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Abstract: This paper proposes a model for optimizing enterprise office efficiency through multimodal employee behavior 
analysis. The model integrates computer vision, sensor data, workflow data, and text information in a four step process: 
data acquisition, feature extraction, behavior identification, and optimization strategy formulation, to identify task, 
collaborative, non-work, and organizational behaviors. It dynamically optimizes the office environment, workflow, and 
human resource allocation. Key innovations include: first, the “in-depth fusion of four-modal data” via the “temporal-
semantic dual alignment” technique, to address data heterogeneity. Second, the “behavior-efficiency dynamic mapping” 
mechanism, which quantifies negative correlation (r=-0.72) between non-work behaviors and task efficiency, provides a 
quantitative basis for optimization. Experiments involving 50 technology company employees demonstrate the model’s 
superiority,  achieving an office efficiency improvement rate of 0.85, which surpasses both traditional methods (0.65) and 
common multimodal methods (0.72). The model also attained  a behavior identification accuracy rate of 0.90, 
outperforming comparison methods (0.80 and 0.85). The model also excels in optimizing the office environment, 
workflow, and human resources, with improvements of up to 30%. Core contributions include: 1) a multimodal data fusion 
framework that increases behavior recognition accuracy to 90%; 2) an integrated “three-in-one” optimization strategy for 
the environment, processes, and human resources, which increased employee satisfaction by 30% and reduced task time 
by 25%; and 3) empirical validation that demonstrates an 85% efficiency improvement rate, significantly outperforming 
traditional and standard multimodal methods. The study highlights the model’s practicality and potential for widespread 
adoption in enhancing office efficiency. 
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1. Introduction 

In modern enterprise management, office efficiency is a key indicator of a company's competitiveness (Silva et al., 2023). 
With the continuous expansion of enterprise scale and the increase of business complexity, traditional management 
methods often struggle to meet the demands of an efficient workplace (Shen et al., 2024). In recent years, with the rapid 
development of artificial intelligence, Internet of Things and big data technologies, multimodal data analysis provides new 
ideas and methods for office efficiency optimization (Lu et al., 2025). By integrating  multiple types, multimodal data 
provides a more comprehensive view of employee behavior and the work environment, thus providing a more scientific 
basis for optimizing office efficiency (El-Tony and Choo, 2025). Multimodal employee behavior analysis can accurately 
identify behavioral patterns and work status, enabling the optimization of the office environment, workflow and human 
resource allocation to improve overall office efficiency (Xuanyuan et al., 2024). This is highly significant for enterprises 
seeking to enhance their competitiveness and reduce operating costs. 

Research on office efficiency optimization typically focuses on three areas: the application of multimodal data analysis 
technology (Thebuwena et al., 2024), the construction of an employee behavior analysis model (Xu and Yang, 2024), and 
the development of optimization strategies (Dua et al., 2023). While multimodal data analysis has been widely applied in 
fields such as healthcare, transportation, and education (Torres et al., 2023), its use in business management has only 
recently gained attention (Wang et al., 2025). Locke and Osborne (2024) proposed a model capable of identifying employee 
work states and patterns. Su (2024) studied the application of multimodal data for optimizing  the corporate office 
environment, reporting promising results. Mata and Tang (2023) put forward the concept of multimedia intelligence and 
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explored the technological development of multimedia when it meets AI. Liu et al.(2025) investigated the application of a 
deep learning-based employee behavior recognition technology to improve the accuracy and efficiency of behavior 
recognition. Li and Yi (2025) proposed a method that identifies efficiency bottlenecks through the analysis of employee 
behavior data, thereby optimizing office processes and resource allocation; Nuhu et al. (2025) optimized the data processing 
and analysis process by combining a variety of modal data (text, images, table structures); Futri et al., (2023) automated 
the processing and analysis of multimodal data using natural language processing (NLP) and image recognition techniques. 
Although multimodal data analysis has made significant progress in office efficiency optimization, it still faces some 
challenges in practical applications (Acevedo-Duque, 2025): 1) data acquisition and preprocessing are difficult; 2) data 
fusion methods remain immature, making the effective integration of multiple modalities to improve the analytical accuracy 
is an urgent problem (Saghih and Ilani, 2023); 3) the dynamic nature of office environments requires models to analyze 
and respond accurately in real time, placing greater demands on computational performance (Liu et al., 2023). 

