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Abstract: In the context of accelerating digital transformation, the rationality of resource 

allocation of the technical service module in the science and technology innovation 

management system has a vital impact on the system operation efficiency and the smooth 

progress of scientific research business. At present, the traditional resource allocation 

method has problems such as insufficient flexibility and difficulty in adapting to complex 

and changing business needs, which leads to waste of resources and reduced service 

efficiency. This paper focuses on the resource optimization allocation problem of the 

technical service module of the science and technology innovation management system. 

First, it conducts an in-depth analysis of the dilemma of resource allocation in the existing 

system, and then proposes a resource optimization allocation strategy based on intelligent 

algorithms. Through the key steps of building a resource demand prediction model, 

designing an intelligent allocation algorithm, and building a dynamic adjustment 

mechanism, accurate and efficient resource allocation is achieved. The experimental results 

verify that the strategy can significantly improve resource utilization and service response 

speed. Among them, except for P202303, which slightly exceeds the upper limit of 81%, 

the utilization rates of the rest are basically within the threshold range, which effectively 

overcomes the defects of traditional resource allocation methods and provides innovative 

ideas and methods for the optimization of science and technology innovation management 

systems. 

1 Introduction 

In the field of resource allocation of the technical service module of the science and technology 

innovation management system, how to allocate resources efficiently and reasonably has always 
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been a key problem in the promotion of scientific research business. In recent years, with the 

continuous expansion and deepening of scientific research business, the importance of science and 

technology innovation management system has become increasingly prominent, and the rationality 

of resource allocation of the technical service module is directly related to the promotion efficiency 

and resource utilization efficiency of scientific research projects. Traditional resource allocation 

methods mainly rely on manual experience and simple allocation rules. These methods not only 

lack dynamics and are difficult to cope with the rapid changes in project requirements but also lack 

scientific basis in the allocation process, resulting in unreasonable resource allocation and affecting 

the smooth development of scientific research projects. Although some research has made certain 

progress in resource allocation optimization and algorithm improvement, the existing technical 

service modules of science and technology innovation management systems still have many 

problems in resource allocation, such as the lack of dynamic resource allocation and the lack of 

scientific basis in the allocation process, which makes it difficult to fully meet the complex and 

changeable resource allocation needs in actual scientific research operations. 

Therefore, the current resource allocation field of the technical service module of the science and 

technology innovation management system still needs further exploration and improvement. First, 

this paper will comprehensively review the existing resource allocation methods of the technical 

service module of the science and technology innovation management system, including traditional 

manual allocation methods and allocation methods based on simple rules or preliminary intelligent 

technology, and deeply analyze the specific applications and shortcomings of these methods. Next, 

the resource optimization allocation scheme for the technical service module of the science and 

technology innovation management system based on intelligent algorithms proposed in this paper 

will be introduced in detail. It will explain how to use machine learning algorithms to build a 

resource demand prediction model, and accurately predict the resource requirements of each project 

at different stages based on multi-dimensional information such as historical project data and 

business processes. At the same time, it will explain how to design an intelligent allocation 

algorithm to achieve optimal resource allocation by combining resource constraints and project 

priorities. In addition, it will introduce how to build a dynamic adjustment mechanism to monitor 

resource usage and project progress in real time, and dynamically adjust resource allocation 

strategies according to actual changes. Secondly, the effectiveness of the proposed method will be 

verified through actual cases or simulation experiments, and its advantages in resource utilization 

efficiency, project promotion efficiency and resource allocation rationality will be compared and 

analyzed. Finally, the research results of this paper are summarized and the future research direction 

is proposed. Through a comprehensive review of existing technologies and the innovative design of 

this paper's solution, this paper aims to propose a comprehensive resource optimization allocation 

solution for the technical service module of the science and technology innovation management 

system to promote the intelligent and precise development of scientific research business 

management. 

2 Related Work 

With the rapid development of information technology, mobile edge intelligent systems, cloud 

computing, and industrial Internet of Things have put forward higher requirements for resource 

allocation and scheduling. How to efficiently and intelligently allocate and schedule resources has 

become a research hotspot. Lin et al. [1] proposed an optimization method for AI service placement 

and resource allocation in mobile edge intelligent systems to improve system performance and 

resource utilization. Nematollahi et al. [2] studied the task and resource allocation in the Internet of 

Things based on an improved version of the moth flame optimization algorithm to better adapt to 
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the resource allocation requirements in the Internet of Things environment. Jain et al. [3] proposed a 

resource allocation technology based on meta-heuristic optimization to solve the resource allocation 

problem of 6G driven by network entities in the IoT environment. Cao et al. [4] focused on 

software-based resource management and allocation in the collaborative intelligent transportation 

system supported by 6G, and achieved efficient resource utilization through autonomous perception. 

