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Abstract. In the collaborative production environment of manufacturing tasks,
the evaluation of enterprise technical capability in advance has a direct impact
on the high-performance collaboration between the supplier and the demander
of production tasks. In order to solve the problem of efficiency and accuracy in
the past evaluation methods, this paper applies the adaptive neuro fuzzy inference
system (ANFIS) to the field of enterprise technical capability evaluation for the
first time, and proposes an improved hybrid intelligent model SFAHP-ANFIS-
PSO based on fuzzy theory. The model takes the four key indexes which have the
deepest impact on enterprise technical capability evaluation as the input variables
of the model, and the input data are evaluated by ANFIS with high accuracy.
Spherical fuzzy analytic hierarchy process (SFAHP) calculated the weight of each
evaluation index to preprocess the ANFIS model. Particle swarm optimization
algorithm (PSO) continuously optimized the model parameters in the training
process, shortened the model training time, improved the evaluation efficiency,
and further improved the accuracy of the evaluation results. The experimental
results show that the SFAHP-ANFIS-PSO model has high convergence speed
and accuracy of results, and can be used to evaluate the technical capability of
enterprises with high efficiency and high accuracy.

Keywords: Technical Capability Evaluation · ANFIS · Spherical Fuzzy
Analytic Hierarchy Process · Particle Swarm Optimization

1 Introduction

As knowledge becomes more and more specialized and decentralized, more enterprises
choose to achieve complementary advantages and resource sharing through good cooper-
ation with other enterprises [1]. High-performance collaboration maximizes the benefits
of all stakeholders [2]. In collaborative networks, the in-depth study of the relevant
factors affecting collaboration performance is of great significance for optimizing the
selection of collaboration partners and improving the collaboration efficiency between
enterprises. In recent years, domestic and foreign researchers have widely mentioned
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the importance of enterprise technical capability on collaboration performance in the
fields like collaborative supplier selection and evaluation, collaborative innovation per-
formance and collaborative result performance evaluation [3–5]. Therefore, how to eval-
uate the technical capability of enterprises is an extremely important problem. Enterprise
technical capability evaluation is a decision problem with great uncertainty or fuzziness.
In previous research on capability evaluation, a two-stage approach is often adopted.
Firstly, key indicators for the evaluation problem are determined, followed by the use
of different evaluation methods to obtain evaluation results. Commonly used evaluation
methods include questionnaire survey, multi-criteria decision method, fuzzy compre-
hensive evaluation method, Back Propagation (BP) Neural Network, etc. Most of these
evaluation methods are characterized by strong subjectivity, low accuracy of evaluation
results, complicated calculation and low efficiency of evaluation process. BP neural net-
work introduces intelligent algorithms into the evaluation process, but BP neural network
has high requirements for data samples and parameter Settings. From a mathematical
perspective, it is highly prone to getting trapped in local extrema and suffers from slow
convergence speed. In addition, the ability of BP neural networks to handle uncertainty
problems is inadequate.

In this paper, an improved hybrid intelligent model SFAHP-ANFIS-PSO based on
fuzzy theory is proposed to evaluate the technical capability of enterprises accurately
and efficiently. The SFAHP-ANFIS-PSO model combines neural network and fuzzy
reasoning, quantifies the technical capability of enterprises based on fuzzy rules, and
effectively solves the evaluation of uncertainty problems. To further enhance the effi-
ciency and accuracy of the assessment results, the SFAHP algorithm [6] is used to
calculate the weights of evaluation indicators. Preprocessing is performed on the model
before training, and the PSO algorithm [7] is utilized to optimize the model parameters
during the training process.

2 Related Work

In the field of capability evaluation, reference [8] aims at the maturity evaluation of intel-
ligent manufacturing capability in the chair industry, proposes a multi-level evaluation
index system, and uses the analytic network process (ANP) and SD software to complete
the maturity evaluation of industrial intelligent manufacturing capability. Reference [9]
addresses the evaluation of technological innovation capabilities in Chinese prefabri-
cated construction companies. They propose an evaluation indicator system and utilize
information entropy to determine the weights of the evaluation indicators. Finally, they
quantitatively assess the technological innovation capabilities of the companies using
Gray Relational Analysis (GRA). Reference [10] combines BP neural networks with the
FireflyAlgorithmandSparrowSearchAlgorithm in the field of intelligentmanufacturing
capability maturity assessment. Aiming at improving enterprise performance and ven-
ture capital management, reference [11] studied the positive impact of optimizing supply
chain technology innovation and venture capital on enterprise performance improve-
ment, and proposed an enterprise performance evaluation index system. Reference [12]
proposed a supplier evaluation method, which takes factors such as cost and enterprise
technical capability as evaluation criteria, and uses expert scoring method to quantify
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qualitative indicators. Previous research methods rely on strong subjectivity in the eval-
uation process, the calculation process is complex, and the ability to deal with uncertain
problems is insufficient. These methods have resulted in lower accuracy of assessment
results and low efficiency in the evaluation process. ANFIS [13] has been widely applied
to various evaluation and prediction problems and has demonstrated strong advantages
in handling uncertainty. Reference [14] proposed four hybrid neural network models
for spatial prediction of wildfire probability. The four models combined ANFIS with
metaheuristic optimization algorithms GA, PSO, SFLA and ICA respectively. Refer-
ence [15] proposed an ANFIS-PNN-GAmodel to predict the air overpressure caused by
blasting, in which the GA algorithm was utilized to optimize the ANFIS-PNN structure
and improve the model efficiency. Reference [16] developed prediction models for com-
pressive strength (CS) of ordinary concrete (NC) and high-performance concrete (HPC)
using a combination of ANFIS and Grey Wolf Optimization (GWO) algorithm. The
results demonstrated that the hybrid approach of ANFIS and GWO effectively improved
the performance of the models and enhanced the accuracy of predicting CS.