This paper proposes an office efficiency optimization model based on multimodal employee behavior analysis that can   
comprehensively analyze multimodal data, accurately identify employee behavior patterns, and accordingly optimize the 
office environment, workflow, and human resource allocation. The main contributions of this paper include (1) a 
multimodal data analysis framework that integrates information from computer vision, sensors, workflow logs and other 
sources to comprehensively analyze employee behavioral patterns; (2) the identification of employee behavior patterns and 
the subsequent proposal of specific strategies for optimizing the office environment, workflow, and human resources. (3) 
validating the model for office efficiency enhancement through actual cases to verify the superiority of the model in office 
efficiency improvement, the experimental results show that the model proposed in this paper is superior to traditional and 
other multimodal methods. 

To address the limitations of traditional methods and existing multimodal models, this study investigates three core 
research questions:(1) How to design a multimodal data fusion framework that integrates computer vision, sensor data, 
workflow data, and text information to improve the accuracy of employee behavior recognition? (2) What specific 
optimization strategies can be derived from multimodal behavior analysis, and how can their impact on office efficiency 
be quantified? (3) What key factors restrict the application of the proposed model, and how can these problems be solved 
to promote practical implementation? 

The paper is structured as follows: Section 2 analyzes the relationship between employee behavior and office efficiency, 
defining behavioral classifications and characteristics detailing their impact on efficiency, and constructing a quantitative 
index system. Section 3 introduces the principles, key technologies and applications of multimodal data analysis, providing 
a theoretical foundation for the model. Section 4 details the construction of the office efficiency optimization model, 
outlining the process from data collection and behavior identification to strategy development and continuous 
improvement.  Section 5 provides experimental validation through a case study, offering a quantitative comparison of the 
model’s performance in office efficiency improvement, behavior identification accuracy and optimization effects. Finally, 
Section 6 summarizes the research results, pointing out the advantages, shortcomings and future research directions of the 
model. Together, these sections form a complete research cycle, moving from theoretical analysis and model construction 
to empirical validation. 

2. Optimization Analysis of Employee Behavior and Office Efficiency 

2.1. Employee Behavior Analysis 

Employee behavior refers to the performance of all activities of employees in the workplace (Cai et al., 2023, Wisniewski, 
et al., 2024)), including work task-related activities (completing projects, attending meetings, collaborating and 
communicating) as well as non-work task-related activities (resting, socializing), and its connotation is shown in Fig. 1. 
These behaviors reflect employee’s work attitude, work ability and work habits, and are one of the important bases for 
enterprise management. The content of employee behavior can be divided into the following four categories: 

  

Fig. 1. Employee behavior connotation Fig. 2. Schematic diagram of employee behavior 
structure 
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Work Task Behavior: activities directly related to work goals, such as task execution, problem solving, and project 
promotion.  

Collaborative Behaviors: behaviors that involve cooperation with colleagues or teams, such as communication, 
information sharing, and teamwork.  

Non-work Task Behavior: activities not directly related to work tasks, such as resting, gossiping, and using social 
media.  

Organizational Behavior: activities related to organizational goals and norms, such as compliance with company rules 
and regulations, participation in company cultural activities.  

The structure of employee behavior compromises four components (Cai et al., 2023), as shown in figure 2: task 
execution behavior (speed, quality, and efficiency of task completion), collaborative behavior (frequency, mode, and effect 
of communication), non-work task behavior (use of rest time, frequency of social activities), and organizational behavior 
(identification with organizational culture, and adherence to rules and regulations). 

Employee behavior exhibits several key characteristics (Fig. 3): 1) Regularity. Employee behavior often follows 
predictable patterns over time, such as the daily work schedule, the order of task completion. 2) Diversity. Behavioral 
patterns can vary significantly between employees and within the same employee in different situations. 3) Dynamism. 
Employee behavior changes dynamically with shifts in work tasks and environmental factors (Riemenschneider et al., 
2023). 4) Recognizability. Through data analysis and behavioral monitoring, the main behavioral patterns of employees 
can be identified, providing a basis for management and optimization (Peng et al., 2025). 