Lei [5] built an intelligent logistics scheduling model and algorithm based on IoT technology to 

solve the resource allocation and path planning problems in logistics scheduling. Subbaraj et al. [6] 

proposed a real-time secure resource allocation and scheduling strategy based on intelligent fog 

computing using a multi-objective crow swarm search algorithm to ensure the security and 

real-time performance of resource allocation. Yakubu et al. [7] proposed an efficient meta-heuristic 

resource allocation and load balancing method in the IoT-fog-cloud computing environment to 

optimize resource utilization. Sun et al. [8] proposed a dynamic deployment and scheduling strategy 

for a hierarchical cloud service system based on dual service aggregation in smart buildings to 

improve system response speed and service quality. Montazerolghaem [9] was committed to solving 

the problem of efficient resource allocation of multimedia streams in software-defined Internet of 

Vehicles and improving the transmission quality of multimedia streams. Zaidi et al. [10] 

implemented intelligent applications of the Industrial Internet of Things through embedded 

electromechanical systems to solve the resource integration and intelligent control problems in the 

Industrial Internet of Things. Although other people have achieved certain results in their research 

on this topic, there are still some shortcomings. The versatility of resource allocation and scheduling 

in different scenarios needs to be improved, and the adaptability and robustness of some algorithms 

in complex environments need to be strengthened. In addition, there are relatively few studies on 

comprehensive solutions to resource allocation and scheduling problems under multi-domain 

integration. 

3 Method 

3.1. Intelligent Allocation Algorithm Design 

In the resource allocation problem, in order to improve resource utilization efficiency, shorten 

project completion time and reduce service costs, an intelligent allocation algorithm can be 

designed based on genetic algorithm and particle swarm optimization algorithm [11]. First, it is 

necessary to clarify the objective function of resource allocation. Assuming that the resource 

utilization rate is U, the project completion time is T, and the service cost is C, the objective 

function of the multi-objective optimization problem can be defined as: 

F(x) = w1U(x) + w2
1

T(x)
+w3

1

C(x)
(1) 

Among them, x represents the resource allocation scheme; w1, w2 and 𝑤3 are the weight 

coefficients of each optimization objective, and 𝑤1+𝑤2+𝑤3=1. The resource utilization U(x) can be 

expressed as: 

U(x) =
∑ ui(x)
n
i=1

Rtotal
(2) 

Among them, 𝑢𝑖(x) represents the utilization of the i-th resource under the allocation plan x, and 

𝑅𝑡𝑜𝑡𝑎𝑙 represents the total amount of resources. The project completion time T(x) can be calculated 

by the critical path method and other methods based on the task dependencies and resource 

allocation. The service cost C(x) can be expressed as: 

C(x) = ∑ ci(x)
n
i=1 (3) 

Among them ci(x) represents the cost of the i-th resource under the allocation plan x. By 

maximizing F(x), the optimization goals of maximizing resource utilization, minimizing project 
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completion time, and minimizing service cost can be achieved simultaneously [12]. 

Next, the resource allocation problem is transformed into a multi-objective optimization problem, 

and a fitness function is set to evaluate different resource allocation schemes. The fitness function 

can be designed based on the objective function F(x), such as Fitness(x)=
1

1+𝑒−𝐹(𝑥)
, which maps the 

objective function value to the interval (0,1) to facilitate comparison and selection of different 

schemes. 

During the algorithm operation, the genetic algorithm and the particle swarm optimization 

algorithm work together. The genetic algorithm generates new resource allocation schemes through 

selection, crossover and mutation operations. The selection operation selects excellent individuals 

to enter the next generation according to the fitness function value, and its selection probability is: 

𝑃𝑖 =
𝐹𝑖𝑡𝑛𝑒𝑠𝑠(𝑥𝑖)

∑ 𝐹𝑖𝑡𝑛𝑒𝑠𝑠(𝑥𝑗)
𝑁
𝑗=1

(4) 

N is the population size. The crossover operation exchanges some genes of two individuals to 

generate new individuals. Assuming that the two individuals are 𝑥1 and 𝑥2, the individuals after 

the crossover are: 

𝑥𝑛𝑒𝑤 = 𝑎𝑥1 + (1 − 𝑎)𝑥2(5) 

α is the crossover probability. The mutation operation randomly changes the values of certain 

genes of an individual with a certain probability. Assuming a gene 𝑥𝑘 of individual x mutates, and 

the mutated gene is 𝑥`𝑘 = 𝑥𝑘 + ∆, where ∆ is the random perturbation. The particle swarm 

optimization algorithm searches for the optimal solution by iteratively updating the position and 

velocity of the particle[12]. Assuming that the position of the particle is 𝑥𝑖(t) and the velocity is 

𝑣𝑖(t), in the t-th iteration, the particle velocity and position update formula are as follows: 

