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Abstract


In recent years, with the deepening research on exoskeletons for children with cerebral palsy, increasing evidence has highlighted their unique characteristics. Unlike adult exoskeletons, pediatric exoskeletons cannot be simply realized by scaling down adult designs; instead, special attention must be given to their unique training requirements. Although current studies have incorporated specific design adaptations and summarized the distinct features of these devices, a comprehensive review of control strategies remains lacking. This study adopts a structured narrative review approach, referencing the PRISMA framework to enhance transparency in the literature selection. Relevant publications were identified based on clearly defined inclusion and exclusion criteria, but no formal systematic review or meta-analysis was conducted. The exoskeleton control strategies from the 106 selected articles are classified using a hierarchical framework, dividing them into the supervision layer, action layer, and execution layer, with a further categorization into 12 specific control methods. Findings indicate that the supervision level primarily employs finite state machines and linear phase estimation, while the action level predominantly utilizes position trajectory control, torque trajectory control, and impedance control. At the execution level, closed-loop torque control and position control are commonly adopted. Overall, existing studies still face challenges in personalized adaptation, real-time control, and application scenarios. With advancements in controller hardware and the introduction of novel actuators, emerging technologies such as machine learning, virtual constraints, and sliding mode control may offer promising directions for future pediatric exoskeleton control design.
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1. Introduction


Children with cerebral palsy (CP) experience motor impairments due to neurological damage. Improving their walking ability requires effective support from assistive devices, among which the cerebral palsy lower-limb exoskeleton (CPLLE) is a critical tool. Unlike adult exoskeleton systems, CPLLE—similar to other pediatric rehabilitation robots—remains at an early stage of clinical application, and there is still no consensus on the optimal characteristics such devices should possess for children. Early CPLLE designs were adapted from adult exoskeletons by simply scaling down their size; however, this approach was later dismissed due to the failure to account for critical pediatric-specific factors such as lower joint torque and limited cognitive abilities [1].



With deeper research, the target population for CPLLE has been more clearly identified, highlighting features such as a wide developmental span, low load-bearing capacity, limited cognitive understanding, significant individual variability, and complex gait patterns. As a result, design considerations have expanded beyond their basic function to emphasize usability, adjustability, and customization to meet the specific needs of children with CP [2]. While it is now widely accepted that “CPLLE is not a scaled-down version of adult exoskeletons”, existing studies still lack a structured examination and in-depth analyzes on how control strategies should be adapted to the unique characteristics of children.



As a core component of CPLLE systems, control strategies facilitate efficient human–machine interaction, provide dynamic motion assistance, and support the modulation of rehabilitation goals. They also help compensate for actuator rigidity, improve compliance, and enhance adaptability. Although existing reviews on CPLLE control strategies [3,4] have proposed hierarchical classifications, their limited scope has led to coarse categories that offer insufficient guidance for practical system development. In the development of CPLLE control strategies, researchers often still rely on well-established reviews in the field of adult lower-limb rehabilitation exoskeletons [5,6] as a foundational reference. However, due to the lack of systematic summaries specific to CPLLE as a distinct subcategory, directly applying control logic from adult exoskeletons may lead to strategies that fail to adequately accommodate the physiological and cognitive characteristics of children with CP, thereby hindering clinical adoption and commercial translation.



To further advance the clinical application and engineering optimization of CPLLEs, there is an urgent need to develop a targeted and structured classification framework for control strategies, clarify the specific needs of children with CP, and define a functional architecture that ensures comparability and reusability. Therefore, this study aims to bridge the current gap in the literature by reviewing nearly two decades of CPLLE research, with a particular focus on control strategy developments from the past five years.



Specifically, Section 2 introduces the objectives of control strategies, Section 3 outlines the classification methodology and literature search, Section 4 summarizes existing methods in a structured manner according to control hierarchy, and Section 5 presents control strategies that have been proven clinically effective. Finally, Section 6 draws key conclusions and highlights implications. By adopting a functional decomposition approach and employing a three-layer control theory classification, this study aims to help readers understand the implementation details of existing controllers, identify their distinguishing patterns, and provide theoretical support for future device design and clinical translation.




2. Control Strategy Design Objectives


2.1. Overall Design Objectives


From a system-level perspective, CPLLE control strategies must resolve two core challenges: firstly, aligning with the changing physiological and cognitive development of children with CP rather than relying on traditional static training methods; secondly, overcoming hardware constraints to enable personalized and compliant control.



2.1.1. Adapting to Pediatric CP Population Characteristics


Children with CP exhibit unique requirements in control strategy design that differ substantially from those of adults. While adult exoskeletons often target compensation and daily assistance, pediatric systems aim to promote neuroplasticity and motor recovery. Long-term and adaptive rehabilitation is essential to accommodate the evolving patient profile.



Unlike adults, children undergo continuous physiological and cognitive development, which is especially complex and variable in those with CP. As they grow, their height, weight, joint flexibility, muscle strength, and neuromotor control change significantly [7,8]. In addition to adjustable mechanical dimensions, control strategies must also adapt accordingly. Given the limited attention and cognitive maturity of pediatric users, the system should minimize reliance on active input and emphasize automation and user-friendly interaction.



In contrast to adult exoskeletons, which are often categorized into fully or partially assistive modes [5], rehabilitation in children with CP is a dynamic process. As recovery progresses, the level of active participation gradually increases. A binary classification of “active” versus “passive” control is insufficient to describe this gradual transition [4]. As illustrated in Figure 1, the level of machine assistance     F   M     should adjust in response to the patient’s active participation     F   P    , ranging from 0% to 100%. In early stages, children may rely entirely on passive support; as function improves, partial voluntary control should be encouraged, eventually progressing to active training or even resistance training. Therefore, CPLLE control strategies should dynamically adjust assistance intensity to cover a continuous segment of the rehabilitation spectrum, aiming to maximize voluntary motor engagement and promote gradual neuromotor recovery.




2.1.2. Compensation for Inherent Hardware Limitations


Despite differences in mechanical structures and actuation designs, all lower-limb exoskeletons exhibit inherent hardware limitations. For children with CP, these limitations are amplified due to their physiological fragility and cognitive immaturity [9], which may compromise both the safety and efficacy of rehabilitation. Therefore, control strategies must compensate for these hardware constraints.



Multi-joint exoskeletons often feature heavy rigid linkages and a large distal mass, leading to poor backdrivability and reduced transparency. In contrast, single-joint designs are lightweight and cost-effective but provide limited gait intervention and reduced kinematic feedback, constraining control performance and adaptability.



Although electric actuators are the mainstream choice for CPLLE due to their favorable torque-to-weight ratio and high control precision [2], they also introduce several challenges. These include a high structural rigidity, limited compliance, poor multi-dimensional interaction capability, high cost, and reduced adaptability [10].



