
* Corresponding author  
E-mail address:  assoc.dean_research@poornima.edu.in (U. Mamodiya) aalqutish@kfu.edu.sa (A. Alqutaish) 
  
ISSN 2561-8156 (Online) - ISSN 2561-8148 (Print)  
© 2026 by the authors; licensee Growing Science, Canada. 
doi: 10.5267/j.ijdns.2026.1.010 
 

 
 

 
 

International Journal of Data and Network Science 10 (2026) 609–620 
 

 

Contents lists available at GrowingScience 
 

International Journal of Data and Network Science 
 

homepage: www.GrowingScience.com/ijds 
 
 
 

 
 
 
Hybrid soft computing and adaptive learning strategies for intelligent autonomous systems 
 
Udit Mamodiyaa*, Indra Kishorb, Mohammed Aminc, Amer Alqutaishd*, Ghada Alradwand and Mansour 
Obiedate 
 

 

aAssociate Professor, Faculty of Engg and Tech., Poornima University, Jaipur 303905, Rajasthan, India 
bAssistant Professor, Department of CSE, Poornima Institute of Engineering and Technology, Jaipur 302022, Rajasthan, India 
cKing Abdullah the II IT School, The University of Jordan, Amman 11942, Jordan 
dDeanship of Development and Quality Assurance, King Faisal University, 31982, Al-Ahsa, Saudi Arabia 
eApplied College, King Faisal University, Al-Ahsa, Saudi Arabia 
    C H R O N I C L E                          A B S T R A C T 

Received October 7, 2025 
Received in revised format 
December 24, 2025 
Accepted January 26 2026 
Available online  
January 26 2026 

 The intelligent autonomous systems need to be reliable in the situations when there is uncertainty 
as well as nonlinear dynamics and time-varying disturbances. Traditional model-driven controllers 
are not flexible and purely learning-based models can be unstable and not easily interpretable. The 
current hybrid techniques strive to unite these paradigms, but they are generally based on offline 
optimization or loosely coupled structures of learning and control. This paper offers a hybrid soft 
computing and adaptive learning model based on combining fuzzy inference with an online 
learning process to make decisions in real-time. The fuzzy aspect provides the ability to deal with 
uncertainty and nonlinear mappings whereas the adaptive learning aspect optimizes control 
parameters through performance feedback with limited updates. Experimental analysis shows the 
presented framework can reach control accuracy of 95.2 which is 3-5 points better than the 
representative hybrid and learning-based baselines, with adaptation time lowered to 2.6 s. Stability 
analysis indicates a much lower level of control signal variance than with the unconstrained 
learning strategies. The primary value of the research is the single hybrid architecture that maintains 
the interpretability and allows further adaptation, which is a feasible and reliable solution to 
intelligent autonomous control in continuously evolving environments.  
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1. Introduction 

The high speed of the development of intelligent autonomous systems has enhanced the necessity to have control and learning 
structures that can be predictable and reliable in uncertain, dynamic, and semi-observable settings. Mobile robotics, 
autonomous navigation, and cyber-physical automation are the applications, which demand decision-making mechanisms that 
should be able to adapt online and preserve stability, safety, and interpretability (Guo et al., 2017; McKee et al., 2018). The 
demands have led to growing interest in hybrid paradigms to incorporate soft computing methods with adaptive learning 
methods to develop robust and flexible autonomy (Akbarzadeh-T et al., 2000; Melin & Castillo, 2005). The use of autonomous 
systems today has penetrated areas of high adaptability and reliability such as intelligent robotics, autonomous vehicles, and 
cyber-physical infrastructures. The traditional control methods using the fixed mathematical models or other preset rules are 
usually unsuccessful in the face of environmental variation and nonlinearities in the system (McKee et al., 2018; Vachtsevanos 
et al., 2018; Ho et al., 2026. Research has therefore turned to hybrid frameworks which can unite model based reasoning with 
data-based learning to increase robustness and performance in an uncertain environment (Fathima & Selvaraju, 2025). Fuzzy 
logic, evolutionary algorithms, and neural networks are examples of soft computing techniques, which have shown a high 
level of response to imprecision and nonlinear dynamics. According to recent research, swarm intelligence combined with 
deep learning positively influences adaptive decision making and convergence behavior in intelligent systems (Gupta et al., 
2024). In a similar manner, optimization with structured learning methods has also been found to improve stability without 
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deteriorating learning efficiency (Venugopal & Sharma, 2025). In modern autonomous systems it is no longer only the 
accuracy or computational efficiency that is considered. Credibility, decipherability and moral congruency have become key 
performance indicators. Hybrid autonomy frameworks are growing towards being more flexible but maintaining explicit 
control frameworks to provide traceability of decisions (Melis et al., 2025). Learning algorithms in real-time robotic and 
embedded control environments also have very strict constraints in terms of timing and safety, which restricts the suitability 
of purely black-box models (Govardhan et al., 2024; Waqar et al., 2024). 
 
In order to fulfill these demands, hybrid intelligence structures that unite symbolic reasoning with sub-symbolic learning have 
been of interest. These are strategies to balance between disclosure and efficiency of operations by integrating learning into 
organized decision pipelines (Grosvenor et al., 2025). Fuzzy-neural systems have also been shown to be more robust in 
dynamic disturbances in the field of navigation and motion control to allow more smooth adaptation of the trajectories 
(Alzaydi et al., 2024). Hardware systems also validate the possibility of implementing hybrid computational learning systems 
on resource-restrained platforms to execute real-time optimization on mobile robots (Gómez Fernández et al., 2023). 
 