𝑣𝑖(𝑡 + 1) = 𝑤𝑣𝑖(𝑡) + 𝑐1𝑟1(𝑝𝑏𝑒𝑠𝑡,𝑖 − 𝑥𝑖(𝑡)) + 𝑐2𝑟2(𝑔𝑏𝑒𝑠𝑡 − 𝑥𝑖(𝑡))(6) 

𝑥𝑖(𝑡 + 1) = 𝑥𝑖(𝑡) + 𝑣𝑖(𝑡 + 1)(7) 

Among them, w is the inertia weight; 𝑐1 and 𝑐2 are learning factors; 𝑟1 and 𝑟2 are random 

numbers; 𝑝𝑏𝑒𝑠𝑡,𝑖 is the historical optimal position of particle i; 𝑔𝑏𝑒𝑠𝑡 is the global optimal position 

of the population. At the same time, during the operation of the algorithm, it is necessary to fully 

consider the resource constraints, such as the total resource limit 𝑅𝑡𝑜𝑡𝑎𝑙 ≥ ∑ 𝑢1(𝑥)
𝑛
𝑖=1 , resource 

type matching, etc., to ensure the feasibility of the allocation plan. Through continuous iteration and 

optimization, the optimal resource allocation plan is finally searched. 

3.2. Dynamic Adjustment Mechanism Construction 

During the operation of the technical service module, building a real-time monitoring system is a 

key strategy to ensure efficient resource utilization and smooth project progress. The real-time 

monitoring system can comprehensively and continuously monitor the resource usage of the 

technical service module and the project progress. 

In terms of resource usage monitoring, the system collects consumption data of various resources 

in real time, including computing resources, storage resources, network resources, etc. By analyzing 

these data, the real-time status of resources can be clearly understood [13]. For example, when the 

system detects that the usage rate of a computing resource exceeds the threshold continuously, or a 

storage resource is idle for a long time, it indicates that resource usage is abnormal. For project 

progress monitoring, the system will track the key nodes and milestones of the project and compare 

the actual progress with the planned progress. Once a delay in the project progress is found, the 

system will immediately issue an early warning. When the real-time monitoring system detects 

abnormal resource usage or project progress delays, it will quickly trigger the dynamic adjustment 

mechanism. At this time, using intelligent algorithms to recalculate resource requirements becomes 

the core link. The intelligent algorithm will comprehensively consider multiple factors such as the 



International Journal of Big Data Intelligent Technology 

60 
 

current status of the project, the amount of remaining tasks, and resource performance, and 

accurately estimate reasonable resource requirements. 

According to the new resource requirements, the system will adjust the resource allocation plan 

in a timely manner. During the adjustment process, changes in project priorities will also be fully 

considered. For those important projects, the system will give priority to their resource requirements 

to ensure that they can proceed smoothly as planned. For projects with lower priorities, reasonable 

arrangements will be made if resources permit. Through this dynamic optimization configuration 

method, the utilization rate of resources can be effectively improved, ensuring that each project can 

be completed efficiently under resource guarantees, and realizing the overall optimization operation 

of the technical service module [14]. 

3.3. Resource Demand Forecast Model Construction 

Aiming at the resource optimization allocation problem of the technical service module of the 

science and technology innovation management system, a resource demand prediction model based 

on intelligent algorithm is constructed. The model architecture is shown in Figure 1: 

 

Fig.1 Resource demand forecasting model 

In the resource demand prediction model based on intelligent algorithms, the input layer collects 

historical project data (covering staffing, server resource consumption, task complexity, and 

concurrency), real-time business indicators (such as CPU utilization, memory occupancy, and 

interface response time) and constraints. The data preprocessing module interpolates and fills 

missing data, cleans outliers, and uses normalization methods to unify data scales. The feature 

engineering module extracts key features such as task type, personnel skill matching, and system 

performance indicators. The algorithm layer uses genetic algorithms to predict time series to capture 

periodic resource requirements, establishes a mapping relationship between task complexity and 

resources through the random forest algorithm, and uses genetic algorithms to solve multi-objective 

optimization problems to minimize resource idleness and maximize task completion efficiency. The 

final output layer generates a dynamic resource allocation plan that includes personnel grouping and 

server resource scheduling, thereby realizing the optimal allocation of resources for the technical 

service module. 
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4 Results and Discussion 

4.1 Experimental Operation 

In order to verify the effectiveness of intelligent algorithms in optimizing resource allocation in 

technical service modules and compare their resource utilization efficiency with that of traditional 

rule engines, this paper first conducts data collection and preprocessing for 1-2 weeks, extracts 50 

sets of data including personnel allocation, server resource consumption, task completion cycle and 

performance indicators from historical projects, and completes the missing data such as "expert 

extraction time" and "cross-system integration interface call frequency" through system logs, and 

uses the Z-score standardization method to process numerical data (as shown in Table 1): 

