduce system delay, reduce computing resource consumption and improve
perception recognition accuracy. The constructed universal application paradigm has strong universality and
expansibility, which can provide theoretical reference and technical support for the efficient construction, rapid
deployment and standardized promotion of diversified smart scenarios, and lay a solid foundation for the deep
integration of intelligent perception technology and smart social governance, smart industry and smart life
fields.
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1. Introduction

In the era of digital economy and intelligent society con-
struction, smart scenarios represented by smart city, smart
manufacturing, smart campus and smart community have

gradually become important carriers to realize refined so-
cial governance and efficient industrial operation. Intel-
ligent perception technology, covering visual perception,
environmental sensing, wireless positioning, multi-sensor
fusion and other technical branches, can realize real-time
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collection, dynamic monitoring and state identification of
multi-dimensional scene information, and is the primary
data source and core technical support for all smart scene
operations [1–3].

At present, most smart scenario construction projects
adopt decentralized construction mode, lacking unified
perception data standard and unified resource scheduling
mechanism. Massive heterogeneous perception data can-
not be efficiently cleaned, fused and transmitted, resulting
in serious data redundancy, high network transmission
pressure and low real-time response capability. In addi-
tion, there is a lack of unified application logic framework
and standardized deployment process in the actual con-
struction process, leading to repeated construction of scene
functions [4–6], poor cross-scene migration ability and high
later operation and maintenance cost, which greatly reduce
the comprehensive construction benefit of smart scenarios.

This paper sorts out the internal correlation mechanism
between intelligent perception capability and smart sce-
nario construction efficiency, establishes a complete theoret-
ical system of efficiency optimization driven by perception
technology, perfects the research system of standardized
application paradigm of multi-type smart scenarios, and
enriches the research achievements in the cross fields of
intelligent sensing, edge intelligence and scene intelligent
construction.

The proposed efficiency optimization model and stan-
dardized application paradigm can effectively solve the
pain points such as low construction efficiency, high oper-
ating cost and difficult function replication in actual scene
construction. It can be directly applied to the planning,
design, construction and operation links of various smart
scenarios, shorten the project construction cycle, reduce re-
source investment, and promote the rapid popularization
and large-scale landing of intelligent perception enabling
smart scene solutions.

The main research contents of this paper are as follows.

1. We sort out the current research status and existing
defects of intelligent perception technology and smart
scenario construction.

2. We analyze the main influencing factors of smart sce-
nario construction efficiency from the dimensions of
data layer, computing layer, network layer and appli-
cation layer.

3. We propose multi-dimensional efficiency optimization
strategies, construct mathematical optimization mod-
els and design system operation flow architecture.

4. We build experimental verification platform, set up

multiple control groups to complete performance com-
parison experiments.

2. Materials and methods

2.1. Analysis of Influencing Factors of Construction Effi-
ciency

From the whole life cycle of smart scenario construction,
the core factors affecting construction efficiency are divided
into four layers.

Data layer. Multi-source perception data is heteroge-
neous, with large noise, low fusion degree and serious data
delay. Computing layer. It includes unreasonable alloca-
tion of cloud-edge-end computing resources, unbalanced
task load and high idle resource rate.

Network layer. It includes unordered transmission of
massive perception data, unreasonable bandwidth alloca-
tion and high network congestion rate.

Application layer. It includes disordered scene business
logic, repeated function development and lack of unified
deployment specifications.

Aiming at the above influencing factors, this paper car-
ries out targeted optimization design from data fusion,
resource scheduling, task offloading and application stan-
dardization.

Fig. 1. Proposed Smart Scenario Construction.

2.2. Multi-source Perception Data Adaptive Fusion Opti-
mization Model

2.2.1. Basic Definition

Set the smart scene perception terminal set T =

{t1, t2, . . . , tn}. Each terminal collects different types of
perception data, including environmental data, image data,
positioning data and state monitoring data [7, 8]. The origi-
nal perception data sequence collected by the i-th terminal
is defined as Xi = {xi1, xi2, . . . , xim}.
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Define data confidence factor αi to represent the effec-
tive credibility of data collected by different perception
terminals 0 < αi ≤ 1.

2.2.2. Weighted Adaptive Fusion

On the basis of eliminating abnormal noise data, this paper
constructs a weighted adaptive multi-source perception
data fusion calculation model.

F(X) =
n

∑
i=1

wi · αi · Xi (1)

Where wi is the dynamic fusion weight of the i-th per-
ception data, which satisfies the normalization constraint

∑n
i=1 wi = 1, wi ≥ 0.

The dynamic weight update formula based on scene
real-time data fluctuation is:

wi(t + 1) = wi(t) + η · (X̄ − Xi(t))) (2)

In the formula, η represents the weight learning step
size. X̄ represents the average value of all effective percep-
tion data at the current moment.