  

Fig. 3. Employee behavioral characteristics Fig. 4. Office efficiency optimization implications 
 
2.2. Office Efficiency Optimization Analysis 

Office efficiency refers to the quantity and quality of work tasks completed by employees within a unit of time, reflecting 
the work ability and work efficiency of employees, as shown in Fig. 4. The goal of optimizing office efficiency is to 
improve work efficiency, reduce time waste, and lower error rates through rational allocation of resources, optimization of 
workflow, and enhancement of employee competence (Xudong et al., 2023). 

Office efficiency optimization encompasses four key areas (Xudong et al., 2023), shown in Fig. 5: task management, 
resource management, environment management and personnel management As shown, task management focuses on 
optimizing task allocation, task execution process and task monitoring mechanism; resource management involves the 
rational allocation of office equipment, software tools to improve resource utilization; environment management is aims to 
optimize physical conditions, such as to improve the lighting, temperature, noise and other conditions in order to improve 
the comfort of the staff and work efficiency; personnel management seeks to enhance employee skills and motivation 
through training, incentives thereby, improving overall efficiency. 

 

Fig. 5. Office efficiency optimization content 
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The structure of office efficiency consists of three components: task completion time, task quality, and resource 
utilization (Zhang et al., 2023) the optimization objective (Fig. 6). Task completion time measures the time required for 
employees to complete the task, typically expressed as the average completion time. Task quality assesses output quality, 
with indicators such as the error rate, rework rate, and resource utilization, which evaluate the efficiency of use, quantified 
by metrics such as equipment utilization rates and the frequency of use of software tools. The goals of office efficiency 
optimization are dynamic, optimizable and quantifiable. 

 

Fig. 6. Office efficiency optimization goal structure 

 
2.3. Relationship Between Employee Behavior Analysis and Office Efficiency 

2.3.1. Quantitative indicators of employee behavior 

To better analyze the impact of employee behavior on office efficiency, employee behavior is divided into work-task 
behavior, collaborative behavior, non-work-task behavior, organizational behavior, and other categories, and each type is 
quantitatively analyzed, with the specific indicators shown in Table 1. 

Table 1. Quantitative indicators of employee behavior 

Gestion Quantitative Indicators 

Work task behavior 
Task completion time 

Task quality (error rate, rework rate) 
Number of tasks completed 

Collaborative behavior 

Frequency of communication 
Duration of communication 

Number of collaborative projects 
Collaboration Satisfaction 

Non-mission behavior 
Percentage of time spent on non-work tasks 

Frequency of social media use 
Length of time spent gossiping 

Organizational behavior 
Rate of compliance with rules and regulations 

Frequency of participation in training and cultural activities 
Employee satisfaction 

2.3.2. Impact of behavior on office efficiency  

According to the classification of employee behavior, its specific impact on office efficiency is as follows:  

Behavioral Impact of Work Tasks (Fig. 7) the shorter the task completion time, the higher the efficiency. By recording 
the start and end time of each task using the task management system, the average task completion time can be calculated 
(Park et al., 2024). The lower the error rate, the lower the rework rate, indicating  higher quality work. The number of errors 
is recorded through the number of reworks of each task using the quality detection system. The more tasks an employee 
completes, the higher the efficiency, and each employee’s completed tasks are recorded in the task management system. 

 Collaboration Behavior Impact (Fig. 8) A higher communication frequency indicates closer team collaboration.  This 
can be measured by recording the number of interactions between employees using instant messaging tools. 
Communication length suggests higher efficiency. The duration of each communication can be recorded via instant 
messaging tools; participation in more collaborative projects reflects stronger teamwork capability.  The number of projects 
each employee participates in can be tracked in the project management system; finally, the higher the satisfaction levels, 
the better the collaboration effect. Employee satisfaction ratings can be collected through questionnaires (Bennouna et al., 
2024). 
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Non-Work Task Behavior Impact: A lower percentage of time on non-work tasks indicates a higher degree of work 
concentration. This time can be recorded using a time tracking tool. A lower frequency of social media use suggests less 
work interference. The number of social media visits can be recorded using the network monitoring tool. Shorter idle chat 
durations suggest higher work concentration. This can be recorded using the audio monitoring tool.  