In summary, the evaluation of technological capabilities in enterprises requires an
evaluation method that is efficient, accurate, and capable of handling uncertainty or
ambiguity. The combination of ANFIS and intelligent optimization algorithm can solve
a variety of evaluation and prediction problems. Therefore, this paper proposes a SFAHP-
ANFIS-PSO model for high-efficiency and high-accuracy evaluation of enterprise
technical capability.

3 Implementation of the Enterprise Technological Capability
Evaluation Model

3.1 Enterprise Technical Capability Evaluation Problem

The evaluation of technological capabilities in enterprises is a systematic evaluation pro-
cess that assesses their strength, potential, and other aspects in the field of technology.
When evaluating the technological capabilities of manufacturing enterprises, factors
such as technical personnel, research and development capabilities, and technological
infrastructure need to be considered to determine key evaluation indicators. In the actual
production environment, each indicator may have a different impact on the evaluation
results of technological capabilities. Based on this, scientificmethods are used to analyze
and calculate the data of each indicator, leading to the final evaluation results. In the con-
text of collaborative networks and supply-demand relationships, the evaluation results
of technological capabilities in enterprises can help demand-side enterprises understand
the technical strength of the supply-side enterprises before cooperation. It facilitates
the evaluation of the feasibility and reliability of collaboration, thereby ensuring the
successful completion of high-performance collaborative processes.

3.2 Determine the Evaluation Index and Index Weight

Evaluation Index. Based on the characteristics of manufacturing enterprises, expert
experience and an analysis and summary of previous relevant literatures, this paper has
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determined the main factors for considering enterprise technical capability, including
the number of senior technical engineers, the number of product patents, the proportion
of R&D investment, and the degree of technology intensity.

Determine Index Weights Based on SFAHP. The impact of different indexes on the
evaluation of enterprise technical capability varies. This paper combines expert opinions
with spherical fuzzy analytic hierarchy process to determine index weights. An index
weight evaluationmodel based on SFAHP [10] is designed. The combination of spherical
fuzzy set and traditional AHP in the model allows decision makers to express their
uncertainty in the decision-making process through a nine-level spherical fuzzy scale,
which effectively improves the scientific and accuracy of the evaluation results.

3.3 Construct the Improved Hybrid Intelligent Model SFAHP-ANFIS-PSO

Feasibility Analysis of ANFIS for Technical Capability Assessment. ANFIS is a
hybrid fuzzy inference system that combines neural networks with fuzzy logic. FIS
transforms the fuzzy human experience and knowledge into the rule base of the system,
which maps the nonlinear relationship between a set of inputs and outputs by using
the past experience. Neural network makes ANFIS have the ability of self-learning,
which determines that even without enough prior experience to construct the rule base of
ANFIS, based on reasonablemembership function setting, a set of rules that approximate
the provided data set can be generated by learning. Based on the above advantages,
ANFIS can effectively simulate the reasoning process of experts when dealing with
imprecise problems related to assessing technological capabilities in enterprises. By
learning from historical data of technological capability assessments, ANFIS is capable
of capturing the expertise and knowledge inherent in the data. Using evaluation indicator
data as input to the model, ANFIS transforms the input data into membership degrees
of different fuzzy sets. Through rule operations, it ultimately maps to a specific value
representing the technological capability of the enterprise.

Preprocess theANFISModel. TheANFISmodel has a five-layer network hierarchy, in
which the adjustable parameters are in the first layer and the fourth layer. The parameters
of Layer1 are all the membership function parameters, called the premise parameters,
and the consequence parameters of the model are included in Layer4. This paper uses
the evaluation index weights obtained by SFAHP method to preprocess all consequence
parameters of the model. The index weights obtained by SFAHP combined with expert
experience are much closer to the optimal solution of consequence parameters compared
to random numbers. Preprocessing can effectively improve the evaluation accuracy and
convergence speed of the model.

Construct the SFAHP-ANFIS-PSOModel. Particle SwarmOptimization (PSO) algo-
rithm is an intelligent optimization algorithm that finds the optimal solution through the
cooperation and information sharing between individuals in the swarm. The algorithm
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is simple and easy to understand and implement, which has strong global search ability
to avoid falling into local optimal solution.

