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Abstract: In the context of rapid technological advancements and accelerated innovation processes, higher education
institutions are undergoing profound informatization transformations. University training rooms, as core venues for
practical teaching, confront significant challenges including low management efficiency, suboptimal resource allocation,
and inadequate security monitoring. These issues hinder the effective utilization of training resources and impede the
quality of hands-on learning experiences. Artificial intelligence (Al) pattern recognition technology presents a promising
solution for the intelligent upgrade of training rooms, leveraging advanced capabilities such as image recognition, speech
processing, and biometric analysis. By integrating Al-driven pattern recognition, training rooms can achieve enhanced
equipment management through real-time monitoring and predictive maintenance, improved safety monitoring via
intelligent surveillance and anomaly detection, optimized resource allocation based on usage patterns and demand
forecasting, and innovative teaching models enabled by adaptive learning environments. This paper explores the specific
applications of Al pattern recognition in these domains, analyzing its implementation pathways and potential challenges.
The discussion aims to provide theoretical insights and practical guidance for the intelligent construction of university
practical teaching platforms, fostering more efficient, secure, and adaptable learning environments.
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1. INTRODUCTION

University training rooms are crucial venues for cultivating students’ practical abilities, innovative thinking, and
research literacy; their operational efficiency and management level directly affect the quality of talent cultivation.
Traditional training room management relies on manual operations, resulting in issues such as chaotic equipment
records, delayed safety warnings, and low resource utilization. Artificial intelligence pattern recognition
technology, by simulating human cognitive processes for handling data (such as images, speech, and biometric
features), enables intelligent perception, analysis, and decision-making in training room scenarios, effectively
improving management precision and teaching effectiveness. In recent years, the Ministry of Education’s
"Education Informatization 2.0 Action Plan" explicitly proposed "promoting Al education practice," providing
policy support for the application of pattern recognition technology in university training rooms. This paper,
combining technical characteristics with educational scenario needs, explores its diverse application scenarios in
training rooms to support the digital transformation of practical teaching in higher education. Wu et al. (2023)
proposed Jump-GRS, a structured pruning method for neural networks, enhancing efficiency in neural decoding
applications [1]. In IoT-enabled supply chains, Miao et al. (2025) developed a secure authentication protocol,
addressing critical security challenges in Al-driven systems [2]. For talent acquisition, Li et al. (2025) leveraged
Generative Pretrained Transformer (GPT) and Hierarchical Graph Neural Networks to optimize resume-job
matching, demonstrating superior performance in intelligent recruitment [3]. Financial anomaly detection was
advanced by Su et al. (2025), who introduced the WaveLST-Trans model for risk early warning in time-series data
[4]. Similarly, Zhang et al. (2025) proposed MamNet, a hybrid model for network traffic forecasting and frequency
analysis [5].In computer vision, Peng et al. (2025) explored domain adaptation techniques for human pose
estimation, while Zheng et al. (2025) presented DiffMesh, a diffusion-based framework for video-based human
mesh recovery [6][9]. Wang (2025) addressed recommendation systems under missing data scenarios using joint
propensity-prediction modeling [7]. Pinyoanuntapong et al. (2023) tackled domain adaptation in mmWave gait
recognition with their Gaitsada framework [8]. Financial risk management in multinational supply chains was
investigated by Wang et al. (2025), who designed an Al-enhanced intelligent risk control system integrating
LSTM, XGBoost, and BERT for cross-border financial governance [10]. Ding and Wu (2024) reviewed
self-supervised learning for biomedical signal processing, highlighting its potential in ECG and PPG analysis [11].
Zhang (2025) introduced InfraMLForge, a toolkit for scalable LLM deployment [12], while Hu (2025) proposed
GenPlayAds for generative 3D ad creation [13]. Lastly, Li et al. (2025) applied Graph Neural Networks to
cross-platform ad campaign recommendations [14].
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2. CORE CONNOTATION AND CHARACTERISTICS OF ARTIFICIAL
INTELLIGENCE PATTERN RECOGNITION TECHNOLOGY

2.1 Core Technology System

Artificial intelligence pattern recognition is a technology that uses computer algorithms to extract features, classify,
and predict input data, mainly including:

Image recognition technology: Based on convolutional neural networks (CNN), it enables visual recognition of
equipment appearance, QR codes, and operational procedures, such as equipment status detection and capturing
non-compliant operations;

Speech Recognition and Natural Language Processing (NLP): Convert speech signals into text via Recurrent
Neural Networks (RNN) and combine semantic analysis to enable human-machine interaction, such as

voice-guided training workflows and intelligent fault-report responses;

Biometric Recognition Technology: Use fingerprints, faces, irises, and other biometric features for identity
authentication, raising the security level of laboratory access;

Data Pattern Analysis: Model equipment operation data and usage frequency with machine-learning algorithms
(e.g., Support Vector Machines, Random Forests) to optimize resource allocation strategies.