 

  
Fig. 7. Work task behavior Fig. 8. Collaboration behavior 

 

 Organizational Behavior Impact: A higher compliance rate indicates more standardized employee behavior, which can 
be recorded through the attendance and violation record systems. A higher frequency of participation reflects stronger 
employee recognition of the organizational culture, which can be captured through the training and activity management 
system. Similarly, the higher the satisfaction level, the higher the motivation, and data can be collected through satisfaction 
questionnaires.  

3. Multimodal Data Analysis Techniques 

3.1. Principle and Structure 

Multimodal data analysis technology comprehensively understands and processes complex information by fusing diverse 
types of data (text, image, audio, video, etc.) (Song et al., 2025). Its underlying principles are shown in Fig. 9. It simulates 
human multi-sensory perception and can acquire and analyze information from multiple perspectives. 

  
  

Fig. 9. Principle of multimodal data analysis Fig. 10. Flow chart of multimodal data analysis 
 

Flow chart of multimodal data analysis includes 5 core steps: 1) Data preprocessing (cleaning, standardization, 
enhancement). 2) Feature extraction (text embedding, image CNN features, audio MFCC). 3) Data alignment 
(temporal/semantic alignment). 4) Fusion strategy (early/late/hybrid fusion). 5) Model training (multi-task learning) and 
optimization, as shown in Fig.10. 

The specific steps are as follows: 1) Data preprocessing. This involves data cleaning, standardization and enhancement 
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modalities temporally, spatially, or semantically to ensure effective combination. 4) Fusion strategy. This step determines 
how to combine features from different modalities using early, late and hybrid fusion. 5) Model training and optimization. 
The model is trained using methods such as multi-task learning and migration learning to improve its generalization. 
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Data Alignment Techniques Data alignment is the basis of multimodal fusion, aiming to align data across different 
modalities temporally, spatially, or semantically, as shown in Fig. 11. Common alignment methods include temporal 
alignment, semantic alignment, spatial alignment, and so on. 

 

Fig. 11. Principle of data alignment 
 

Feature Extraction Techniques: Feature extraction is a key step in multimodal data processing, extracting information 
useful for the task from the original data. Feature extraction methods are divided into text feature extraction, image feature 
extraction, and audio feature extraction as follows: 1) text feature extraction, including bag-of-words model, TF-IDF, word 
embeddings, and pre-trained language models. 2) image feature extraction, including Convolutional Neural Networks 
(CNNs) and pre-trained visual models. 3) audio feature extraction, including Mel Frequency Cepstral Coefficients (MFCC) 
and deep learning models.  

Fusion Strategy: determines how to effectively combine features from different modalities. In early fusion, features 
from different modalities are spliced or weighted and summed immediately after feature extraction. In late fusion, the data 
of different modalities are processed separately to obtain their respective predictions before fusion. Hybrid fusion combines 
the advantages of early and late fusion and selects the appropriate timing and mode for each task.  

Attention Mechanism: Attention mechanisms play an important role in multimodal modeling, dynamically focusing on 
information relevant to the current task to improve model performance and efficiency. 

3.3. Applications and Features 

Multimodal data analysis technology is widely used across many fields, including Visual Question and Answering (VQA), 
image description generation, sentiment analysis, medical image analysis, and autonomous driving. Based on the 
application of multimodal data analysis technology, it can be summarized that it primarily exhibits heterogeneity, 
complementarity, complexity, strong representational power, and adaptability, as shown in Fig. 12. 