1.1 Limitations of Existing Approaches and Research Gap 
 
Although they have merits, the current hybrid and learning-based systems in practice have low integration on learning and 
control layers. Most of the cognitive hybrid architectures have modules of perception, planning and monitoring but their 
learning modules are loosely coupled with the rule-based controllers (González-Santamarta et al., 2024). Hierarchical 
reinforcement learning combined with symbolic planning enhances flexibilities in open worlds yet also usually based upon 
offline learning and uses stable operational conditions (Lorang et al., 2024). Lifelong learning models strive to assist 
continuous adaptation, but often, these models are deficient of systems to ensure the stability of control during online policy 
updates, which creates unforeseeable behaviors within the unstable environments (Bu et al., 2024). Hybrid controllers that are 
optimized such as neuro-fuzzy-genetic systems are vulnerable to scalability problems that are manifested by huge parameter 
space and sensitivity to start-up point (Arunprasad et al., 2023). More so, the interpretation is not so much, since learned 
parameters tend to blur the causal links between sensory stimuli and control responses (León, 2024). These constraints 
demonstrate that there is a vital dissimilarity between adaptive learning capacity and structured control steadiness. Although 
the concept of hybrid cognitive and digital twin architecture suggests a single autonomy, these architectures are not always 
algorithmically cohesive (Mandal & O’Connor, 2025). Hybrid controllers like the ANFIS-based navigation systems are task-
specific and can be relied upon to perform well in local operation, but in generalization in a variety of operating conditions 
(Stavrinidis & Zacharia, 2024; Ejalonibu, 2025). 
 
1.2 Proposed Approach and Contributions 
 
This research paper is driven by these issues as it advances a hybrid soft computing and adaptive learning system on intelligent 
autonomous systems. The suggested solution combines the fuzzy inference and evolutionary optimization with an online 
adaptive learning block, which continually changes the control parameters according to the environmental feedback. The latter 
is in contrast to standard hybrid designs in which learning serves as a secondary feature, as proposed structure is a form of 
two-way communication between rule-based reasoning and adaptive policy refinement. Uncertainty and nonlinear mappings 
are handled by soft computing components and the adaptive learner is one that is able to fine-tune decision policies within 
limited stability boundaries. The structure allows the adaptive response and maintains interpretable and consistent control 
behavior. 
The major contributions of this work are: 
 
1. The creation of a hybrid architecture that is unified across soft computing and adaptive learning to autonomous decision-
making; 
2. the development of a stability-conscious online learning mechanism that can work in real-time mode; and 
3. experimental validation by comparison with other conventional hybrid and learning-based controllers. 
 
The rest of the paper is structured in the following way: Section II is a review of related work on hybrid soft computing and 
adaptive learning of autonomous systems. Section III gives the proposed methodology. Section IV gives experimental results 
and discussion in Section V. Section VI is a conclusion to the paper and future research directions. 

2. Literature Review 
 
Studies in intelligent autonomous systems have gradually developed solitary control strategies to complete architectures 
integrating perception reasoning and learning. Some initial attempts in this direction are found in neuro-symbolic and hybrid 
intelligence systems, which attempt to close the gap between symbolic reasoning and the use of data in learning. Research on 
embodied robots indicates that the interaction of morphology with the environment provides for the continuous evolution of 
a system's performance, especially for mobile robots that encounter physical constraints. The result of these findings is that 
adaptive learning mechanisms need to be embedded within the dynamics of the system, and cannot be an external optimization 
layer (Lee, 2025). The hybrid learning models have also been applied in the modeling and control of complex systems. The 
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combination of adaptive neuro-fuzzy inference systems and physics-informed neural networks can be seen as an important 
breakthrough in this field. These hybrid models limit data-driven learning to physical law, and hence overfitting is minimized 
and convergence is improved together with interpretability (Agamalov, 2025). This strategy is indicative of an ever increasing 
trend to learning structures that instantiate the domain knowledge into the model structure, but it does not place reliance on 
empirical data alone. Hybrid intelligence has proven to be a promising technology in large-scale autonomous robotic 
applications in the field. The role of aerial and ground robots in coordinating with adaptive perception and decision-making 
strategies can be seen in intelligent robotic platforms that can be used in maintenance, inspection, and outdoor tasks (Kishor 
et al., 2025). The systems have to work in unstructured settings where there is a lack of knowledge in the terrain and in both 
the lighting and the weather conditions and this is why the integration of sensing, learning and adaptive planning frameworks 
is essential. 
  
Other studies on navigation and mobility environments also draw attention to the use of adaptive control. It has been suggested 
that IoT-based robots can be used in autonomous navigation in dynamic and heterogeneous settings, where robots have to 
communicate with both fixed objects and people (Kishor et al., 2025). Although these systems enjoy the advantage of 
distributed sensing and learning-based navigation policies, most of them, despite the fact that they are based on predefined 
coordination rules, restrict their long-term flexibility. Due to this, learning and control are yet to be fully incorporated in real 
world applications. Theoretically, the idea of hybrid control systems is a facilitated way of integrating classical control theory 
and smart decision layers. These types of systems are usually a combination of deterministic controllers with heuristic, fuzzy, 
or learning-based modules to deal with nonlinearities and external disturbances (Jain et al., 2025). Even though this enhances 
robustness, most of them rely on the process of parameter tuning on or offline optimization, which limits their capability to 
adjust to sustained environmental change. 
  
One primary method of autonomous system task planning, as well as adaptive control, has become reinforcement learning. 
Policy-learning and deep Q-network architecture allow agents to learn the action policy directly based on the state observation 
and are highly performing in structured and simulated environments (Raj & Kavitha, 2025). Nevertheless, reward-based 
exploration is commonly unstable when a system dynamic varies with no notice, and the purely reinforcement-based model 
is normally not interpretable, an important attribute in safety-critical control. Multi-expert and ensemble learning solutions 
have been proposed in order to cope with predictive uncertainty. Autonomous systems can also address the bias of each model 
and enhance robustness and predictive power by integrating various decision models (Grigoriev et al., 2024). These methods 
are effective, but as with their complexity, they demand effective arbitration systems, which are not always specified with 
formal guarantees but as heuristics. This has led to safety being a key area of research in adaptive learning. More recent studies 
on adaptive safe reinforcement learning use explicit state constraints and limited adaptation policies to ensure unsafe actions 
are avoided in policy changes (Jaafar et al., 2026). Although such techniques illustrate that safety and learning are not mutually 
exclusive in formal constructs, they have a tendency to assume a good constraint modeling and have difficulty generalizing 
to a wide task domain. The other means to stability in non-stationary environments is the hybrid fuzzy reinforcement learning 
techniques. This integration of fuzzy inference into loops of reinforcement learning levels the exploration behavior and coaxes 
sudden policy responses However, rule design and parameter tuning are still nontrivial, especially with the increase in the 
complexity of the system. Cooperative and networked autonomous systems have also been studied using adaptive control 
strategies. Strong adaptive control strategies of vehicle platoons demonstrate the way in which the laws of control may be 
adaptively modified in order to maintain the stability of a formation in the presence of uncertain dynamics (Haighton et al., 
2024; Ren et al., 2024). Such methods usually consider the narrowed perceptual complexity and pre-structured 
communication. 
  