In summary, every mechanical configuration entails trade-offs, and effective rehabilitation relies on adaptable control strategies to mitigate these limitations.





2.2. Specific Design Objectives


At the control level, the uniqueness of CPLLE lies in the need to establish specialized training objectives tailored to specific symptoms and target users, selecting appropriate control methods accordingly. The commonly identified training objectives can be categorized as follows:



2.2.1. Gait Improvement


Gait improvement is a fundamental objective in CPLLE design, encompassing both walking posture and walking energy consumption.



Posture improvement focuses on the geometric characteristics and motor control of gait, including postural stability, joint range of motion, gait symmetry, and rhythm. Among these, gait cycle symmetry and stability depend on joint coordination. This is typically achieved through time-linear gait phase (TLP) estimation, FSM-based phase recognition using sensor feedback, or model-predictive trajectory planning. Enhancing the joint range of motion relies on a precise control of the external torque applied by the exoskeleton through mechanical torque interventions. For instance, ankle exoskeletons may employ fixed assistive/resistive interventions [11], dynamically adjust torque according to joint angle variations [12], or utilize real-time knee joint prediction to provide adaptive assistance [13]. Energy efficiency aims to reduce the high metabolic cost associated with muscle weakness or spasticity by providing mechanical support and personalized assistance. This can involve minimizing muscle activation through targeted joint support [14], estimating real-time torque demands to optimize force delivery [15,16], or adjusting motion parameters to avoid over- or under-assistance [17,18].




2.2.2. Muscle Strength Training


CPLLE systems typically include muscle strength training functions, using motors or actuators to assist lower-limb movement, promote correct gait patterns, and enhance muscle activation. However, studies have shown [19] that muscle loading remains relatively low during gait training, with a limited engagement of the nervous system, thereby constraining training effectiveness. To further improve training outcomes, targeted muscle strength training strategies must be introduced.



Resistive training differs from traditional assistive training. It applies resistance during the gait cycle to encourage patients to exert a greater force actively, thereby enhancing neuromuscular engagement and improving lower-limb strength and motor control. In practical applications, this strategy is commonly used for knee extension [18,19] and ankle push-off [20], which are key gait actions. It relies on closed-loop control to dynamically adjust resistance in real time, ensuring adaptability to user needs and optimizing rehabilitation outcomes. The resistance is typically applied through magnetic braking mechanisms [21,22] or actively regulated via Bowden cable systems [20]. Notably, as resistive training requires a certain level of baseline muscle strength, and it is often combined with other training modalities to accommodate early-stage rehabilitation patients. For patients with insufficient muscle strength who cannot tolerate resistive training, functional electrical stimulation (FES)-assisted training offers an alternative. It is specifically designed for individuals with potential muscle responsiveness but inadequate strength [23,24]. This approach utilizes electrical stimulation as an external intervention, ensuring synchronization between electrical stimulation and CPLLE assistance at critical gait phases through FSM or similar control methods. By minimizing unintended stimulation that could disrupt natural motor patterns, this approach enhances the efficacy of neuromuscular training.




2.2.3. Abnormal Gait Correction


Another key design objective of CPLLE is the correction of abnormal gait patterns. Based on the anatomical regions affected and the kinematic characteristics of gait, abnormal gait in CP can be classified into spastic hemiplegia and spastic diplegia. Spastic hemiplegic gait includes drop foot and the unilateral equinus gait, while spastic diplegic gait encompasses crouch gait and jump gait [25]. Correspondingly, existing CPLLE correction strategies can be broadly categorized into hemiplegic exoskeletons, crouch gait exoskeletons, and equinus gait exoskeletons.



Hemiplegic exoskeletons primarily aim to correct gait asymmetry and improve patients’ weight-bearing capacity and abnormal movement trajectories. For example, HAL [26] employs a hybrid control strategy combining electromyography (EMG) and gait phase estimation to assist knee joint motion, while SLE [27] utilizes gravity compensation based on a dynamic model and impedance control (IC) to optimize gait adjustment and reduce the exoskeleton’s mechanical load. Additionally, a system described in [28] adapts real-time torque control to automatically adjust ankle assistance for different hemiplegic patients. Crouch gait exoskeletons focus on correcting excessive knee flexion during the gait cycle. These exoskeletons commonly adopt FSM-based gait phase recognition to provide adaptive assistance. For instance, P.REX [29] implements stepwise torque assistance for fine-tuned knee control, while the system in [30] employs an electromagnetic braking unit to actively prevent excessive knee flexion during the stance phase. Additionally, neuromuscular electrical stimulation (NMES) has been used in [24] to facilitate knee extension. Other approaches, such as the IC strategy in [12], dynamically adjust assistance between the stance and swing phases to enhance gait stability and adaptability. The correction of the tiptoe gait primarily targets plantar flexion abnormalities caused by neurological impairments, which result in the heel failing to contact the ground during walking. Exoskeletons designed for this abnormal gait aim to address ankle drop and heel strike difficulties in children with CP. These devices emphasize restoring proper foot placement, such as heel contact, and improving lower-limb motor coordination. For instance, the designs in [31,32] integrate position and torque control, utilizing the deformation of elastic elements to achieve torque regulation while assisting in the functional rehabilitation of the ankle and knee joints.




2.2.4. Specific Movements


Rehabilitation training for children with CP primarily focuses on gait training, while research on other daily movements remains relatively limited. However, rehabilitation should not be confined to the improvement of physiological functions alone. Assistive training tailored to specific movements can enhance psychological support and boost confidence. Moreover, it contributes to an improved social participation, establishing it as a critical design consideration in CPLLE development. Existing studies in this area primarily focus on sit-to-stand/squat-to-stand transitions and stair climbing/oblique walking training.



Sit-to-stand and squat-to-stand transitions are commonly implemented using position profile-based PID position control [33,34] or online torque profile-based closed-loop torque control [35,36]. These control strategies emphasize maintaining dynamic balance, often relying on zero moment point (ZMP) analysis or inertial measurement unit (IMU) feedback to evaluate stability. Stair climbing and oblique walking training predominantly utilize a FSM combined with torque estimation and PID closed-loop torque control [28,37,38,39,40]. FSMs are responsible for detecting key gait phases, while adaptive adjustments to gait parameters and assistive torques are achieved through biological torque estimation [37,39] or center-of-mass trajectory analysis [40]. These adaptive mechanisms enable CPLLE to accommodate diverse terrains, including flat surfaces, slopes, and staircases [34].