4. Method Construction 

4.1. Model Construction Objectives 

The aim of this section is to construct an office efficiency optimization model based on multimodal employee behavior 
analysis, which comprehensively analyzes employee behavioral patterns by integrating multimodal data (computer vision, 
sensor data, and workflow data) and optimizes the office environment, workflow, and human resource allocation 
accordingly. The specific objectives of the model construction include accurately identifying employee behavioral patterns, 
quantitatively assessing the impact of behavior on office efficiency, optimizing the office environment and workflow, and 
enhancing the effectiveness of human resource management, as shown in Fig. 13. 

The methodology, outlined in the flowchart, consists of 4 steps: Step 1: Multimodal Data Collection and Preprocessing. 
This involves collecting visual, sensor, workflow, and text data, followed by preprocessing operations such as data cleaning 
and alignment. Step 2: Behavior Analysis and Feature Extraction. This step analyzes four behavior types, including task, 
collaborative, non-work and organizational behavior, while simultaneously performing feature extraction. Step 3: 
Optimization Strategy Formulation. Strategies are formulated across three dimensions: environment adjustment, process 
optimization and human resource training. Step 4: Evaluation and Continuous Improvement. The evaluation phase focuses 
on task time, quality and employee satisfaction, which subsequently informs a cycle of continuous improvement.  

4.2. Methodological Steps 

Combined with multimodal employee behavior, the data-driven office efficiency optimization model is constructed, and 
the process is shown in Fig. 14, with the following steps: 

Step 1: Data Collection and Preprocessing  

Collect multimodal data from multiple channels, including visual, sensor, workflow, and text data; in order to ensure 
the quality of the data, pre-process the multimodal data, and its key operations include data cleaning, data standardization, 
data annotation, and data alignment.  
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Fig. 12. Application and characteristics of multimodal data technology 

 

 
 

Fig. 13. Modeling objectives Fig. 14. Methodological steps 
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employee’s visual fatigue is the lowest and the error rate is ≤2%), and the noise threshold was set to ≤50dB (within this 
range, the employee’s communication efficiency is improved by 10%).  

Step 4: Evaluation and Continuous Improvement  

Evaluate the effectiveness of the optimization strategy through quantitative indicators, such as task completion time, 
task quality, and employee satisfaction. Based on the evaluation results, continuously refine the model and optimization 
strategy to ensure office efficiency continues to improve. 

5. Experimental Validation 

5.1. Experimental Setup 

The experiment was conducted on 50 employees in the R&D department of the city’s technology company, which is 
responsible for software development and maintenance. The positions include senior software engineers (15), software 
engineers (25), junior software engineers (10), and test engineers (10). The experiment lasts one month, from November 
1, 2024, to November 30, 2024. This study selected the R&D department of this technology company as the experimental 
subject mainly based on the following considerations. The department has a high degree of standardized business processes 
(clear software development and maintenance processes), strong traceability of employee behavior data (complete office 
software logs and instant messaging records). Its employee positions cover technical roles from junior to senior levels, with 
certain job representatives. The sampling method adopted is stratified sampling: based on the department’s job structure 
(30% senior engineers, 50% general engineers, 20% test engineers), a corresponding number of employees were randomly 
selected from each job category to ensure that the sample is consistent with the actual job distribution in that department. 
The current results can be generalized to technology-based R&D departments with standardized business processes and 
knowledge-dependent work; however, limited by the single-company sample, when generalizing to other industries such 
as manufacturing and services, it is necessary to adjust behavioral characteristic indicators (e.g., the manufacturing industry 
needs to add the dimension of “equipment operation behavior”, and the service industry needs to strengthen the analysis 
of ”customer communication behavior”). Future research should include samples from 3 or more enterprises across 
different industries to further verify the model’s cross-industry applicability. 

The experimental environment includes equipment and systems. and the specific environment parameters are set as 
shown in Table 2. 