Hybrid techniques that are optimized have been popular in path planning and navigation. The use of algorithms of particle 
swarm optimization with artificial potential fields offers an appropriate solution to obstacle avoidance and trajectory 
generation. Scalability and generalization is limited by the fact that they are based on hand-written fitness functions. More 
recent planning models combine predictive learning models with motion planning loops. Hybrid prediction-planning 
architectures enhance the responsiveness of dynamic environments based on the estimation of the future state through learning 
(Benmachiche et al., 2025; Liu et al., 2025). These techniques are based on long-term predictions that are very reliable even 
though they promise a lot. Lastly, data fusion and clustering data fusion methods have also been suggested to facilitate scalable 
learning in large autonomous systems based on fuzzy. These methods enhance effectiveness and strength by organizing 
multimodal sensory data prior to learning (Abdallaoui et al., 2023; Najem et al., 2023). Nevertheless, clustering is commonly 
used as a preprocessing measure, still not as a completely incorporated part of adaptive control. A gap analysis was made 
specifically on representative literature on hybrid control, soft computing, and adaptive learning in autonomous systems 
(Benmachiche et al., 2025; Liu et al., 2025). To represent various methodological trends, such as model-based and learning-
based integration, fuzzy and a hybrid between reinforcement learning, safety-aware adaptation, and prediction-integrated 
planning were chosen. Their main approaches, key discoveries and the main constraints that lead to the recommended hybrid 
soft computing and adaptive learning system are outlined in Table 1. 
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Table 1  
Comparative literature gap analysis of hybrid soft computing and adaptive learning approaches for intelligent autonomous 
systems 

S. 
No. 

Author(s) / 
Year / Ref. 
No. 

Title / Focus Area Methodology / 
Tools Used Key Findings Limitations / Gaps 

Identified 
Relevance to the Current 
Study 

1 
Fathima & 
Selvaraju 
(2025)  

Model-based and model-
free integration for 
autonomy 

Hybrid analytical + 
learning-based 
control 

Hybrid control improves 
robustness under 
uncertainty 

Limited treatment of 
online adaptive 
stability 

Supports need for structured 
hybrid soft-adaptive control 

2 Arunprasad et 
al. (2023)  

Neuro-fuzzy-genetic 
control 

Fuzzy inference + 
genetic 
optimization 

Enhances control 
accuracy via soft 
computing 

Mostly offline tuning; 
scalability issues 

Motivates adaptive learning 
replacing heavy evolutionary 
tuning 

3 Haighton et al. 
(2024)  

Fuzzy reinforcement 
learning 

Fuzzy rules 
embedded in RL 

Improves learning in 
non-stationary systems 

Rule design and real-
time integration 
remain open 

Aligns with fuzzy + adaptive 
learning fusion 

4 
IEEE T-
Cybernetics 
(2023) 

Safe adaptive RL for 
vehicles 

Constrained 
reinforcement 
learning 

Learning with safety 
guarantees is feasible 

Requires strict state 
constraints 

Basis for stability-aware 
adaptive learning 

5 Lorang et al. 
(2024)  

Hierarchical RL with 
symbolic planning 

RL + symbolic 
planning 

Enhances adaptability in 
open environments 

High integration 
complexity 

Shows benefit of combining 
learning and structured 
reasoning 

6 
González-
Santamarta et 
al. (2024)  

Hybrid cognitive robot 
architecture 

Perception–
planning–control 
integration 

Enables coordinated 
autonomous behavior 

Weak coupling with 
learning adaptation 

Motivates tighter control–
learning coupling 

7 Benmachiche 
et al. (2025) 

PSO–APF hybrid path 
planning 

Optimization + 
potential fields 

Efficient obstacle 
avoidance 

Parameter-sensitive; 
no learning adaptation 

Highlights need for learning-
driven hybrid planning 

8 Liu et al. 
(2025) 

Prediction-integrated 
planning 

Prediction + 
motion planning 

Improves 
responsiveness to 
dynamic agents 

Dependent on 
prediction reliability 

Supports adaptive learning 
under distribution shift 

 
All in all, the literature demonstrates significant advances in hybrid intelligence and adaptive learning models of autonomous 
systems. Nonetheless, the major shortcoming has been a lack of integration. Most frameworks see learning as a supporting 
component or optimization which does not guarantee long-term stability and interpretability. The given gap drives the creation 
of hybrid architectures unifying soft computing and adaptive learning by interplaying dynamically in the framework of stable 
control systems. 
  
3. Methodology 
  
This paper suggests a hybrid adaptive intelligence-based architecture which combines model-based control, soft computing 
and learning based adaptation in an effort to overcome nonlinearities and uncertainty in autonomous robotic systems in a 
synergistic manner. The methodology is designed in a way that will provide robustness, interpretability, and real-time 
flexibility through the combination of fuzzy reasoning, neural learning, and reinforcement-based policy optimization. The 
general process flow is structured into sensing, hybrid decision-making, adaptive control and feedback-driven learning levels, 
which allow stable execution when exposed to dynamic and partially unknowing environments (Fathima & Selvaraju, 2025; 
Venugopal & Sharma, 2025). 
 
3.1 Overall Framework Architecture 
 

The architecture suggested is a Hybrid Soft Computing-Adaptive Learning Architecture (HSCA-LA) which is aimed at 
attaining steady, explainable, and adaptable autonomy within fluctuating surroundings.  
 

 
 
Fig. 1. Overall architecture of the proposed Hybrid Soft Computing–Adaptive Learning framework for intelligent autonomous 
systems. 
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The proposed framework has a bidirectional connection between soft computing inference and online adaptive learning, unlike 
the traditional hybrid controllers where learning is a peripheral optimization layer. The design of this ensures that knowledge 
learnt actively re-configures control rules without changing bounded system behavior. As illustrated in Fig. 1, the framework 
comprises five modules that are closely interacting; (i) perception and state encoding, (ii) fuzzy inference-based decision 
layer, (iii) evolutionary optimization unit, (iv) adaptive learning module and (v) control execution with stability supervision. 
The perception module will combine sensory inputs into a lean state representation, which is governed by embodied 
intelligence and hybrid cognition principles (Lee, 2025). The fuzzy inference engine and the adaptive learner process this 
encoded state simultaneously allowing parallel reasoning and learning. 
 