Fig. 1. Work flowchart of constructing improved hybrid intelligent model SFAHP-ANFIS-PSO

In this paper, PSO algorithm is applied to ANFIS model optimization, and an
improved hybrid intelligence model, SFAHP-ANFIS-PSO, was constructed (Fig. 1) to
assess the technical capabilities of enterprises quantitatively. In the construction pro-
cess of the SFAHP-ANFIS-PSO model, the model parameters are preprocessed using
the SFAHP algorithm to calculate the weights of the indicators. Then, leveraging the
advantages of the PSO algorithm, the model continuously searches for the global opti-
mal solution for all adjustable parameters, leading to model updates. Ultimately, the
model achieves optimality in terms of convergence speed and assessment result accuracy.
The pseudo-code of the SFAHP-ANFIS-PSO model construction algorithm is shown in
Algorithm 1.
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SFAHP-ANFIS-PSO Evaluate Enterprise Technical Capability. The SFAHP-
ANFIS-PSO model takes four indicators as input data: the number of senior technical
engineers in the enterprise, the number of product patents, the proportion of research and
development investment, and the technological intensity. The overall evaluation process
of the model consists of five hierarchical steps. Firstly, fuzzy membership assignment:
For each input variable in the model, a corresponding number of fuzzy sets and their
optimized membership functions are defined. This step determines the degree of mem-
bership for the input data in the fuzzy sets. Then, rule triggering strength calculation:
Based on the obtainedmembership degrees from the previous step, the triggering strength
of each evaluation rule is calculated. The number of rules is determined by multiplying
the number of fuzzy sets for each input variable. Then, normalization of rule triggering
strengths: The triggering strengths of each rule are normalized to ensure their consis-
tency and comparability. completed optimal linear function. The output of each rule is
then calculated by optimizing the completed optimal linear function. Finally, the final
enterprise technical capability score is obtained by summing the output of each rule.
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4 Experimental Results

To verify the superiority of the proposed model in this paper, MAE and RMSE were
selected as performance parameters to quantitatively evaluate the model performance.
The SFAHP-ANFIS-PSO model and the ANFIS-PSO model were compared from two
aspects: model convergence speed and evaluation result accuracy. The program for the
proposed model is implemented using the Python programming language, specifically
version 3.8.0. The execution environment is set as follows: 16 GB of memory and the
Windows 10 operating system. For the experimental setup, the parameters are as follows:
the population size is set to 50, the number of iterations is set to 300, and each input
variable has 4 fuzzy sets. The experimental comparison results are shown in Table 1 and
Fig. 2.

Table 1. Comparison between the performances of the assessment models.

Assessment model Train dataset Test dataset

RMSE MAE RMSE MAE

ANFIS-PSO 0.0493 0.1948 0.0954 0.2471

SFAHP-ANFIS-PSO 0.0199 0.1260 0.0381 0.1744

Fig. 2. Model convergence process

As shown in Table 1, both SFAHP-ANFIS-PSO andANFIS-PSOmodels can achieve
high accuracy evaluation of enterprise technical capabilities. Among them, the error
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of the evaluation results of SFAHP-ANFIS-PSO is significantly smaller. The highest
evaluation accuracy on the training and test datasets is (RMSE = 0.0199 and MAE =
0.1260) and (RMSE = 0.0381 and MAE = 0.1744). In terms of convergence speed,
Fig. 2 reflects that the technical capability evaluation models based on ANFIS all have
extremely fast convergence speed. The ANFIS-PSO model converges after about 160
iterations, and the SFAHP-ANFIS-PSOmodel converges after about 60 iterations thanks
to the preprocessing of SFAHP.

5 Conclusion

In order to achieve high efficiency and precision evaluation of enterprise technical capa-
bility, this paper proposes a SFAHP-ANFIS-PSOmodel for enterprise technical capabil-
ity evaluation. Firstly, four key evaluation indexes of enterprise technical capability were
determined as the input parameters for the model. Then, the SFAHP-ANFIS-PSOmodel
is constructed to complete the evaluation of technical ability. By utilizingANFIS’s ability
to convert human experiential knowledge into fuzzy logic and its efficient self-learning
capability, input data can be transformed into membership degrees of different fuzzy
sets that closely resemble human experience. This enables efficient rule learning to take
place. The SFAHP is used to calculate the weight of the evaluation indexes for model
preprocessing, and the intelligent optimization algorithm PSO is used to optimize the
model. The optimal solution of the model parameters is constantly searched in the train-
ing process to further improve the convergence efficiency of the model and the accuracy
of the evaluation results. The experimental results show that the SFAHP-ANFIS-PSO
model converges after about 60 iterations, which greatly improves the evaluation effi-
ciency. After the validation data set test, the results show that the model evaluation
results have extremely high accuracy, and the evaluation accuracy is (RMSE = 0.0381
and MAE = 0.1744).
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