Table 2. Environmental parameter settings 

No. Device/System Function Settings 
1 Camera Used to capture images and videos of employee’s work status (10 units) 
2 Sensors Temperature, Humidity, Light, and Physiological Sensors 
3 Office Software Log System Records task allocation, execution progress, and collaboration status 
4 Instant Messaging Tools Records communication content and frequency 
5 Analysis and Visualization Software Matlab 2021a 

The specific computational cost of real-time multimodal analysis in this study is as follows: when using MATLAB 
2021a (running on a server with an Intel Core i7-12700K CPU and 32GB RAM), multimodal data is collected once every 
5 minutes. The computation time for a single data processing is approximately 12 seconds. The total daily computation 
time is approximately 96 minutes, with an average CPU utilization rate of 65% and a memory utilization rate of 40%, 
without obvious lag or delay. To support a team of 100 people, it is necessary to upgrade to a dual-CPU server, and the 
computation time per processing can be controlled to within 15 seconds, meeting real-time analysis requirements. 

The experiment is divided into three phases: data collection, data analysis, and implementation of the optimization 
strategy, as shown in Table 3.  

Table 3. Description of experimental approach phases 

No. Phase Operation Description 
1 Data Collection Real-time collection of employee behavior data, including image sensors, 

workflow, and text data (frequency every 5 min) 
2 Data Analysis Analyze task completion time, task quality, communication frequency, 

collaboration satisfaction 
3 Optimization Strategy 

Implementation 
Adjust indoor temperature, light intensity, optimize task allocation and provide 

personalized training 

To verify the effectiveness of the multimodal employee behavior analysis-driven office efficiency optimization model 
proposed in this paper, this section compares its experimental results with those of other common multimodal methods and 
traditional methods, and introduces the algorithms used, as shown in Table 4.  

Table 4. Comparison algorithm introduction 

No. Algorithm Description 
1 Traditional Methods Single-modal data analysis 
2 Proposed Method Combines image sensor workflow and text data analysis 
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The experimental metrics include the following quantitative measures, as described in Table 5. 

Table 5. Description of experimental indicators 

No. Indicator Measurement Parameters 
1 Office Efficiency Improvement Rate Reduction in task completion time and improvement in task quality 
2 Behavior Recognition Accuracy Accuracy in identifying employee behavior patterns 
3 Environment Optimization Effect Improvement in office environment satisfaction 
4 Process Optimization Effect Improvement in task completion efficiency and collaboration efficiency 
5 Human Resource Optimization Effect Improvement in employee satisfaction and training effectiveness 

5.2. Analysis of Results 

In order to verify and analyze the effectiveness of the method in this paper, this section carries out experiments from the 
comparison of multimodal algorithms, training results, and the effect of the optimization environment as follows: 

5.2.1. Comparison of multimodal algorithms 

To verify the superiority of the model proposed in this paper, this subsection compares its experimental results with those 
of other common multimodal methods and traditional methods, as shown in Fig. 15 and Table 6.  

Figure 15 and Table 6 present the experimental results of “Comparison of Office Efficiency Improvement by Different 
Methods,” from which the proposed multimodal employee behavior analysis-driven office efficiency optimization model 
shows the best performance in improving office efficiency. Compared with traditional methods (65%) and common 
multimodal methods (72%), this model achieves up to 85% efficiency. The benefits stem from enhanced recognition of 
employee behavior, improved rational task allocation, and flexible environmental adjustment capabilities. This significant 
improvement indicates that integrating multiple modal data, such as images, sensors, and textual information, is powerful 
for portraying employee behavioral states and optimizing office processes. Fig. 15 clearly specifies the three comparison 
methods: the traditional single-modal method, the common multimodal method, and the proposed method. Furthermore, it 
explains the calculation method for the office efficiency improvement rate: specifically, subtract the pre-optimization 
efficiency from the post-optimization efficiency, then divide the result by the pre-optimization efficiency. In addition, it 
points out the indicators used to evaluate the office efficiency improvement rate, including the task time reduction rate and 
the quality improvement rate. By analyzing Fig. 15, we see that the method used in this paper offers a significant 
improvement over other methods. This indicates that, in the actual office setting, by fusing visual images, sensor readings, 
and work logs, the model can comprehensively perceive employee’s work status, enabling more intelligent scheduling and 
resource allocation. This approach excels in the accuracy of behavior recognition, providing superior data support for the 
subsequent optimization. 

5.2.2. Comparison of training results  

To verify the method’s training effectiveness, the training process and results are shown in Fig. 16 and Fig. 17, and the 
training results are summarized in Table 7.  