3. Search and Classification Methods


3.1. Scope and Methodological Steps


This study retrieved relevant publications from two databases: Web of Science and IEEE/IET Electronic Library (IEL). To ensure a comprehensive coverage while maintaining relevance, the search strategy was based on three thematic keyword groups combined using Boolean logic. The search keywords were structured as follows:




	
Topic 1: (Foot OR Ankle OR Knee OR Hip OR Lower Limb OR Lower Body)



	
Topic 2: (Exoskeleton) OR (Assistive Robot*) OR (Wearable Robot*) OR (Robot* Suit) OR (Portable Robot*) OR (Powered Orthotic System)



	
Topic 3: (Children OR Pediatric OR Young Patient OR Cerebral Palsy)








It is important to note that the search was designed to maximize sensitivity; therefore, Topic 3 was not strictly required to contain both population and condition terms in a single entry. To avoid omissions, the above search terms did not explicitly constrain both the target population and medical condition simultaneously. As a result, additional manual screening was conducted in a subsequent step, ensuring that the final selected publications explicitly addressed both criteria: (1) the population involved children or pediatric patients, and (2) the condition involved CP-related gait disorders.



Using these search terms, a total of 696 relevant publications (up to January 2025) were retrieved as follows: 489 from Web of Science and 207 from IEL, with 126 duplicates between the two databases. After reviewing titles and abstracts, 304 publications unrelated to the review topic were excluded. A full-text examination of the remaining publications led to further exclusions: 98 studies did not target CP children, 37 did not mention control strategies in exoskeleton design, 31 focused on control strategies still in the simulation stage without physical prototypes, and 3 investigated passive exoskeletons that relied solely on mechanical mechanisms rather than active control, which were beyond the scope of this study. Ultimately, 97 publications met the inclusion criteria. During the subsequent review process, nine additional relevant studies were identified, bringing the total number of fully reviewed articles to 106. The literature selection process followed the PRISMA flowchart, as illustrated in Figure 2.




3.2. Proposed Classification Method


CPLLEs vary substantially in hardware configurations, control approaches, target user groups, and usage scenarios. Treating all control strategies as a uniform whole in a generalized discussion not only hinders the extraction of representative common features across designs but also leads to redundant descriptions of functionally similar components. Therefore, the control strategy analysis should focus on the core objective of facilitating effective rehabilitation training. As shown in Figure 3, the core functional modules of CPLLEs related to lower-limb rehabilitation are typically organized into a three-layer structure: intent recognition, motion planning, and actuator execution. This structure provides a systematic foundation for analyzing control architectures.



As illustrated in Figure 4, this study focuses exclusively on the control processes directly related to rehabilitation training in different types of CPLLEs. To ensure terminological consistency, a complete CPLLE control system is uniformly referred to in this study as a “controller” or “control strategy”. It is further decomposed into multiple “functional units” based on their respective roles. Functional units identified in the reviewed literature are structurally analyzed and hierarchically organized into corresponding “control modules”. Ultimately, these control modules serve as the fundamental analytical units of this review, supporting a hierarchical examination of CPLLE control systems. This structured approach not only clarifies the commonalities and differences among diverse studies but also highlights the varying implementations of similar control strategies across different device types.



The primary advantage of this classification method is its ability to structurally group functional units of different CPLLE controllers into control modules. This allows for a direct comparison of implementation details within the same module, while also avoiding redundant descriptions of identical functions. Additionally, the hierarchical nature of control modules enables flexible combinations to describe the CPLLE controller designs found in all of the reviewed studies, thereby providing a clearer understanding of the overall design rationale of a given controller. It is important to note that while this three-layer classification applies to most CPLLEs, some control strategies may not fully encompass all hierarchical levels, particularly in early-stage development.



The studies included in the scope of this review, based on the literature screening strategy proposed in this paper, were categorized using the previously described classification method, resulting in the following 46 CPLLE controller studies summarized in Table 1.





4. A Hierarchical Review of the Control Strategies


4.1. Supervisory-Layer Control: Gait Phase Recognition


The supervisory layer is typically responsible for identifying gait phases and providing continuous or discrete gait state inputs to lower-level control strategies. In CPLLE systems, compared to adult rehabilitation devices, challenges such as unstable gait rhythm, poor inter-joint coordination, and significant variation in volitional participation across training stages require phase detection strategies with a higher robustness and adaptive capability. The supervisory-layer controller is often integrated with the action-layer controller into a high-level exoskeleton controller, which is deployed within the CPLLE microcontroller unit (MCU).



4.1.1. Time-Linear Gait Phase (TLP)


The TLP is a simple and effective phase recognition method that correlates the CPLLE gait phase with time, allowing it to increase linearly over a known gait duration during training.



In passive training, TLP synchronizes joint actuator positions and velocities under a unified phase reference, thereby stabilizing gait rhythm and enhancing motion coordination. Additionally, during early-stage exoskeleton development or low-level control validation, TLP facilitates phase progression using a linear time-based approach, reducing the computational burden of nonlinear control and simplifying debugging. For instance, in Laubscher’s early studies on a hip–knee exoskeleton [7], where higher-level control strategies were not yet developed, TLP was combined with PID closed-loop control for gait tracking validation. In hip–knee–ankle exoskeleton research [68,69,70,71,72,73], TLP was used to execute position profiles, allowing for the evaluation of low-level algorithm improvements.



In soft CPLLEs, as precise gait correction and walking efficiency enhancement remain exploratory, achieving high-precision force control remains challenging. As a result, TLP is frequently utilized for exoskeleton performance validation. For example, in a hip–knee exoskeleton [61] driven by shape memory alloy (SMA), contraction and extension are controlled via temperature regulation to provide gait assistance. The system allows users to set a reference gait cycle, and with TLP-based phase progression, SMA actuators modulate current to precisely track the gait phase. Similarly, another exoskeleton driven by twisted coiled polymer (TCP) actuators [83] employs nickel–chromium wires embedded in polymer fibers (e.g., nylon) and also utilizes TLP-based training.



However, due to its limited adaptability to non-periodic gait patterns and individual variability, the TLP approach is constrained in handling the progressively increasing volitional participation and gait variability in children with CP. It is therefore more suitable for passive training in the early rehabilitation stage or for system performance validation.




4.1.2. Finite State Machine (FSM)


In CPLLE rehabilitation training, different gait phases present distinct control objectives—for example, support during stance and assistance during swing. The FSM enables real-time gait perception and automatic phase transitions by defining gait states (such as stance and swing) and corresponding transition conditions, thereby facilitating precise control. Due to its simple logic and clear response characteristics, the FSM approach is well suited for the early to mid-stages of rehabilitation in children with CP, where cognitive capacity is limited and a stable gait rhythm needs to be established.



The most common FSM-based strategy divides the gait cycle into stance and swing phases, using force-sensitive resistors (FSRs) embedded in footbeds for state transitions. Lerner’s team has applied FSR-based FSM across hip, knee, and ankle exoskeletons. For example, in an ankle exoskeleton [15,16,41,42,43,44,45,46,47,48,49], FSM determines the gait phase based on foot pressure, providing assistance during stance to compensate for plantarflexor weakness (triceps surae), while minimizing interference during swing. A hip exoskeleton developed by the same group [37] follows a similar approach, where FSM modulates flexion and extension assistance to adapt to pathological gait variations.