2.2 Technical Application Characteristics

Precise Perception: Overcome the subjectivity and lag of manual inspections to achieve real-time, quantitative
monitoring of laboratory environments and equipment status;

Intelligent Decision-Making: Train models on historical data to automatically generate management plans such as
equipment maintenance schedules and consumable procurement lists;

User-Friendly Interaction: Combine multimodal technologies (voice + image) to lower the operational threshold
for teachers and students and enhance the training experience.

3. CURRENT PROBLEMS AND INTELLIGENT NEEDS OF UNIVERSITY
TRAINING LABORATORIES

3.1 Limitations of Traditional Management Models

Inefficient Equipment Management: Reliance on manual registration for borrowing and returning equipment leads
to delayed ledger updates, asset loss or idleness, and statistical errors;

Weak Safety Monitoring: Fire, electrical leakage, and other hazards depend on manual patrols; dynamic oversight
of hazardous chemical storage is lacking;

Unbalanced Resource Allocation: Laboratory usage periods are unevenly distributed, with some equipment
overused while others sit idle; teaching modes are monotonous: training guidance relies on on-site teacher
explanations, personalized instruction is insufficient, and student engagement needs improvement.

3.2 Core Requirements for Intelligent Upgrades

Refined Management: Achieve full life-cycle management of equipment and intelligent replenishment of
consumables through technical means;

Visualized Safety: Build an integrated "prevention-monitoring-emergency" safety system that can identify risky
behaviors in real time (e.g., failure to wear protective gear, non-compliant operations);
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Efficient Resource Utilization: Dynamically adjust equipment procurement and allocation strategies based on
usage data to reduce redundant construction;

Personalized teaching: Use pattern recognition technology to analyze students’ operating habits, provide targeted
guidance, and enhance the effectiveness of practical teaching.

4. APPLICATION SCENARIOS OF Al PATTERN RECOGNITION IN
UNIVERSITY TRAINING LABS [2]

4.1 Intelligent Management System [4]: From "Manual Ledger" to "Digital Twin"

Full-cycle equipment management: Attach a unique QR code to each device; use image recognition to scan and
record basic information, usage logs, and maintenance history, creating a "digital dossier" for every asset. When a
device malfunctions, cameras automatically capture abnormal states (e.g., blinking indicator lights, unusual heat)
and, by referencing historical failure models, push maintenance recommendations.

Smart consumable replenishment: Visually monitor reagent levels; when stock falls below the threshold,
automatically trigger purchase requests and predict order quantities based on historical usage to avoid waste.

Personnel access control: Bind faculty and student identities via facial recognition, automatically matching lab
access rights (e.g., high-risk equipment restricted to authorized users) while logging entry/exit times and operation
traces to create a complete audit trail.

4.2 Safety Monitoring System: From '"Reactive Response' to '"Proactive Prevention"

Risk behavior detection: Deploy smart cameras in training areas; use video analytics to spot unsafe acts such as
missing PPE, unauthorized electrical connections, or spilled reagents, issuing real-time voice alerts and pushing
notifications to administrators.

Environmental parameter monitoring: Collect temperature, humidity, and gas concentration (e.g.,
flammable/explosive gases) via sensors, then build anomaly-prediction models with pattern recognition
algorithms to warn of potential hazards in advance. For example, if ethanol concentration keeps rising while
ventilation is off, the system automatically activates exhaust fans and alerts the safety officer.

Emergency linkage: Integrate with fire and access systems; during a fire, automatically detect congestion in escape
routes, guide students and staff along optimal paths via voice prompts, and lock down hazardous areas to prevent
accidental entry.

4.3 Resource Optimization System: From ""Experience-Based Allocation" to "Data-Driven Allocation"

Utilization analysis: Analyze usage frequency by time slot and device type across labs via device port logs and
camera-captured workstation occupancy, generating resource scheduling plans. For instance, relocate equipment
with utilization below 30% to high-demand labs or open a wait-list reservation mechanism during peak hours.

Equipment procurement decisions: Leverage machine-learning models to forecast equipment needs based on
historical usage and discipline trends. If IoT training devices for a certain major have seen a 50% usage increase in
recent years, the system automatically recommends purchasing additional modules, preventing resource
misallocation caused by experience-based procurement.

Intelligent energy management: By identifying standby states of devices (e.g., computers left idle for long periods
or instruments still powered on), the system automatically sends power-off reminders or cuts power remotely to
reduce energy waste.

4.4 Teaching Innovation System [3]: From "standardized teaching" to ""personalized guidance"

Operation-process evaluation: During daily experimental teaching, many procedures are hazardous. While
students practice, cameras capture every movement in real time and compare it with standard-operation videos,
automatically flagging non-compliant steps (e.g., typical errors in circuit-connection order, deviations in chemical
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reagent amounts) and finally generating individualized feedback reports. For instance, in mechanical-assembly
training, the system can detect an incorrect part-installation sequence and highlight it.