3.2 Perception and State Representation 
 
Let the system state at time step t be represented as Eq. (1): 
 
𝑠𝑠𝑡𝑡 = [𝑥𝑥𝑡𝑡 , 𝑦𝑦𝑡𝑡 , 𝑣𝑣𝑡𝑡 ,𝜃𝜃𝑡𝑡 , 𝑒𝑒𝑡𝑡] (1) 

 
where, xt and yt denote spatial position coordinates, vt represents velocity, θt denotes orientation, and 
et captures environmental features extracted from onboard sensors. The environmental feature vector et is developed with the 
help of the fuzzy-based clustering to cope with the uncertainty and heterogeneity of sensory information according to the 
principles stated in the large-scale systems of fusion learning (Najem et al., 2023). This representation provides resistance to 
sensor noise and partial observability which is typical of real-world autonomous systems (Kishor et al., 2025). 
 
3.3 Fuzzy Inference and Rule-Based Reasoning Layer 
 
The central part of the decision-making engages a TakagiSugeno-style fuzzy inference system (FIS) that will be used to 
convert system states into control actions. Each fuzzy rule is defined as Eq. (2): 
 
𝑅𝑅𝑅𝑅𝑅𝑅𝑒𝑒𝑖𝑖: 𝐼𝐼𝐼𝐼 𝑠𝑠𝑡𝑡 ∈ 𝐹𝐹𝑖𝑖  𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑢𝑢𝑡𝑡𝑖𝑖 = 𝐾𝐾𝑖𝑖𝑠𝑠𝑡𝑡 (2) 

 
where, Fi represents the fuzzy membership region of the i-th rule, Ki is the rule-specific gain matrix, and i

tu denotes the local 
control action. The aggregated control output from the fuzzy layer is computed as Eq. (3): 
 

𝑢𝑢𝑡𝑡𝐹𝐹 =
∑ 𝜇𝜇𝑖𝑖(𝑠𝑠𝑡𝑡)𝑢𝑢𝑡𝑡𝑖𝑖𝑁𝑁
𝑖𝑖=1

∑ 𝜇𝜇𝑖𝑖(𝑠𝑠𝑡𝑡)𝑁𝑁
𝑖𝑖=1

 
(3) 

 
where ( )i tsµ denotes the membership degree of state st to the i-th fuzzy rule. This formulation allows smooth interpolation 
between control behaviors and has been shown to improve robustness in dynamic navigation tasks (Lee, 2025). 
 
3.4 Evolutionary Optimization of Fuzzy Parameters 
 
The fuzzy rule parameters are then optimization in an evolutionary strategy which is based on swarm intelligence to avoid 
manual tuning and increase the adaptability of the fuzzy rule. The optimization problem is as Eq. (4): 
 

𝐽𝐽 =  ��𝛼𝛼 ∥ 𝑠𝑠𝑡𝑡 − 𝑠𝑠𝑡𝑡
𝑟𝑟𝑟𝑟𝑟𝑟 ∥ 2 + 𝛽𝛽 ∥ 𝑢𝑢𝑡𝑡 ∥2�

𝑇𝑇

𝑡𝑡=1

 
 

(4) 

 
where, st

ref is the reference state, α and β are weighting coefficients controlling tracking accuracy and control effort, 
respectively. Evolutionary operators update the fuzzy parameters ΘF as Eq. (5): 
 
𝛩𝛩𝐹𝐹

(𝑘𝑘+1) = 𝛩𝛩𝐹𝐹
(𝑘𝑘) + 𝜂𝜂 ⋅ 𝛥𝛥𝛩𝛩𝐹𝐹  (5) 

where η is the learning rate and ΔΘF is the swarm-derived update direction. The optimization process enhances faster 
convergence, and local minima are prevented, which is compatible with the results of hybrid swarm–learning systems (Gupta 
et al., 2024). 

3.5 Adaptive Learning and Policy Refinement Module 

The adaptive learning module optimizes decision policies on-line based on positive feedbacks of task performance. The 
learning objective can be formulated as Eq. (6): 
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𝑄𝑄(𝑠𝑠𝑡𝑡 , 𝑎𝑎𝑡𝑡) ← 𝑄𝑄(𝑠𝑠𝑡𝑡 , 𝑎𝑎𝑡𝑡) + 𝜆𝜆 �𝑟𝑟𝑡𝑡 + 𝛾𝛾max

𝑎𝑎
𝑄𝑄 (𝑠𝑠𝑡𝑡 +1 , 𝑎𝑎) − 𝑄𝑄(𝑠𝑠𝑡𝑡 , 𝑎𝑎𝑡𝑡)� (6) 

where, Q(⋅) denotes the action-value function, rt is the reward signal, γ is the discount factor, and λ is the adaptive learning 
rate. In contrast to the traditional deep reinforcement learning methods (Raj & Kavitha, 2025), the suggested framework 
returns the learned policy adjustments to the fuzzy rule base to allow changing the weights of the rules dynamically as shown 
in Eq. (7): 

 

𝐾𝐾𝑖𝑖𝑛𝑛𝑛𝑛𝑛𝑛 = 𝐾𝐾𝑖𝑖𝑜𝑜𝑜𝑜𝑜𝑜 + 𝛿𝛿 ⋅ 𝛻𝛻𝛻𝛻 (7) 

where δ regulates the impact of gradients of learning on the model of adaptation of the rule. The bi-directional feedback is a 
crucial factor in maintaining a constant learning process without disrupting the control framework as it mitigates some of the 
most critical shortcomings of lifelong learning systems (Bu et al., 2024). 

3.6 Stability-Aware Control Constraint 
In order to ensure safe running conditions in case of online learning, adaptive updates are limited with the preset stability 
limits as shown in Eq. (8): 

 

∥ 𝑢𝑢𝑡𝑡 ∥≤ 𝑢𝑢𝑚𝑚𝑚𝑚𝑚𝑚 , ∥ 𝛩𝛩𝐹𝐹 ∥≤ 𝛩𝛩𝑚𝑚𝑚𝑚𝑚𝑚  (8) 

These requirements maintain that the changes in parameters of learning are not physically or safety overly limiting, consistent 
with the philosophy of safe adaptive control (Ren et al., 2024). Table 2 outlines the main elements of the proposed 
methodology and their functional values and learning nature. Such a structured representation helps understand the role of 
each module towards strength, flexibility, and accuracy in computation in the overall setup (Govardhan et al., 2024). 
 