In multi-joint exoskeletons, FSM is often combined with IC to dynamically regulate joint stiffness. Studies such as [65,66,67] utilize FSM to increase impedance during the stance phase to enhance stability while reducing impedance during the swing phase to optimize gait flexibility. In another approach, Gait Guidance Control [35,77] applies damping forces only during the swing phase to correct abnormal gait deviations. Additionally, research combining FSM with NMES [19,23,24,29,53,54] applies electrical stimulation during the stance phase to enhance muscle strength, improve motor function, and reduce spasticity, thereby optimizing crouch gait correction.



FSM-based gait segmentation can also incorporate multi-sensor data such as knee joint angle and angular velocity. A study in [57] utilizes knee joint kinematics to refine swing phase segmentation, allowing for precise assistance timing. Further research [29,53,54] subdivides the gait cycle into 2–5 distinct states, enabling a more refined, personalized assistance. To address challenges in weight shifting among CP children, an FSM strategy with six states and eight transition conditions was developed in [33], integrating ground reaction force (GRF) sensing and joint angle data to ensure stable gait transitions.



FSM can also be deployed within distributed control architectures to improve system efficiency. Studies in [31,32] implement FSM on secondary (slave) nodes, allowing the master node to manage coordination while each slave node independently performs gait recognition, torque computation, and command execution. This approach reduces communication dependency and enhances system response speed.



For abnormal gait correction, several studies have improved traditional FSM gait detection methods. A study in [64] integrates real-time signal processing and sensor fusion techniques, developing a Gait Event Detection algorithm that uses IMU-derived shank rotation data and low-pass filtering to optimize gait phase segmentation, achieving a higher real-time adaptability and detection accuracy than conventional FSM. Addressing the high power consumption and excessive weight in existing CPLLE systems, research in [30] designs a lightweight electromagnetic braking unit, where FSM activates braking during stance and disengages it during swing, effectively controlling excessive knee flexion and providing a more user-friendly gait correction solution for children with muscle weakness.



Although FSMs are widely used in CPLLE systems, their discrete state transitions limit the ability to continuously regulate lower-level controllers. This constrains the dynamic adjustment of training intensity and assistive strategies, making it difficult to fully meet the compliant control requirements in the mid-to-late stages of rehabilitation.




4.1.3. Machine Learning (ML)


ML presents significant potential and challenges in CPLLE control, with applications in gait pattern recognition, motion intent prediction, real-time control optimization, and personalized rehabilitation strategies. Theoretically, an ideal ML model could achieve real-time, continuous, and highly accurate gait phase recognition, offering a greater adaptability to complex gait patterns and reducing the need for manual parameter tuning compared to FSM and TLP. Particularly in children with CP, where gait rhythm is unstable and volitional participation varies widely, traditional rule-based state segmentation methods often fail to accurately capture individualized gait patterns. In contrast, ML models offer the potential to develop adaptive recognition mechanisms.



One of the earliest applications of ML in pediatric exoskeletons was introduced in [112], where a single-layer perceptron neural network was used to adjust PWM signals, allowing motor angular velocity to better match the gait velocity profile of healthy children. However, the training data only included angular velocity from gait cycle curves and did not explicitly compute gait phase transitions.



Later studies have focused primarily on gait pattern recognition. For example, ref. [55] applied a long short-term memory (LSTM) network, training the model using IMU data to estimate the gait phase in real time and retrieve reference torque values from biological torque curves. Similarly, ref. [13] utilized a gated recurrent unit (GRU) network with an attention mechanism to estimate knee joint angles and predict gait phases based on surface EMG signals, guiding motion command generation. These studies have preliminarily demonstrated the capability of ML methods to perform dynamic prediction and coordinated command generation under complex signal conditions, showing a certain degree of generalization potential.



Despite recent progress, current ML-based approaches face several key limitations. Firstly, most of the existing models are trained and validated on extremely small datasets or limited to offline analysis and small-scale laboratory testing [13,55], making it difficult to generalize control strategies to broader populations and complex environments. Secondly, current deep learning approaches (e.g., LSTM [55]) generally demand high computational resources and hardware performance, highlighting the urgent need for real-time control through device miniaturization, energy optimization, and algorithmic simplification (e.g., using MCUNet). Furthermore, to enhance system responsiveness, exoskeleton actuators must be sufficiently lightweight, provide a low backdrivability, and ensure a high bandwidth to accommodate sudden changes in gait speed and non-periodic movements.




4.1.4. A Summary of Supervisory-Layer Control


In CPLLE, gait phase recognition primarily relies on TLP and FSM methods. TLP offers computational simplicity, making it suitable for passive training and algorithm validation. It can also serve as a low-cost initialization method when gait rhythm has not yet been established. However, its adaptability is limited, making it difficult to handle training scenarios with frequent gait variations or gradually increasing volitional participation. FSM, through phase segmentation and event-triggered transitions, provides a clear structure and stable logic, making it suitable for children with a limited cognitive capacity and partially established gait rhythm; however, its discrete-state nature restricts continuous adjustments at lower control levels, hindering fine-tuned regulation for personalized assistance. In contrast, ML-based approaches offer gait prediction capabilities and can output continuous gait phases, making them theoretically more suitable for recognizing complex features in CP training, such as dynamic changes, multi-modal inputs, and non-periodic gait patterns. However, due to requirements for large datasets, system performance, and real-time execution, their deployment in CPLLE remains challenging.



Therefore, the selection of supervisory control methods should comprehensively consider the patient’s training stage, gait complexity, cognitive capacity, and processor capability, to achieve a stable, safe, and progressively adaptive gait phase recognition mechanism. The specific characteristics and applicability of each method are summarized in Table 2.





4.2. Action-Layer Control: Command Generation


As another component of the high-level controller, the action layer is responsible for converting gait phase information from the supervisory layer into specific displacement or torque commands, thereby driving CPLLE actuators to execute the desired movement. Functioning as the interface between gait phase recognition and actuator control, this layer plays a pivotal role in CPLLE architecture and is central to nearly all exoskeleton control strategies. In pediatric CP rehabilitation, due to stage-dependent differences in volitional participation and motor control accuracy, action layer strategies must offer a high adjustability and compliance to balance precise execution with individual adaptation.



4.2.1. Position Profile (PPR)


PPR is the most straightforward method for planning CPLLE actuator trajectories, ensuring that actuators track predefined target points or motion trajectories during training.