2.2.3. Data Noise Suppression Optimization

In view of the abnormal interference data in scene percep-
tion, the threshold constraint filtering formula is adopted
to eliminate outliers.

X̂i =

{︃
Xi, |Xi − X̄| ≤ δ
X̄, |Xi − X̄| > δ

(3)

Where δ is the scene adaptive noise filtering threshold,
which can be dynamically adjusted according to different
smart scene environments.

2.3. Edge-cloud Hierarchical Resource Scheduling Effi-
ciency Optimization Model

2.3.1. Objective Function Construction

Taking minimizing system total delay and minimizing com-
prehensive resource consumption as double optimization
objectives, the objective function is constructed.

min J = λ · Ttotal + (1 − λ) · Ctotal (4)

Where λ ∈ (0, 1) is the balance weight of delay and
resource consumption. Ttotal represents the total system
operation delay. Ctotal represents the total computing and
network resource consumption.

Total delay is composed of perception acquisition delay
Ts, transmission delay Tt and computing processing delay
Tc.

Ttotal = Ts + Tt + Tc (5)

Total resource consumption includes edge terminal re-
source consumption Ce and cloud center resource consump-
tion Cc.

Ctotal = Ce + Cc (6)

The constraint conditions include perception task com-
puting resource constraint Rused ≤ Rmax , network trans-
mission bandwidth constraint Bflow ≤ Blimit , scene service
response time constraint Ttotal ≤ Treq .

2.3.2. Task Offloading Optimization Decision

Set the task offloading decision variable oi ∈ {0, 1}, oi = 0
means the task is executed locally at the edge end, and
oi = 1 means the task is offloaded to the cloud platform for
processing.

Tc =
n

∑
i=1

[︁
(1 − oi) · Te,i + oi · Tc,i

]︁
(7)

Te,i is edge computing delay, Tc,i is cloud computing delay.

2.4. Standardized Smart Scenario Application Paradigm
Construction

This paper constructs a five-layer universal application
paradigm suitable for all smart scenarios, i.e., perception
access layer, data fusion layer, intelligent computing layer,
decision control layer, scene application layer.

Perception access layer. It uniformly accesses all kinds
of intelligent perception terminals to complete full-scene
information collection.

Data fusion layer. It uses the above adaptive fusion
model to complete data cleaning, integration and standard-
ization processing.

Intelligent computing layer. It realizes hierarchical task
scheduling and intelligent analysis based on edge-cloud
collaboration.

Decision control layer. It generates scene intelligent
decision instructions and completes equipment linkage
control.

Scene application layer. It docks smart community,
smart park, smart campus and other diversified business
applications.

2.5. System Overall Operation Flow Chart

• The intelligent perception terminal in the scene starts
real-time data collection and uploads original data to
the edge gateway.

• The edge gateway performs preliminary noise removal
and data preprocessing.
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• According to the task priority and resource occupancy,
the optimization model automatically generates task
offloading decisions.

• Low-delay real-time tasks are processed locally at the
edge, and large-scale data analysis tasks are uploaded
to the cloud.

• The cloud platform completes deep feature mining
and scene state prediction.

• The analysis results are fed back to the scene man-
agement platform to realize automatic early warning,
intelligent scheduling and business service output.

• Real-time update of perception data fusion weight
and resource scheduling strategy to realize dynamic
iterative optimization of the system.

3. Results and discussion

3.1. Experimental Environment Setup

Experimental environment includes intelligent perception
terminal, high-definition visual acquisition terminal, tem-
perature and humidity environment sensor, wireless posi-
tioning module. Edge computing device contains indus-
trial edge gateway, 8-core high-performance edge host [9,
10]. Cloud platform is with cloud server cluster, unified
resource scheduling management platform.

Development framework includes Python, PyTorch,
OpenCV, MATLAB, SPSS, Scene dataset includes self-built
smart community scene dataset, open-source urban smart
perception public dataset.

3.2. Experimental Control Group Set

Group A: Traditional independent perception data process-
ing scheme (control group). Group B: Single fixed weight
data fusion scheme. Group C: The efficiency optimization
scheme proposed in this paper (experimental group).

3.3. Experimental Evaluation Indicators

Perception data fusion accuracy evaluates the fitting de-
gree between fusion data and actual scene state. System
average response delay reflects the real-time performance
of smart scene service [11–13]. Computing resource occu-
pancy rate verifies the resource optimization effect. Scene
service operation stability counts system stable running
time and failure rate. Scene construction cycle efficiency
compares the actual project deployment and landing cycle
[14–16].