Voice-interaction assistance: For example, a student asks by voice, "How do I calibrate a multimeter?" The system
uses NLP to parse the request, automatically plays the corresponding operation video or pushes illustrated
instructions, reducing repetitive work for teachers. This is valuable not only in such scenarios but especially in
dangerous experimental fields.

Virtual-simulation integration: Combining pattern-recognition technology with VR/AR to create a "virtual-real
fusion" training environment. In chemical-engineering training, for instance, a student’s actions in the virtual
scene (e.g., turning a valve, adjusting a scale) are synchronized to the virtual equipment via pose-recognition
technology, and the system provides real-time feedback on the consequences (e.g., pressure changes, reaction
progress), enhancing both safety and immersion.

5. IMPLEMENTATION PATH AND KEY SAFEGUARDS
5.1 Hardware Upgrade and System Integration

Deploy intelligent sensing terminals: Install HD cameras (with Al compute), sensors (temperature, humidity, gas,
pressure), and biometric access control in training rooms to build a full-factor perception network of "people—
equipment—environment".

Build a unified management platform [4]: Integrate modules for equipment management, safety monitoring, and
teaching assistance; use API interfaces to enable data exchange and avoid "information silos." For example,
equipment-loan records are automatically synchronized to the safety-monitoring system to ensure permissions
match usage scenarios.

5.2 Data Governance and Model Optimization

Establish a training-scenario database: Collect multi-source data such as equipment-operation logs, operation
videos, and safety logs; clean and label the data to build training datasets, and update model parameters regularly
to adapt to new scenarios (e.g., new device types, adjusted operation procedures).

Ensure data security: Use blockchain technology to encrypt sensitive data (e.g., biometric features of teachers and
students, equipment-failure records) and enforce strict permission management to prevent data leakage.

5.3 Teacher Capacity Building and Student Adaptation

Conduct teacher technical training: enhance teachers’ ability to operate intelligent systems and develop a
data-driven management mindset through workshops and online courses, for example, guiding teachers to use
student operation reports generated by the system for targeted instruction;

Design a progressive interactive interface: provide students with a tiered interaction model of "novice guidance —
smart prompts — independent operation" to lower the technical barrier, while boosting students’ acceptance of
technology through teaching cases (e.g., using image recognition to analyze the writing standards of lab reports).

5.4 Institutional Safeguards and Continuous Improvement

Formulate smart training-lab management regulations: clarify equipment usage procedures, data collection scope,
privacy protection clauses, etc., to ensure compliant application of technology;

Establish an effectiveness evaluation mechanism: build an indicator system covering management efficiency (e.g.,
reduction rate in equipment search time), safety performance (e.g., decline rate in risk incident occurrence), and
teaching quality (e.g., improvement rate in student operational standardization), regularly assess the effectiveness
of technology application and optimize the plan.

6. CHALLENGES AND COUNTERMEASURES
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6.1 Real-world Dilemmas in Technology Implementation

High cost input: procurement of smart devices, system development and maintenance require continuous funding,
placing budget pressure on small and medium-sized universities;

Insufficient scenario adaptability: different specialized training labs (e.g., chemistry lab [5], electronic engineering
lab) have large demand differences, and generic models struggle to meet personalized needs accurately;
Human-machine collaboration barriers: some teachers and students either over-rely on or resist technology,
requiring a balance between automated management and manual intervention.

6.2 Countermeasures

Phased construction: prioritize deploying smart systems in high-risk, high-value training labs (e.g., hazardous
chemical storage rooms, precision instrument rooms), gradually accumulate experience and expand the scope of
application;

Customized development: collaborate with enterprises or in-house technical teams to optimize algorithm models
for specific professional scenarios (e.g., reagent color recognition in chemical training, part dimension detection in
mechanical training);

Cultural cultivation: guide teachers and students to understand the value of technology through publicity cases and
inclusion in teaching assessments, fostering a collaborative management concept of "technology assists humans".

7. CONCLUSION

By applying Al pattern-recognition technology to the full-factor intelligent transformation of people, finance,
materials, and processes in university training laboratories, the traditional management problems of low efficiency,
safety oversight gaps, and difficult teaching implementation are effectively resolved, providing an innovative
paradigm of intelligent assistance for the upgrade of practical-teaching platforms. In the future, with the
development of edge computing, federated learning, and other technologies, laboratory intelligent systems will
evolve toward "lightweight deployment," "cross-campus collaboration," and "self-evolving optimization."
Universities must be demand-driven, strengthen the deep integration of technology and education, and build a new
training ecology that is "precisely perceptive, intelligently decisive, and conveniently interactive," laying a solid
foundation for cultivating high-quality technical and skilled personnel suited to the digital age.
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