	
Predefined Position Profiles






A predefined position profile is one of the simplest and most direct trajectory planning methods, commonly utilized in the initial stages of exoskeleton development or in passive mode design. As illustrated in Figure 5a, this method involves the device strictly following a pre-set gait trajectory (dashed line) to adjust the patient’s lower-limb joint angles (solid line). The shaded area in the figure represents the deviation between the target and actual trajectories, where larger areas generally indicate higher levels of passive intervention torque applied by the system to enforce the prescribed motion rhythm. These methods have a low computational cost and provide clear rhythmic patterns, making them practical for early-stage rehabilitation in children with CP who have limited muscle strength and underdeveloped motor control.



Reference gait trajectories can be obtained by extracting discrete data from standard gait databases and fitting them using polynomial functions or Fourier series, thereby converting discrete motion data into continuous target motion trajectories. When existing database records do not fully meet specific requirements, motion capture (MOCAP) systems can be employed to construct customized reference gait trajectories. For instance, studies [68,69,70,71,72] utilized a Kinect-LabVIEW motion capture system to record healthy gait trajectories, which were subsequently applied in a series of improved sliding mode controllers to achieve gait tracking. Furthermore, if additional constraints on the reference trajectory are required, mathematical modeling can be incorporated to generate reference trajectories. For example, in study [99], to ensure smoothness and physical feasibility, a mathematical model was employed to generate a trajectory that mimics a healthy gait, characterized by a bounded position and velocity and possessing second-order differentiability.



An alternative and more flexible approach involves generating motion trajectories based on predefined input conditions prior to training. For instance, in study [61], the exoskeleton system enables users to select different operating modes and specify movement cycle speeds (e.g., 1 to 5 km/h). The system then generates synchronized trajectory signals based on predefined gait models. Similarly, in study [62], the exoskeleton control system employs a high-level controller to generate gait patterns, sinusoidal waveforms, or user-defined custom trajectories. The system autonomously adjusts knee flexion and extension angles according to the selected mode, thereby facilitating adaptive rehabilitation training. However, most of these trajectory generation mechanisms do not account for the dynamic variability in motor abilities and training responses among children, posing challenges in balancing generalization and personalization.



	2.

	
Real-time Position Profile Generation







Although predefined trajectories are easy to implement and robust to disturbances, they exhibit limitations in complex training environments and under higher rehabilitation demands. To address these challenges, some CPLLE systems adopt online motion trajectory generation. As shown in Figure 5b, the system generates real-time trajectories based on either predefined temporal nodes (e.g., S1–S4) or key gait events (such as initial contact and toe-off), allowing for adaptation to the user’s current motion state. Compared to the predefined trajectory shown in Figure 5a, the deviation between the user’s actual motion and the system trajectory (represented by the shaded area) is significantly reduced, indicating that this method can effectively decrease the required corrective torque and enable a smoother, more personalized assistive control. This approach is particularly important for the mid-to-late stages of rehabilitation in children with CP, as it enables control strategies that better align with their improved motor abilities and volitional intent.



In a weight-shifting-based exoskeleton study [33], online trajectory generation focused on center-of-mass (COM) transitions during double support and on real-time gait-triggered adjustments. This system computes gait parameters (e.g., step length and step height) based on user inputs (e.g., lower-limb length) and employs an inverse kinematics model to dynamically generate joint motion trajectories.



Similarly, in [83], a TCP-driven artificial muscle exoskeleton used a mathematical model to generate motion trajectories online, establishing a relationship between input power and angular displacement, while further optimizing controller performance through experimental validation.



Machine learning has also been integrated into position profile generation. For instance, ref. [75] applied an adaptive neuro-fuzzy inference system (ANFIS) to handle parameter uncertainties and external disturbances. When the actual trajectory deviated from the expected motion, ANFIS computed compensation signals, guiding the system back onto the correct trajectory. These methods hold promise for dynamically responding to individual differences and gait variability. However, they have so far been validated primarily in healthy subjects or simulation settings, and further investigation is needed to assess their stability and effectiveness in rehabilitation training for children with CP.




4.2.2. Torque Profile (TPR)


In CPLLE rehabilitation training, actuators can operate not only based on position profiles but also following torque profiles, where the applied torque varies over time. Compared to adult patients, children with CP experience ongoing development in muscle control and volitional participation. This requires a higher precision in torque amplitude, timing, and compliance. Therefore, torque control strategies must offer stronger dynamic adjustment and individual adaptability.



	
Constant Torque Profile






The simplest torque profile involves applying a constant torque by the actuator, which is a rarely predefined profile in CPLLE torque profile design. As shown in Figure 6, studies [19,29,53,54] proposed two torque output modes, one of which is the Constant mode (red curve) that delivers a constant extension torque. Gait phases were segmented using an FSM, and the system applied constant torque during specific moments of the early stance, mid-stance, and swing phases, while no intervention was applied in other phases. This method is simple to implement and can enhance knee joint stability and assist gait progression. In contrast, study [64] allowed users to incrementally adjust the assistive torque to provide personalized support.



Such constant torque is often used as a supplement when impedance control alone cannot provide sufficient instantaneous support. It offers immediate assistance when the user requires rapid support to counteract ground impact forces. Additionally, after prolonged active training, constant torque can be used for brief muscle and joint relaxation to alleviate fatigue. However, this strategy lacks the ability to dynamically respond to individual states and training stages in children, making it unsuitable for long-term reliance.



	2.

	
Real-Time Torque Profile







Unlike position profiles, the torque variation of exoskeleton actuators is influenced by the environment and the user’s voluntary movements, exhibiting rapid fluctuations that make it difficult to meet ideal rehabilitation needs through predefined trajectories. Therefore, most torque profiles must be generated online in real-time, requiring the system to have a high robustness and real-time performance. For children with CP, who often exhibit unstable gait rhythms and varying training compliance, online torque profiling provides a crucial means to adjust assistance intensity and direction as needed. It plays a key role in delivering compliant support and facilitating the gradual transition to active training.



As illustrated in Figure 6 [19,29,53,54], the Adaptive mode (green curve) represents a typical example of real-time torque profile generation. Unlike the Constant mode, which delivers uniform assistance, the Adaptive mode applies torque only during the stance phase and dynamically adjusts its output based on joint angles and gait phase. As shown in the right panel of the figure, the torque output varies continuously, with the peak typically occurring in early stance and gradually decreasing thereafter. This pattern reflects a high degree of synchrony with the user’s voluntary joint torques, enabling a more natural and responsive assistance. Similar studies [15,16,41,42,43,44,45,46,47,48,49] proposed the Proportional Joint-Moment Control algorithm. This method uses insole force sensors to measure ground reaction forces, estimate ankle joint biomechanical torque, and dynamically adjust exoskeleton assistance to achieve personalized support. Building on this, the research team further applied a Sigmoid function to smooth the torque signal, enhancing user comfort [47], and extended the approach to a resistance training mode that enhances neuromuscular engagement [11,20,50,51,52]. Additionally, study [101] introduced an impedance reduction control algorithm, which integrates a low-inertia motor with an ankle force sensor to achieve real-time torque adjustments, thereby reducing user discomfort during walking.