3.4. Data Fusion Accuracy Comparison

After experimental verification, the adaptive weighted fu-
sion algorithm proposed in this paper has higher data fu-
sion accuracy than the traditional fixed weight method.
Under complex scene interference environment, the fusion
accuracy is significantly improved, and the data distortion
rate is effectively reduced. The result is shown in Fig. 2.

Fig. 2. Comparison curve of perception data fusion
accuracy under different schemes.

3.5. System Response Delay Comparison

Under the same number of perception terminals and the
same task volume, the average response delay of the opti-
mized scheme in this paper is obviously lower than that of
the traditional scheme. With the increase of access termi-
nals, the delay growth trend is gentle, and the system has
strong large-scale access capability as shown in Fig. 3.

Fig. 3. System response delay change curve with the
number of access terminals.

3.6. Resource Occupancy Comparison Experiment

The edge-cloud hierarchical scheduling model effectively
disperses computing pressure, greatly reduces the local
high load operation state of edge terminals, reduces the
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overall energy consumption and hardware resource invest-
ment in scene construction, and improves resource utiliza-
tion efficiency. The result is shown in Fig. 4.

Fig. 4. Histogram of computing resource occupancy rate of
each group of experiments.

3.7. Practical Scene Application Efficiency Verification

In the actual pilot construction of smart community
and smart campus scenarios, adopting the application
paradigm and efficiency optimization strategy proposed in
this paper can shorten the scene overall construction cycle,
reduce repeated hardware and software investment, and
greatly improve the on-site deployment and subsequent
operation and maintenance efficiency.

In Fig. 5, the optimization strategy achieves differenti-
ated intelligent offloading. Real-time tasks (monitoring, po-
sitioning, environmental perception) are mainly processed
at the edge, while computationally intensive tasks (image
analysis, anomaly detection) are offloaded to the cloud.
This verifies the design concept in the paper of "local edge
processing for low-latency real-time tasks and uploading
large-scale data analysis tasks to the cloud".

Fig. 5. Flow distribution diagram of edge-cloud task
offloading under optimized strategy.

In Fig. 6, the proposed solution in this paper can shorten

the construction period by an average of 45-50%, and the
five-layer general application paradigm significantly re-
duces redundant development. The more complex the
scenario (Smart Park involves multi-system integration),
the more obvious the optimization effect. The edge-cloud
collaborative architecture reduces the post-operation main-
tenance costs and improves the overall lifecycle efficiency.

Fig. 6. Comparison histogram of actual smart scene
construction cycle.

3.8. Ablation Experiment Result

Ablation experiments are carried out by removing the data
fusion optimization module and the resource scheduling
module respectively. The results show that both core mod-
ules can independently play an obvious optimization effect,
and the combined use effect is the best, which fully verifies
the rationality and necessity of each innovation module.

As shown in Table 1, the proposed optimization scheme
(Group C) demonstrates comprehensive superiority across
all evaluation metrics. Compared with the traditional in-
dependent processing scheme (Group A), the proposed
method achieves a 15.1% improvement in fusion accuracy
(from 82.3% to 94.7%), a 72.0% reduction in average re-
sponse delay (from 312.5 ms to 87.4 ms), and a 45.3% de-
crease in resource occupancy (from 79.5% to 43.5%). Fur-
thermore, the system stability is significantly enhanced,
with continuous operation time increasing from 168.2 hours
to 312.8 hours, while the failure rate drops dramatically
from 8.5% to 1.8%. Most notably, the smart scene construc-
tion cycle is shortened by 48.3% (from 178.0 days to 92.0
days), which validates the practical engineering value of
the standardized application paradigm. Compared with
the single fixed-weight fusion scheme (Group B), the pro-
posed method still maintains substantial advantages across
all dimensions, confirming that the adaptive weighted fu-
sion algorithm and edge-cloud collaborative scheduling
model jointly contribute to the overall performance en-
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Table 1. Multi-index comprehensive performance comparison of different optimization schemes.

Scheme Fusion
Accuracy (%)

Avg Response
Delay (ms)

Resource
Occupancy (%)

Stability
(h)

Failure
Rate (%)

Construction
Cycle (days)

Group A:
Traditional 82.30% 312.50 79.50% 168.20 8.50% 178.00

Group B:
Fixed-weight 88.60% 198.30 67.20% 216.50 5.20% 144.30

Group C:
Proposed 94.70% 87.40 43.50% 312.80 1.80% 92.00

hancement.