Figure 16 shows the trend in loss during model training, which reflects the model’s ability to learn data patterns.  Results 
show that the loss value gradually decreases and stabilizes as the number of training rounds increases. This indicates that 
the model successfully optimizes its parameters to learn the relationship between employee behavior and office efficiency.  
The initial rapid decrease in loss indicates that the model quickly captures significant behavioral features, while the loss 
tends to remain stable in the later stage. This means the model gradually converges, has enhanced generalization ability, 
and avoids overfitting.  

Furthermore, the model demonstrates stable learning and convergence speed, with no significant oscillations or 
rebounds during training. This smooth descending curve indicates that the model structure is well-designed and that the 
feature selection is effective, while the multimodal data input plays a positive supporting role in the training process. The 
multimodal information provides rich contextual and behavioral cues, which makes it easier for the model to identify the 
deep connection between employee behavioral patterns and office efficiency. 

Figure 17 and Table 7 present a comparison of different methods based on employee behavior recognition accuracy, a 
key metric for evaluating model performance. As shown in Fig. 17, the proposed method reaches 90% in behavior 
recognition accuracy, significantly outperforming the traditional method (80%) and the common multimodal method 
(85%). This result indicates that the multimodal fusion strategy, integrating images, sensor data, workflow data, and text 
information, enables more accurate identification of various types of employee behavioral patterns, including task 
execution, collaborative communication, and non-work behavior. The data shows an improvement of more than 5 
percentage points in accuracy, representing a significant advancement. This high recognition rate is attributed to the model's 
fusion of multi-source information during feature extraction, which enhances its ability to perceive complex behavioral 
features. Second, the data alignment and fusion strategy is more reasonable, ensuring the consistency of modal information 
at both the temporal and semantic levels; and third, the model training process is stable (Fig. 16), granting the models 
strong generalization ability. 

5.2.3. Comparison of optimization effects 
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In order to further assess the optimization effect of the office efficiency optimization model driven by multimodal employee 
behavior analysis, this section compares and analyzes the three methods in terms of environment optimization effect, 
process optimization effect, and human resource optimization effect, and obtains the results shown in Fig. 18 and Table 8. 

  
Fig. 15. Comparison of office efficiency improvement by 

different methods 
Fig. 16. Training process results 

 
 

Table 6. Comparison of the effect of different algorithms 

No. Method Office Efficiency Improvement Rate 
1 Traditional Methods 0.65 
2 Common Multimodal Methods 0.72 
3 Proposed Method 0.85 
 

  
Fig. 17. Employee behavior recognition accuracy rate 

 
Fig. 18. Visual comparison of optimization effect of 

different methods 
 

Table 7. Comparison of behavioral identification accuracy rate by different methods 

No. Method Behavior Recognition Accuracy Rate 
1 Traditional Methods 0.80 
2 Common Multimodal Methods 0.85 
3 Proposed Method 0.90 

Figure 18 and Table 8 compare the effects of the three different methods on the three key dimensions of office 
efficiency: environment, process, and human resources optimization, providing a critical assessment of the model’s 
practical value.  In terms of environmental optimization, the proposed method achieves an optimization level of 85%, 
substantially higher than the 60% and 70% achieved by traditional and common multimodal methods. This indicates that 
the model has a significant advantage in sensing and regulating the office environment. By integrating temperature and 
humidity sensors, light sensors and employee’s physiological state data, the model is able to realize adjustments needed, 
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and automatically adjust light intensity, air temperature, which significantly improves employee comfort and stability of 
working state.  

Table 8. Comparison of the optimization effect of different methods 

No. Method Environment Optimization 
Effect 

Process Optimization 
Effect 

Human Resource 
Optimization Effect 

1 Traditional Methods 0.60 0.50 0.55 
2 Common Multimodal 

Methods 
0.70 0.65 0.70 

3 Proposed Method 0.85 0.80 0.85 

For process optimization, the proposed method also demonstrates strong performance with an 80% improvement rate, 
compared with 65% for common multimodal methods and only 50% for traditional methods. This advantage stems from 
the model’s in-depth analysis of employee task execution behavior and collaboration patterns. By analyzing workflow data 
like task progress and collaboration frequency, the model accurately identifies process bottlenecks and uneven resource 
allocation, addressing them through task restructuring and collaboration strategies. This intelligent process adjustment 
mechanism significantly improves task completion efficiency and team collaboration quality.  