Other studies have adopted different technological approaches to dynamically adjust the torque output of exoskeleton actuators in real-time. For instance, study [78] used a momentum-based controller to assist children during the squat-to-stand transition. The controller aims to drive both the system’s angular momentum and its derivative toward zero, thereby achieving static balance. By continuously measuring angular momentum, the actuator torque is computed in real-time to adjust posture. Such strategies enhance the naturalness of assistance and user acceptance, and are particularly suitable for children with limited cognitive engagement. Additionally, ML can be used to compensate for gait uncertainties. Study [76] employed an Adaptive Radial Basis Function Neural Network (ARBFNN) to generate torque profiles online. Leveraging the powerful approximation capability of RBFNN, this approach enables the estimation and compensation of dynamic parameter uncertainties and external disturbances.



Real-time torque profile generation does not necessarily require complex control algorithms. In some exoskeletons, the unique actuation mechanisms enable precise torque control, making them inherently suitable for real-time torque profile generation. For example, study [30] introduced a modular electromagnetic braking unit that generates frictional torque via electromagnetic adhesion. By integrating gait phase detection and dynamic voltage regulation, it provides adaptive torque support. Similarly, study [32] explored Series Elastic Actuators (SEA), where assistance or correction of joint motion is achieved by adjusting spring deflection and stiffness. Such hardware–software co-adaptive strategies offer practical value in mitigating excessive actuator rigidity and unnatural human–machine interaction in children with CP, thereby improving device transparency and training comfort.




4.2.3. Impedance Control (IC)


Beyond torque profile control, IC is another commonly used active training control strategy. Unlike PPR and TPR, which directly regulate position or force, IC does not explicitly dictate motion trajectories. Instead, it dynamically regulates the force–position relationship, influencing the system’s motion response. The controller computes torque output based on a virtual dynamic model, enabling compliant interaction between user and device, and allowing the CPLLE to provide both assistance and adaptability to user-initiated movement. This control approach is particularly suited for the transitional phase in gait training for children with CP, where they gradually shift from fully passive to active participation. It helps to balance external guidance with voluntary output.



	
Impedance Control Based on Inertia–Stiffness–Damping Dynamic Systems






This approach models a virtual mechanical system comprising inertia, stiffness, and damping to simulate exoskeleton dynamics, making it particularly suitable for tasks requiring a high interactive adaptability. For instance, in [65,66,67], an IC-based lower-limb exoskeleton was developed to assist CP children in gait rehabilitation. The “transparent mode” control strategy employed in this system was built upon a feedback zero-torque controller, which incorporated a double-pendulum model for inertia compensation and a LuGre friction model for friction compensation, effectively eliminating dynamic interference from the exoskeleton and actuator impedance. Similarly, ref. [27] introduced a unilateral exoskeleton designed for hemiplegic CP children, with a primary emphasis on IC. This system incorporated position and velocity feedback, along with a gravity compensation term. By accurately computing the gravity vector, the controller effectively compensated for additional loads induced by the exoskeleton’s weight, enabling users to move more freely and naturally. Such strategies offer a control-level solution to compensate for system rigidity in scenarios where hardware cannot be fully lightweight or compliant.



	2.

	
Force-Field-Based Impedance Control







In CPLLE, most impedance controllers adjust assistance levels based on joint motion states (i.e., joint angle and velocity). The core control strategy directly computes assistive torque from joint position and velocity, without explicitly incorporating inertia or acceleration control. This approach modulates stiffness and damping to establish a “force-field”, allowing the system to respond to deviations from the desired joint trajectory, thereby optimizing gait control and providing adaptive assistance. Compared to traditional position control methods, force-field impedance control can respond more naturally to the child’s movement intent and external disturbances, making it suitable for the mid-stage of rehabilitation when volitional participation is gradually recovering.



For instance, in [12], a knee exoskeleton utilized bidirectional assistance (flexion and extension) to improve the kinematic characteristics of crouch gait, dynamically adjusting assistance levels based on joint state to reduce oscillations and enhance gait control. The CPLLE assistive torque was proportional to the deviation of the joint angle from the target angle, with linear variations at state transitions to avoid abrupt torque fluctuations. A similar control principle was applied in [81], where an ankle exoskeleton controller computed assistive torque from the difference between the actual and target ankle angles, incorporating phase-specific stiffness adjustments.



Other studies have explored similar force-field-based approaches. In [29,53,54], a “virtual wall mode” was proposed, defining a desired trajectory as a virtual boundary. When the joint angle deviated, the controller applied dynamic resistance or assistance to restore the joint to the target trajectory. The resistance magnitude adapted to user effort and was independent of predefined timing parameters. Similarly, ref. [101] introduced an “impedance reduction algorithm”, precisely controlling system impedance to minimize mechanical resistance, reducing device interference with active user movements, achieving transparent assistance, and enhancing training comfort and adherence.



Additionally, a “virtual spring” approach has been widely adopted in IC design. This method constructs a virtual model analogous to a physical spring, which dynamically adjusts in response to body movement, ensuring appropriate assistive force delivery. In [64], a CPLLE system was developed to support either a constant torque mode or a virtual spring mode, where the latter calculated output torque based on the difference between measured and target joint angles. Another study [84] introduced an Adaptive Assistance on Demand (AAN) control strategy, optimizing stiffness and compliance to enhance user-exoskeleton interaction adaptability. Expanding on this concept, ref. [17,85,86,87,88] integrated AAN with virtual spring behavior, dynamically adjusting elasticity and compliance. By employing torque sensors to measure micro-deformations in the joint housing, the system delivered precise assistance while maintaining a compact joint module design.




4.2.4. Virtual Constraints (VC)


In CPLLE control algorithms, gait control can be reformulated as a constraint tracking problem, where gait phases are represented by parameterized configuration-dependent variables. This approach allows users to maintain active control over walking movements while ensuring that the gait trajectory conforms to predefined patterns, thereby enhancing stability and control performance. For children with CP, VC can maintain the stability of fundamental gait structures while allowing moderate space for volitional participation. It is particularly suitable for patients with preserved cognitive function and the emerging ability to express voluntary intent during the mid-to-late stages of rehabilitation.



For example, in [80], a virtual constraint control method based on hybrid zero dynamics (HZD) was proposed. By constructing a zero dynamics manifold, this method ensured a dynamic stability of the gait trajectory. The gait phase variable was defined as a monotonically increasing scalar, computed using hip position, IMU data, and joint angle sensors. The optimized control strategy then guided the gait evolution accordingly. HZD control reduces reliance on time-based gait progression, allowing for a more natural gait execution while maintaining virtual constraints within the zero dynamics manifold. Simulation results demonstrated that this method successfully generated stable human-like gait trajectories and improved system robustness.