Table 2  
Description of key parameters used in the proposed hybrid soft computing and adaptive learning framework. 

Parameter Description 
α, β Tracking and control effort weights 
η Evolutionary optimization learning rate 
λ Adaptive learning rate 
γ Reward discount factor 

    umax  Maximum allowable control input 

3.7 Proposed Hybrid Learning Algorithm 

The entire procedure can be summed up in the algorithm presented below (Algorithm 1), which shows how fuzzy inference, 
evolutionary optimization, and adaptive learning interact. Fig. 2 shows the internal flow of the proposed hybrid learning 
algorithm showing how sensory data are converted into control actions based on a fuzzy inference, neural adaptation and 
policy refinement. The close feedback loop will allow continuous performance improvement and stability of the system when 
learning online (Arunprasad et al., 2023). 

 
Fig. 2. Flowchart of the proposed Hybrid Soft Computing–Adaptive Learning algorithm. 
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Algorithm 1: Hybrid Adaptive Neuro-Fuzzy Reinforcement Learning Control 
1. Initialize fuzzy inference rules and control parameters using prior knowledge. 
2. Acquire system state and compute control action through soft computing inference. 
3. Apply the control action to the autonomous system and observe environmental feedback. 
4. Update adaptive learning parameters based on performance error and reward signal. 
5. Refine fuzzy rule weights using the updated learning parameters. 
6. Repeat Steps 2–5 until convergence or task completion. 

 
3.8 Methodological Significance 

The adaptive learning is directly implemented into the fuzzy inference structure in the proposed methodology, which enables 
the simultaneous adaptability, interpretability, and stability. Such a single design is what makes the framework stand out 
compared to current hybrid systems that perceive learning and control as loosely coupled modules (Jain et al., 2025). The 
architecture thus emerged is especially appropriate to real-time autonomous systems that work in unpredictable and changing 
environments. 

4. Results 

This part tests the functionality of the suggested hybrid soft computing and adaptive learning model in dynamic and uncertain 
operating environments. The three areas of concern of the analysis include (i) accuracy of control and efficiency in tasks, (ii) 
adaptability in changing environments, and (iii) stability and safety in online learning. They are also compared with exemplary 
hybrid and learning-based baselines that have been reported in the literature such as model-based/model-free hybrids (Fathima 
& Selvaraju, 2025), swarm-deep learning integration (Gupta et al., 2024), neuro-fuzzy-genetic controllers (Arunprasad et al., 
2023), fuzzy reinforcement learning schemes (Haighton et al., 2024), and safety-conscious reinforcement learning systems 
(Jaafar et al., 2026). 

4.1 Control Accuracy and Task Efficiency 

Accuracy of performing the tasks according to the criteria of the error in trajectory tracking and the successful completion 
rate of tasks are the main performance indicators. Table 3 provides the quantitative comparison of the proposed framework 
and some of the baseline approaches. 
 
Table 3  
Comparative performance analysis with existing hybrid and learning-based methods. 

Method Reference Control Accuracy (%) Adaptation Time (s) Stability Index 
Model-based + model-free hybrid Fathima & Selvaraju (2025) 88.4 3.6 Moderate 
Swarm + deep learning Abu Laila, D. (2025) 90.1 3.2 Moderate 
Neuro-fuzzy-genetic controller González-Santamarta et al., (2024) 91.3 4.1 High 
Fuzzy reinforcement learning Haighton et al., (2024) 92 3.4 High 
Safe reinforcement learning Grigoriev et al., (2024) 89.6 3.9 Very High 
Proposed hybrid soft-adaptive framework — 95.2 2.6 Very High 

The proposed approach has the best control accuracy amongst all the compared methods with an improvement of about 3-5 
percent over the hybrid fuzzy and reinforcement based methods. This benefit can be explained by the fact that the combination 
of the fuzzy inference and adaptive learning enables the system to react to nonlinear changes in a smooth manner, as well as 
optimizing its policy on the online basis. On the contrary, methods based on evolutionary optimization, like neuro-fuzzy-
genetic controllers (Arunprasad et al., 2023), are highly stable but slower to adapt because they are tuned by a population. 
Models based on learning, such as swarm deep learning models (Gupta et al., 2024), are faster to learn, but with increased 
oscillations at state changes. 

4.2 Adaptability under Dynamic Conditions 

Adaptability was measured by using disturbances and system parameter variations that change over time. Fig. 3 shows the 
convergence behavior of the various controllers. The suggested framework is convergent faster than fuzzy reinforcement 
learning (Haighton et al., 2024) and the hybrids based on hierarchical learning (Lorang et al., 2024), but has limited 
fluctuations. This action implies how the inciting soft computing inference stabilizes abrupt policy adjustments in the learning 
process. Pure learning-based methods are easily adaptive, but can easily overshoot and stabilize particularly where reward 
functions are noisy. In contrast to it, the hybrid approach combines rule-based reasoning with parameter refinement, which 
decreases temporary instability. Evidence of comparative hybrid systems enhanced the responsiveness but the performance is 
highly dependent on the reliability of forecasting (Liu et al., 2025). In the current setup, adaptability is due to immediate 
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feedback and not long-horizon prediction that is better in an environment where stochastic variation is observed to occur. This 
is especially so when it comes to real-time robotic systems that are run without full prior knowledge. 

 

Fig. 3. Learning convergence and adaptation response under dynamic disturbances. 

4.3 Stability and Safety Characteristics 

Bounded-error criteria and frequency of constraint violation were used to measure stability of the system. Table 3 has a 
stability index that is a measure of the variation of the control signals in the learning process. The suggested approach is very 
high in stability classification (case) as compared to constrained safe reinforcement learning (Liu et al., 2025) and higher than 
traditional hybrid designs (Fathima & Selvaraju, 2025). Fig. 4 indicates, Safety-conscious learning algorithms explicitly 
represent state constraints (Jaafar et al., 2026), cost implies limited exploration, but may impair adaptability. The framework 
suggested implicitly initiates stability by fuzzy modulation of rules, which gives the option of adapting to it without breaking 
the operational boundaries. The current strategy employs continuous control representation as opposed to the symbolic 
planning hybrids (Lorang et al., 2024), which uses predetermined abstractions, which makes them less brittle in the face of 
sensor noise. These are similar to the previous studies that found that soft computing structures have the ability to make the 
transition to learning a smooth process (León, 2024), whereas the purely neural counterparts can increase the noise in gradient 
updates. Adaptive learning with fuzzy reasoning can therefore be seen as a convenient trade-off between exploration and 
safety. 