Table 2 presents the ablation experiment results to ver-
ify the independent and synergistic contributions of the
two core modules. When the data fusion optimization
module is removed, the fusion accuracy decreases by 8.5%
(from 94.7% to 86.2%), and the system throughput drops by
10.4% (from 128.6 Mbps to 115.2 Mbps ), indicating that the
adaptive weighted fusion algorithm plays a critical role in
improving data quality and transmission efficiency. When
the resource scheduling module is removed, the average
response delay increases sharply by 79.4% (from 87.4 ms
to 156.8 ms), and the resource occupancy rises by 18.8%
(from 43.5% to 62.3%), demonstrating that the edge-cloud
collaborative scheduling mechanism is essential for latency
reduction and load balancing. Notably, the combined use
of both modules achieves the best performance, with the
full model outperforming the baseline by 12.4% in accu-
racy, 72.0% in delay reduction, and 78.0% in throughput
improvement. These results fully validate the rationality
and necessity of each innovation module, and confirm that
the two modules exhibit positive synergistic effects.

Table 3 summarizes the optimal parameter configura-
tions for the optimization model across three typical smart
scenarios. The weight learning step size η varies from 0.012
to 0.018, with the smart campus scenario requiring the
largest value due to its higher data fluctuation frequency
from dense student mobility. The noise filter threshold
δ exhibits the widest variation range (2.08-3.12), reflect-
ing the significant environmental heterogeneity: the smart
park scenario has the highest threshold (3.12) due to com-
plex outdoor interference, while the smart campus has the
lowest (2.08) owing to relatively stable indoor conditions.
The delay-resource balance coefficient λ is set to 0.55 for
the smart park, indicating a preference for resource con-
servation in large-scale deployments, whereas the smart
campus (λ = 0.68) prioritizes low-latency response for
safety-critical applications. The infrastructure parameters
( Re, Rc, Blimit ) are scaled proportionally with scenario
complexity, with the smart park requiring the highest com-
puting and bandwidth resources (12.0GHz edge, 96.0GHz

cloud, 800Mbps bandwidth) due to its multi-system inte-
gration demands. These scenario-adaptive parameter con-
figurations demonstrate the strong flexibility and practical
applicability of the proposed optimization model.

4. Conclusions

Aiming at the problems of low construction efficiency, un-
reasonable resource allocation, low data utilization rate and
lack of unified application mode in current smart scenario
construction enabled by intelligent perception technology,
this paper carries out in-depth research and draws the fol-
lowing main conclusions:

1. The efficiency of smart scenario construction is jointly
restricted by data processing, computing scheduling,
network transmission and application deployment.
Optimizing from the whole process can effectively
break through the construction efficiency bottleneck;

2. The proposed adaptive weighted multi-source percep-
tion data fusion model can realize efficient integration
of heterogeneous scene data, improve data quality and
effective utilization rate;

3. The edge-cloud collaborative dual-objective resource
scheduling optimization model can effectively balance
system response delay and resource consumption, and
significantly improve the stable operation capability
of smart scene systems;

4. The constructed five-layer standardized smart sce-
nario general application paradigm has strong univer-
sality and scalability, which can realize rapid copying,
deployment and popularization of different types of
smart scene construction schemes;

5. Actual scene experiments verify that the proposed se-
ries of optimization methods can effectively improve
the comprehensive construction benefit of smart sce-
narios, and have high practical application value and
engineering promotion value. Research Limitations
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Table 2. Ablation experiment performance verification results.

Configuration Fusion
Accuracy (%)

Avg Response
Delay (ms)

Resource
Occupancy (%)

System
Throughput (Mbps)

Full Model
(Proposed) 94.7% 87.4 43.5% 128.6

w/o Data
Fusion Module 86.2% 95.3 48.7% 115.2

w/o Resource
Scheduling Module 91.5% 156.8 62.3% 98.4

Baseline
(Neither Module) 82.3% 312.5 79.5% 72.3

Table 3. Adaptive adjustment parameter optimal value table of the optimization model.
Parameter Symbol Smart Community Smart Park Smart Campus Description

Weight Learning
Step Size η 0.015 0.012 0.018 Controls weight

update speed
Noise Filter
Threshold δ 2.35 3.12 2.08 Adaptive outlier

rejection threshold
Delay-Resource

Balance λ 0.62 0.55 0.68 Objective function
weight coefficient

Edge Computing
Capacity Re(GHz) 8.5 12.0 6.8 Local processing

capability
Cloud Computing

Capacity Rc(GHz) 64.0 96.0 48.0 Remote processing
capability

Bandwidth
Limit Blimit (Mbps) 500 800 400 Network transmission

constraint
Max Response

Time Treq (ms) 150 200 120 Service QoS
requirement

In this research, the scene extreme environment adapt-
ability of the optimization model needs to be further im-
proved, and the intelligent collaborative optimization ca-
pability under ultra-large-scale ultra-dense perception ter-
minal access needs to be further excavated. In addition,
the personalized optimization strategy for special industry
smart scenarios needs to be further enriched.
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