A subsequent study [79] further refined the gait phase variable definition and validated the VC control approach on a physical exoskeleton prototype. Experimental results indicated that, compared to traditional PD control, VC control significantly reduced gait variability (hip joint: 36.72%, knee joint: 16.28%), lowered the average torque consumption (hip joint: 35.89%, knee joint: 4.44%), and was reported by users as more intuitive and user-friendly.



In summary, the VC method shows potential in guiding gait and enhancing user autonomy. However, its application remains limited to validation in healthy children, lacking systematic evaluation in patients with gait impairments. Moreover, it exhibits an insufficient adaptability to natural gait fluctuations during practical use, where disturbances and phase errors may compromise control stability. Although it improves motor autonomy, a trade-off exists between gait correction and increased muscular load, indicating that further optimization is required to balance stability, load management, and adaptability for clinical applications.




4.2.5. Electromyography-Based Control (EBC)


Unlike the binary switching applications of EMG signals, muscle activity amplification relies on real-time EMG monitoring and analysis. This method amplifies weak EMG signals via electrodes, enabling precise user intent detection. The processed EMG signals are used to estimate the required joint torque, establishing a linear relationship between muscle activity and joint torque, allowing the CPLLE to dynamically adjust assistive force in response to user effort. This method is suitable for children with CP who retain some voluntary motor intent and residual muscle strength. It can directly respond to their volitional control needs and provide a data foundation for refined, personalized assistance.



The HAL exoskeleton system has continuously refined muscle activity amplification as a core control strategy, enhancing joint torque estimation accuracy and expanding its application to hemiplegic rehabilitation training [26] and stair-climbing assistance [40]. While this method integrates enhanced EMG signals with motion control algorithms to effectively support patients with motor impairments, improving natural motion and assistance efficiency, EMG signal reliability is affected by skin conductivity, individual variability, and motion artifacts, leading to signal fluctuations that reduce accuracy. Additionally, signal processing latency, particularly during rapid movements or complex environments, can impact real-time exoskeleton torque adjustment, limiting the applicability of EMG-based control in CPLLE.




4.2.6. A Summary of Action-Layer Control


In the action layer, PPR and TPR are categorized as direct output control methods. PPR focuses on trajectory tracking and is suitable for early rehabilitation when gait rhythm is not yet established, but it lacks adaptability to individual differences. TPR adjusts joint torque in real time, supporting active gait progression in mid-to-late stages. It offers a better compliance and assistive force modulation but requires a higher sensor accuracy and computational resources. IC and VC represent interaction-oriented strategies. IC compensates for complex gait patterns and fluctuations in motor ability during mid-stage rehabilitation but depends on accurate system modeling. VC uses trajectory constraints to guide gait evolution, enhancing user autonomy and control consistency. It is suitable for users with emerging volitional control but is sensitive to disturbances and requires additional robustness mechanisms. EMG-based methods estimate joint torque to improve gait naturalness and user engagement. However, variability in signal quality and latency poses challenges for real-time and stable control.



Therefore, action-layer control in CPLLE must be dynamically matched to the child’s cognitive status, muscle strength, rehabilitation stage, and actuator characteristics. A hybrid, adaptable, and fault-tolerant control architecture is often required to accommodate individual variability and the progressive nature of rehabilitation. The control method selection should consider functional goals, user adaptability, real-time performance, and system complexity. The differences between various methods are shown in Table 3.





4.3. Execution-Layer Control: Command Execution


The command execution layer represents the lowest level of the CPLLE control architecture. It is responsible for executing position or torque commands issued by the higher-level control strategies and is typically highly dependent on the actuation hardware used in the exoskeleton. Low-level control can be custom programmed within the MCU or directly implemented using servo motors with built-in control functions. The primary objective of this layer is to achieve accurate and stable command tracking and execution. In addition to ensuring control precision, it must also account for the safety of pediatric users, tolerance to response errors, and the compliance of device actuation.



4.3.1. Closed-Loop Position Control (CLP)


The CLP is one of the most widely used low-level control methods in CPLLE. Its strength lies in the precise tracking of actuator trajectories, facilitating structured movement guidance and rhythm establishment during early rehabilitation. It is particularly suitable for providing clear and stable training output in fully passive or low-participation stages.



	
Rigid Actuation Mechanisms






Rigid transmission systems utilize high-precision gears or harmonic reducers, ensuring a precise force transmission through rigid connections. These mechanisms offer a high load capacity and superior trajectory tracking accuracy, relying on closed-loop feedback control through motors and sensors.



For example, in [33], a brushless DC motor (Maxon EC-flat) was connected to a harmonic reducer, with PID control integrated within the Maxon EPOS4 driver and gain tuning performed at the main controller level, ensuring precise trajectory tracking. The CP-Walker system [17,86,87,88] implemented PID trajectory control using harmonic drives coupled with potentiometer feedback. In [77], a passive-mode exoskeleton incorporated a high-reduction gearbox with PD control, optimizing dynamic performance. Additionally, studies employing 3D-printed rigid structures (e.g., [80,84]) integrated embedded encoder feedback and PID control, achieving a balance between a lightweight design and high-precision control. However, the rigid structure may lead to high mechanical impedance and non-compliant human–robot interaction. This can limit adaptability, especially in the later stages of rehabilitation for CP, where gait variability increases and force control demands become more prominent.



	2.

	
Flexible Actuation Mechanisms







Flexible transmission systems utilize elastic components or smart materials to buffer force and motion, enhancing safety and adaptability. However, their nonlinear characteristics impose higher control requirements. Commercial actuators compatible with flexible CPLLE designs are relatively scarce, often necessitating customized low-level control strategies.



For instance, in [83], a TCP actuator was employed to mimic muscle contraction, with PID parameter optimization conducted in MATLAB/Simulink (MathWorks, https://www.mathworks.com/, accessed on 19 May 2025). Similarly, in [31,32], a SEA was integrated with an embedded position controller, allowing for the precise regulation of assistance while maintaining safety and control accuracy. Flexible actuator systems are particularly well suited for the mid-to-late stages of rehabilitation, when patients begin to exhibit voluntary motor output. They can absorb excessive force feedback and reduce the risk of injury from sudden errors. Their low-level position control strategies often incorporate displacement estimation and feedback regulation of elastic elements to achieve controllable dynamic compliance.