 

Fig. 4. Control signal smoothness and stability under online adaptation. 
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4.4 Ablation Study 

The ablation study was conducted to test the relevance of each component of the theoretical framework offered. Three variants 
that were reduced were (i) fuzzy-only controller (Variant A), (ii) learning-only controller (Variant B), and (iii) hybrid 
controller with no stability constraint (Variant C). The entire model consists of the fuzzy inference, adaptive learning, and 
limited update control. 
 
Table 4 
Ablation study results of the proposed framework. 

Configuration Control Accuracy (%) Adaptation Time (s) Stability Index 
Variant A: Fuzzy-only 89.1 3.8 High 

Variant B: Learning-only 90.4 3.3 Moderate 
Variant C: Hybrid (no constraint) 93 2.9 Moderate 

Full Model (Proposed) 95.2 2.6 Very High 

Table 4 displays that the fuzzy-only variant displays stable behavior, though with limited adaptability whilst the learning-only 
variant displays higher control fluctuations that adapt quicker. The free hybrid is more accurate, but less stable. The complete 
model would reach the optimum balance between fuzzy inference and adaptive learning in limited updates and this supports 
the fact that the two are essential in the autonomous and smooth control (Jaafar et al., 2026; Haighton et al., 2024). 
 
4.5 Reproducibility and Implementation Details 
 
All experiments were to be done in the same fixed simulation environment and with the same initial conditions in comparative 
methods to guarantee reproducibility. The same initial parameters of the fuzzy rule base and adaptive learning were used in 
all the trials. The effectiveness of the performance, such as control accuracy, adaptation time, and stability index, were 
calculated on the various independent runs and the reported values are the average values. Baseline settings were set up 
according to the methodological accounts of related hybrid and learning-based studies (Fathima & Selvaraju, 2025; 
Arunprasad et al., 2023; Haighton et al., 2024). All the models were tested with the same disturbance profiles and task 
scenarios, in order to achieve fair comparison. The main hyper parameters such as the learning rate and bound to the update 
of the rules were kept constant unless noted otherwise. The pipeline of the experimental process, preprocessing of the data, 
the execution of the controller, and the metric evaluation are all described by a deterministic pipeline, which allows repeating 
the reported results with the same parameters. 
 
5. Discussion 

According to the experimental findings, the performance benefits of the proposed hybrid framework are likely to be based on 
the organized interplay of soft computing inference and adaptive learning as opposed to numerical optimization per se. The 
fuzzy reasoning layer is used to moderate the online changes in policies, and this helps ease the oscillations and enhance a 
smoother convergence in the process of adaptation. It is the support of the main premise of the research that it is through 
integrating uncertainty-driven inference into adaptive learning that responsiveness and stability can be achieved, overcoming 
the frailty of purely model-based and purely rule-based controllers. 

The proposed approach is faster to adapt and at the same time provides control smoothness as compared to the current hybrid 
model-based and model-free integration strategies (Fathima & Selvaraju, 2025). The current framework complies with 
continuous online learning with a low overhead compared to neuro-fuzzy-genetic techniques, which are based on offline 
evolutionary optimization and being expensive in terms of computations (Arunprasad et al., 2023). The proposed method 
overcomes the problem of having a gradual evolution of rule parameters in contrast to fuzzy reinforcement learning methods 
of non-stationary environments (Haighton et al., 2024) which typically need manually crafted rule bases, enhancing the trade-
off between adaptability and interpretability. Controlled scenarios are also a limitation of the study, which needs validation in 
heterogeneous platforms and large-scale multi-agent systems, and future research should focus on the wider application of the 
study in the real world, by experimentally deploying it in large autonomous systems in diverse environments around the world. 

6. Conclusion and Future work 

This paper introduced a hybrid soft computing and adaptive learning system of intelligent autonomous systems that are 
deployed in uncertain and dynamically changing environments. The proposed method has a trade-off between the ability to 
be adaptive and stability in control by combining fuzzy inference with online learning. As shown by the experimental 
assessment, the organized communication between inference and learning enhances the accuracy and minimizes the temporary 
fluctuations in comparison with the traditional hybrid and learning-based techniques. The results here corroborate the main 
assumption that uncertainty-sensitive thinking can serve to stabilize adaptive control by providing prior systems and 
demonstrating its functionality on physical robotic systems. Moreover, the ability to incorporate predictive perception 



 618 

modules and domain-specific constraints may also be an addition that would increase the resilience in intensely stochastic 
operational environments. 

Acknowledgement 

This work was supported by the Deanship of Scientific Research, Vice Presidency for Graduate Studies and Scientific 
Research, King Faisal University, Saudi Arabia (Grant No. KFU260501). 
 
References 
 
Abdallaoui, S., Ikaouassen, H., Kribeche, A., Chaibet, A., & Aglzim, E.-H. (2023). Advancing autonomous vehicle control 

systems: An in-depth overview of decision-making and manoeuvre execution state of the art. The Journal of Engineering. 
https://doi.org/10.1049/tje2.12333 

Abu Laila, D., Aljawarneh, M., Al-Na’amneh, Q., & Bin Sulaiman, R. (2025). Optimizing Intrusion Detection Systems 
through Benchmarking of Ensemble Classifiers on Diverse Network Attacks. STAP Journal of Security Risk Management, 
2025(1), 71–84. https://doi.org/10.63180/jsrm.thestap.2025.1.4  

Agamalov, O. N. (2025). A hybrid adaptive neuro-fuzzy inference system and physics-informed neural network (ANFIS-
PINN) for complex system modeling. International Journal of Intelligent Information Systems, 14(3), 60–69. 
https://doi.org/10.11648/j.ijiis.20251403.12  

Akbarzadeh-T, M. R., Kumbla, K., Tunstel, E., & Jamshidi, M. (2000). Soft computing for autonomous robotic 
systems. Computers & Electrical Engineering, 26(1), 5-32.  