Table 1. System log numerical data 

Project 

number  

Task Type Staffing (total 

number) 

Historical 

average CPU 

occupancy (%) 

Task 

completion 

cycle (days) 

P202301 Requirement 

analysis 

10 65 25 

P202302 System development 

(including 

integration) 

15 78 75 

P202303 Test acceptance 8 55 30 

P202304 Microservice 

splitting 

12 72 60 

P202305 Performance 

optimization 

9 68 40 

Then, within 2-3 weeks, feature engineering and model training are carried out to define core 

features such as personnel, tasks, and resources. The SMOTE algorithm is used to balance 

unbalanced samples. Scikit-learn and TensorFlow are used to implement random forest and LSTM 

models, respectively, and hyperparameters are optimized through 10-fold cross-validation. 

Subsequently, a simulation experiment is designed in 1 week, and different load pressures are 

injected into the simulation environment built based on the document technology selection to 

compare the resource allocation effects of the rule engine (resources are allocated at a fixed ratio) 

and the intelligent algorithm (dynamic resource scheduling strategy based on genetic algorithm). 

Another week is spent on indicator evaluation and result analysis, collecting experimental data 

from dimensions such as resource utilization (average CPU/memory occupancy, percentage of idle 

time of personnel), task efficiency (reduction rate of demand analysis cycle, defect repair time), and 

compliance, and verifying the significant difference between the intelligent algorithm group and the 

rule engine group through T-test. Finally, the solution is optimized and iterated based on the 

experimental results, and the model parameters are continuously adjusted, such as increasing the 

influencing factor of "information confidentiality level" on resource isolation, to form an adaptive 

optimal resource allocation strategy. 

4.2 Resource Utilization 

This paper tests the resource utilization of three types of tasks, namely, requirements analysis, 

system development, and test acceptance, in five projects P202301 - P202305. As can be seen from 

the data in Figure 2, the resource utilization of the requirements analysis task fluctuates significantly, 
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with P202301 - P202305 being 72%, 68%, 75%, 71%, and 69%, respectively, and some of them are 

below the lower limit of the threshold; the utilization of the system development task performs well 

and is mostly within the threshold, with P202301 - P202305 being 78%, 82%, 76%, 80%, and 79%, 

respectively. The utilization of the test acceptance task is basically within the threshold range, with 

P202303 being 81%, which is slightly above the upper limit, and the rest are basically within the 

threshold range, with P202301 - P202305 being 75%, 79%, 81%, 77%, and 74%, respectively. The 

resource utilization of the system development and test acceptance tasks is relatively stable and 

compliant, while the requirements analysis task needs to be optimized to stabilize within the 

specified threshold. 

 

Fig.2 Resource utilization comparison 

4.3 Improved Task Efficiency 

 

Fig.3 Task efficiency improved 

This paper compares the efficiency improvement rate and task cycle reduction rate of the 

intelligent algorithm group compared with the rule engine group in different tasks P202301 - 

P202305. According to the data in Figure 3, the efficiency improvement rate of P202301 is 20%, 

and the task cycle reduction rate is 15%. P202302 has both dropped to 15% and 12%, respectively. 
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The efficiency of the key node P202303 integration task is improved by 25%, and the task cycle 

reduction rate is 18%. The efficiency improvement rate of P202304 is 18%, the task cycle reduction 

rate is reduced to 10%, and the annotation microservice development cycle is shortened by 14%. 

The efficiency improvement rate of P202305 has risen to 22%, and the task cycle reduction rate is 

14%. The intelligent algorithm group has achieved significant results in improving efficiency and 

shortening task cycles, but the performance is fluctuating. The P202303 integration task and the 

P202304 microservice development task are the key nodes that highlight its advantages. 

5 Conclusion 

Aiming at the resource allocation problem of the technical service module of the science and 

technology innovation management system, this paper proposes and implements a resource 

optimization allocation strategy based on intelligent algorithms. By constructing a resource demand 

prediction model, designing an intelligent allocation algorithm, and building a dynamic adjustment 

mechanism, the shortcomings of traditional resource allocation methods are effectively solved, and 

resource utilization efficiency and service quality are improved. The research results show that the 

strategy has significant effects and feasibility in practical applications. However, this paper still has 

certain limitations. In terms of resource demand prediction models, some unexpected factors and 

uncertain events are not considered comprehensively enough; the computational efficiency of 

intelligent allocation algorithms when dealing with large-scale complex systems needs to be further 

improved. Future research can further optimize models and algorithms, consider more practical 

influencing factors, and improve the robustness and adaptability of algorithms. This research result 

provides theoretical support and practical reference for resource optimization of science and 

technology innovation management systems, and has important practical significance for promoting 

the digital transformation of scientific research management. 
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