Finally, for human resources optimization, the proposed method achieves an 85% improvement, significantly 
outperforming the common multimodal method (70%) and the traditional method (55%). The result confirms the 
effectiveness of the personalized management strategy based on employee behavioral patterns. By comprehensively 
analyzing employee’s daily behaviors, work status, and performance data, the model can formulate training paths and 
incentive mechanisms that better align with individual differences, thereby improving employee satisfaction and 
development potential. At the same time, the model identifies inefficient behaviors and provides customized feedback to 
promote the continuous optimization of employee’s career paths. 

The current model collects image, voice, and work log data, but lacks a robust privacy protection mechanism, 
employing only simple data desensitization instead of advanced techniques like differential privacy or federated learning. 
Furthermore, employees were informed of data use only through a departmental notice rather than being provided 
individual consent forms, which may foster resistance to behavioral monitoring. The specific costs include hardware, 
software, and labor costs for data integration, with a total cost of approximately 55,000 yuan. This cost may be a burden 
for small and medium-sized enterprises, and it is necessary to further reduce reliance on hardware. The single-company 
sample lacks representation from industries like manufacturing and services, and the 1-month experiment cycle is too short 
to account for seasonal variations for project cycle fluctuations, potentially leading to biased results. The model currently 
recognizes only explicit behaviors, such as whether social media is used and communication duration, and struggles with 
implicit data, such as emotions in voice tone and facial micro-expressions, achieving only 65% accuracy compared to 90% 
for structured data. Integrating effective computing models is necessary to improve processing capabilities. Regarding 
scalability, while the system supports a 50-person team with 10 cameras, a basic sensor suite, and a single server, scaling 
to over 500 users requires solving data transmission latency and rising hardware costs. Additionally, different industries 
require adaptation to differentiated behavioral libraries. To improve scalability, the following steps will be taken in the 
future. 1) Develop a lightweight model and migrate the data processing module from a centralized server to “edge 
computing nodes” to reduce the hardware deployment costs of large organizations. 2) Construct an industry-general 
behavioral feature template library and preset core behavioral indicators for three industries to reduce the secondary 
development workload for cross-industry adaptation. 

6. Conclusion and Future Research  

In this paper, an optimization model was constructed based on multimodal employee behavior analysis to address the 
challenge of improving office efficiency. By integrating multi-source data such as visual images, sensor data, workflow 
records, and text information, the model can comprehensively identify employee behavioral patterns and, when combined 
with environmental adjustment, process optimization, and personalized human resource management, achieve significant 
improvement in office efficiency. Experimental results demonstrate that the proposed method outperforms traditional and 
common multimodal methods in efficiency enhancement, behavior recognition accuracy, and environmental, process, and 
human resource efficiency, confirming its strong practicality and advancement. Despite the promising results, the model 
has limitations. First, it requires high-cost multimodal data collection and synchronization, demanding advanced hardware 
and data integration technology. Second, the privacy protection mechanisms are not yet fully developed, which may raise 
employee concerns about behavioral monitoring and hinder user acceptance. Additionally, the model’s accuracy in 
processing complex unstructured data requires improvement, and a response lag persists in highly dynamic office scenarios.  

Future research can be carried out in the following directions: first, to improve the model’s real-time and lightweight 
performance, reduce the deployment threshold, and enhance its adaptability. Second, to introduce mechanisms such as 
differential privacy and multi-party secure computing to improve the level of privacy protection in the process of data 
collection; and third, to further expand the types of data modalities, such as fusion of emotion recognition, physiological 
signals, and semantic comprehension, in order to achieve a more comprehensive modeling of the employee’s state. In 
addition, the applicability and adjustment mechanisms of the model in new office modes, such as telecommuting and 
flexible working systems, can be explored in the future to further advance the intelligent office system. 
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