Alzaydi, K., Abedalrhman, K., Alotaibi, I., & Alessa, F. (2024). Advancing autonomous vehicle navigation through hybrid 
fuzzy-neural network training systems. Advances in Research. https://doi.org/10.9734/air/2024/v25i51164  

Arunprasad, V., Gupta, B., Karthikeyan, T., & Ponnusamy, M. (2023). Hybrid neuro-fuzzy-genetic algorithms for optimal 
control of autonomous systems. ICTACT Journal on Soft Computing, 13(4), 3015–3020. 
https://doi.org/10.21917/ijsc.2023.0424  

Ayoub, A., & Shamma, J. S. (2020). Verifiable reinforcement learning for intelligent autonomous systems in uncertain 
environments. IEEE Transactions on Automatic Control, 65(9), 3724–3739. https://doi.org/10.1109/TAC.2020.2977412 

Benmachiche, M., Derdour, M., Kahil, M. S., Ghanem, M. C., & Deriche, M. (2025). Adaptive hybrid PSO–APF algorithm 
for advanced path planning in next-generation autonomous robots. Sensors, 25(18), Article 5742. 
https://doi.org/10.3390/s25185742  

Bu, Q., Zhu, Z., Zhang, Y., & Wang, Z. (2024). Advancing autonomy through lifelong learning: A survey of autonomous 
intelligent systems. Frontiers in Neurorobotics. https://doi.org/10.3389/fnbot.2024.1385778  

Ejalonibu, K. (2025). Neuro-symbolic architectures with artificial intelligence for collaborative control and intention 
prediction. GSC Advanced Research and Reviews. https://doi.org/10.30574/gscarr.2025.24.3.0288  

Fathima, S. N., & Selvaraju, P. (2025). Integration of model-based and model-free approaches for robust autonomous system 
design. In Proceedings of the book/chapter volume (pp. 66–94). https://doi.org/10.71443/9789349552982-03  

Gómez Fernández, Y., Leyva Retureta, J. G., Aldana Franco, R., Sánchez, E., & Franco, F. (2023). Implementation in an 
electronic development board of a hybrid computational learning system for the optimization of artificial neural networks 
for autonomous mobile robots. In Proceedings of the IEEE Conference (pp. 110–115). 
https://doi.org/10.1109/comrob60035.2023.10349778  

González-Santamarta, M. Á., Rodríguez-Lera, F. J., Fernández, C., & Matellán Olivera, V. (2024). A hybrid cognitive 
architecture to generate, control, plan, and monitor behaviors for interactive autonomous robots. International Journal of 
Social Robotics. https://doi.org/10.1007/s12369-024-01192-4  

Govardhan, S. D., Pushpavalli, R., Kanth, T. V. R., & Ponmurugan, P. (2024). Advanced computational intelligence 
techniques for real-time decision-making in autonomous systems. International Journal of Computational and 
Experimental Science and Engineering, 10(4). https://doi.org/10.22399/ijcesen.591  

Grigoriev, D. A., Musaev, A. A., & Sokolov, B. (2024). From chaos to control: Leveraging multi-expert strategies for 
predictive accuracy in autonomous systems. Advances in Transdisciplinary Engineering. 
https://doi.org/10.3233/atde241279  

Grosvenor, A., Zemlyansky, A., Wahab, A., Bohachov, K., Doğan, A. A., & Deighan, D. (2025). Hybrid intelligence systems 
for reliable automation: Advancing knowledge work and autonomous operations with scalable AI architectures. Frontiers 
in Robotics and AI, 12. https://doi.org/10.3389/frobt.2025.1566623  

Guo, Y., Hu, X., Hu, B., Cheng, J., Zhou, M., & Kwok, R. Y. (2017). Mobile cyber physical systems: Current challenges and 
future networking applications. IEEE Access, 6, 12360-12368.  

Gupta, B., Dusane, A. V., Patil, D., Mane, Y. D., Raut, S., & Agrawal, A. (2024). Enhancing adaptive learning and decision-
making systems using swarm intelligence and deep learning for advanced AI applications. ICTACT Journal on Soft 
Computing, 15(2), 3482–3490. https://doi.org/10.21917/ijsc.2024.0486  

Haighton, R., Asgharnia, A., Schwartz, H. M., & Givigi, S. (2024). An adaptable fuzzy reinforcement learning method for 
non-stationary environments. Neurocomputing, Article 128309. https://doi.org/10.1016/j.neucom.2024.128309  

https://doi.org/10.1049/tje2.12333
https://doi.org/10.63180/jsrm.thestap.2025.1.4
https://doi.org/10.11648/j.ijiis.20251403.12
https://doi.org/10.9734/air/2024/v25i51164
https://doi.org/10.21917/ijsc.2023.0424
https://doi.org/10.1109/TAC.2020.2977412
https://doi.org/10.3390/s25185742
https://doi.org/10.3389/fnbot.2024.1385778
https://doi.org/10.30574/gscarr.2025.24.3.0288
https://doi.org/10.71443/9789349552982-03
https://doi.org/10.1109/comrob60035.2023.10349778
https://doi.org/10.1007/s12369-024-01192-4
https://doi.org/10.22399/ijcesen.591
https://doi.org/10.3233/atde241279
https://doi.org/10.3389/frobt.2025.1566623
https://doi.org/10.21917/ijsc.2024.0486
https://doi.org/10.1016/j.neucom.2024.128309


U. Mamodiya et al.  /International Journal of Data and Network Science 10 (2026) 

 

 

619 

Ho, M., Ang, S., Huy, S., & Janarthanan, M. (2026). MUMSPI: A Model for Usability Measurement of Single-Platform 
Interface for Multi-Tasking in Big Data Tools. Jordanian Journal of Informatics and Computing, 2026(1), 1–14. 
https://doi.org/10.63180/jjic.thestap.2026.1.1  

Jaafar, H. S., Abed, A. A., & Al-Shareeda, M. A. (2026). A Secure Industrial Internet of Things (IIoT) Framework for Real-
Time PI Control and Cloud-Integrated Industrial Monitoring. STAP Journal of Security Risk Management, 2026(1), 77–
86. https://doi.org/10.63180/jsrm.thestap.2026.1.5  

Jain, R., Parmar, K. J., Palaniappan, D., & Premavathi, T. (2025). Hybrid control systems. In Advances in Computational 
Intelligence and Robotics (pp. 37–62). https://doi.org/10.4018/979-8-3693-7812-0.ch002  

Kishor, I., Mamodiya, U., Patil, V., et al. (2025). AI-integrated autonomous robotics for solar panel cleaning and predictive 
maintenance using drone and ground-based systems. Scientific Reports, 15, 32187. https://doi.org/10.1038/s41598-025-
17313-6 

Kishor, I., Mamodiya, U., Saini, S., Almaiah, M. A., & Gandhi, V. (2025). An Internet of Things-enabled adaptive robotic 
framework for autonomous navigation in smart campus and urban mobility systems. Robotica, 1–34. 
https://doi.org/10.1017/S026357472510283X  

Lee, D. (2025). Design consideration of autonomous robots based on embodied intelligence. Clinical Research and Clinical 
Trials, 12(4), 1–6. https://doi.org/10.31579/2693-4779/266  

León, M. (2024). Fuzzy cognitive maps bridging transparency and performance in hybrid AI systems. International Journal 
of Soft Computing, 15(3), 17–37. https://doi.org/10.5121/ijsc.2024.15302  

Liu, H., Huang, Z., Huang, W., Yang, H., Mo, X., & Lv, C. (2025). Hybrid-prediction integrated planning for autonomous 
driving. IEEE Transactions on Pattern Analysis and Machine Intelligence, 1–18. 
https://doi.org/10.1109/tpami.2025.3526936  

Lorang, P., Horváth, H., Kietreiber, T., Zips, P., Heitzinger, C., & Scheutz, M. (2024). Adapting to the “open world”: The 
utility of hybrid hierarchical reinforcement learning and symbolic planning. In Proceedings of the IEEE International 
Conference on Robotics and Automation (ICRA) (Vol. 58, pp. 508–514). 
https://doi.org/10.1109/icra57147.2024.10611594  

Mandal, S., & O’Connor, N. E. (2025). CogTwin: A hybrid cognitive architecture framework for adaptable and cognitive 
digital twins. In Proceedings of IJCAI 2025 (pp. 9286–9295). https://doi.org/10.24963/ijcai.2025/1032  

McKee, D. W., Clement, S. J., Almutairi, J., & Xu, J. (2018). Survey of advances and challenges in intelligent autonomy for 
distributed cyber‐physical systems. CAAI Transactions on Intelligence Technology, 3(2), 75-82.  

Melin, P., & Castillo, O. (2005). Hybrid intelligent systems for pattern recognition using soft computing: an evolutionary 
approach for neural networks and fuzzy systems (Vol. 172). Springer Science & Business Media.  

Melis, M., De Sanctis, M., Inverardi, P., & Malizia, A. (2025). Hybrid autonomy: Towards a unified framework on 
adaptability and ethical trust in autonomous systems. Frontiers in Artificial Intelligence and Applications. 
https://doi.org/10.3233/faia250628  

Mhammed, K. (2025). Cyber Intelligence &amp; Moroccan National Security: What Strategy for Managing and Mitigating 
Cyber Threats against Future Sporting Events. Journal of Cyber Security and Risk Auditing, 2025(4), 366–383. 
https://doi.org/10.63180/jcsra.thestap.2025.4.12  

Najem, H. M., Abdulhussein, T. A., Ali, M. H., & Hameed, A. S. (2023). Fuzzy-based clustering for larger-scale deep learning 
in autonomous systems based on fusion data. Journal of Intelligent Systems and Internet of Things, 12(1), 71–87. 
https://doi.org/10.54216/jisiot.090105  

Raj, & Kavitha, B. (2025). Deep Q-network architectures for task planning and control in autonomous robotic systems. In 
Proceedings of the book/chapter volume (pp. 269–296). https://doi.org/10.71443/9789349552982-10  

Ren, T., Chen, X., & Gu, G. (2024). Robust adaptive control for a class of autonomous vehicle platoons. International Journal 
of Adaptive Control and Signal Processing. https://doi.org/10.1002/acs.3790 

Stavrinidis, S., & Zacharia, P. (2024). An ANFIS-based strategy for autonomous robot collision-free navigation in dynamic 
environments. Robotics, 13(8), Article 124. https://doi.org/10.3390/robotics13080124  

Vachtsevanos, G., Lee, B., Oh, S., & Balchanos, M. (2018). Resilient design and operation of cyber physical systems with 
emphasis on unmanned autonomous systems. Journal of Intelligent & Robotic Systems, 91(1), 59-83.  

Venugopal, & Sharma, A. (2025). Hybrid soft computing for enhanced learning and optimization. In Proceedings of the 
book/chapter volume (pp. 31–40). https://doi.org/10.4018/979-8-3693-6864-0.ch002  

Waqar, M., Bhatti, I., & Khan, A. H. (2024). Leveraging machine learning algorithms for autonomous robotics in real-time 
operations. International Journal of Advanced Engineering Technologies and Innovations, 4(1), 1-24. 

  

 

 

 

  

https://doi.org/10.63180/jjic.thestap.2026.1.1
https://doi.org/10.63180/jsrm.thestap.2026.1.5
https://doi.org/10.4018/979-8-3693-7812-0.ch002
https://doi.org/10.1038/s41598-025-17313-6
https://doi.org/10.1038/s41598-025-17313-6
https://doi.org/10.1017/S026357472510283X
https://doi.org/10.31579/2693-4779/266
https://doi.org/10.5121/ijsc.2024.15302
https://doi.org/10.1109/tpami.2025.3526936
https://doi.org/10.1109/icra57147.2024.10611594
https://doi.org/10.24963/ijcai.2025/1032
https://doi.org/10.3233/faia250628
https://doi.org/10.63180/jcsra.thestap.2025.4.12
https://doi.org/10.54216/jisiot.090105
https://doi.org/10.71443/9789349552982-10
https://doi.org/10.1002/acs.3790
https://doi.org/10.3390/robotics13080124
https://doi.org/10.4018/979-8-3693-6864-0.ch002


 620 

     

© 2026 by the authors; licensee Growing Science, Canada. This is an open access article distributed under the terms and 
conditions of the Creative Commons Attribution (CC-BY) license (http://creativecommons.org/licenses/by/4.0/). 

 


	3.8 Methodological Significance