4.3.2. Closed-Loop Torque Control (CLT)


CLT is typically integrated with IC or TPR to precisely track target-torque values and execute high-level motion commands. Compared to position control, torque control better captures the dynamic interaction forces between the device and the user. In CP rehabilitation, it is particularly suitable for mid-to-late training stages, where it supports the gradual facilitation of voluntary output, compliant intervention, and neuromuscular engagement. However, most CPLLE actuators lack direct torque measurement capabilities. Some modern servo motors estimate torque output based on current values and torque constants, but these estimates are inherently limited in accuracy. Therefore, implementing CLT generally requires an additional torque measurement system to provide reference data for closed-loop control.



	
Rigid Torque Transmission






Rigid transmission systems are the most common torque delivery mechanisms. As demonstrated in [27,63], brushless DC (BLDC) motors are coupled with harmonic drives, with real-time sensor feedback monitoring joint angle, velocity, and torque. A PD-based impedance controller utilizes these feedback signals to adjust actuator output, achieving precise target-torque tracking.



Some studies [17,65,66,67,84,86,87,88] further enhance torque sensing resolution by embedding strain gauges on metal rods and employing Wheatstone bridge circuits for increased sensitivity, enabling the real-time measurement of user–robot interaction forces and supporting both zero-torque and IC modes. This structure offers high precision and strong signal stability, making it suitable for rehabilitation stages requiring accurate force control. However, in children with CP, the high mechanical impedance of rigid structures may reduce comfort and safety. In cases of significant gait variability or muscle weakness, it may lead to overcompensation or interference in force feedback.



	2.

	
Flexible Torque Transmission







Flexible transmission systems utilize Bowden cables [15,16,37,41,42,43,44,45,46,47,48,49,110], sprockets [45], or Kevlar cables [103,104] to connect the motor to the joint, where torque sensors on single-joint exoskeletons enable PID-based closed-loop control. Another approach is the SEA, as seen in [32,64,82], where a spring is placed between the motor and the joint, allowing joint torque estimation based on spring deflection. By integrating motion monitoring and adaptive control algorithms, dynamic torque adjustments can be made to meet rehabilitation requirements.



Additionally, torque feedback can be derived through computational estimation rather than direct measurement. For instance, in [64], a 12-bit incremental encoder was used to measure the actuator angle and velocity, with torque calculated using impedance control equations, eliminating the need for dedicated torque sensors. These methods are suitable for compact systems with limited hardware integration but require high modeling accuracy and real-time control performance. They are susceptible to the effects of non-periodic gait patterns and fluctuations in muscle output in children.




4.3.3. Sliding Mode Control (SMC)


PID (or PD) closed-loop control is widely applied in CPLLE due to its simplicity and stability. However, comparative experiments in [115] indicate that individual variability, gait fluctuations, and system parameter uncertainties can impact its effectiveness in human–exoskeleton interaction. For example, variations in limb mass, segment length, and muscle strength in children, as well as random interactive forces during training, may increase PID control errors, ultimately affecting rehabilitation outcomes [116,117]. Consequently, some studies have introduced SMC to enhance system robustness.



SMC exhibits a strong resilience to uncertainties and disturbances, particularly Terminal Sliding Mode Control (TSM), which ensures asymptotic error convergence within a finite time. However, TSM suffers from singularity issues and chattering effects caused by the sign function, leading researchers to propose several improvements. For instance, ref. [116] implemented Fuzzy Sliding Mode Control (FSMC), where control parameters are adaptively adjusted based on error magnitude, thereby reducing chattering and excessive torque output. Similarly, ref. [115] introduced a     tanh  ⁡    x       function to replace   s i g n ( x )  , mitigating chattering effects while preserving control precision.



In the CPLLE domain, SMC has been successfully implemented in exoskeleton prototypes. For example, in [115], an adaptive high-order sliding mode control approach was introduced, integrating the Super-Twisting Algorithm to reduce chattering effects. In 2022, Narayan’s team proposed a non-singular terminal sliding mode control (SFTSM) [68], incorporating boundary layer techniques and saturation functions to enhance error convergence and chattering suppression, demonstrating a superior performance compared to ERL-SM and LQR-ANFIS methods. In 2023, the same team introduced an Improved Fast Non-Singular Terminal Sliding Mode Control (IFNSTSM) [69,70], integrating a double-exponential reaching law, which achieved a better stability and lower energy consumption than FNSTSM and TSSM. Further advancing this research, in 2024, they developed a Fast Terminal Sliding Mode Control with Rapid Reaching Law (FTSM-RRL) [71]. Experimental results confirmed that this approach significantly outperformed PID and FTSM-ERL in terms of error reduction and convergence speed.



Regarding the limitations of this method, it should be noted that, similar to other less widely applied control strategies, even in the comprehensive studies on SMC by Narayan’s team [68,69,70,71], validation was mostly conducted on small cohorts of healthy children or within laboratory settings, lacking systematic evaluation of the heterogeneous characteristics of children with gait impairments. Furthermore, SMC imposes high demands on actuator responsiveness and system modeling accuracy. When implemented on low-cost hardware platforms, the control precision and energy efficiency may not reach optimal levels. These factors constrain the broader application of this method in CPLLE controller design.




4.3.4. Backstepping Control (BC)


Similar to SMC, BC is designed to handle external disturbances and system uncertainties. As a recursive control method, it constructs virtual control variables to progressively stabilize the system. This approach is particularly effective in non-matching disturbance scenarios, where control inputs and disturbance terms are distributed across different system equations, making compensation challenging for conventional control methods. BC gradually introduces control variables, ensuring system stability, and can parameterize unknown disturbances (e.g., sinusoidal signal decomposition), thereby enhancing robustness and environmental adaptability.



In [57], a typical Adaptive Backstepping Control (ABC) was implemented in an Ankle–Foot Orthosis. This algorithm used virtual control inputs to compensate for unknown disturbances, such as ground reaction forces and foot weight variations, while employing Lyapunov stability theory to ensure error convergence. Compared to PID control, ABC demonstrated a superior trajectory tracking accuracy and adaptability across different gait cycles and disturbance conditions.



A Robust Adaptive Backstepping Control (RABS) approach was later introduced in [107], modeling the system in strict-feedback form and designing control laws based on Lyapunov stability theory to guarantee error convergence. Compared to traditional BC, RABS utilized virtual control laws to mitigate parameter overestimation and the explosion of derivative terms, thereby improving computational efficiency and control stability.



Although the BC method offers strong stability guarantees and a robust disturbance rejection, its application in pediatric exoskeletons remains limited. Firstly, existing studies are primarily based on healthy adult samples, lacking systematic validation in children with gait impairments, resulting in an insufficient practical adaptability. Secondly, this method requires a high system modeling accuracy and actuator performance, leading to an increased hardware complexity and cost. Although it improves trajectory tracking precision, it may suppress patient participation, which is detrimental to promoting active engagement during rehabilitation training.




4.3.5. A Summary of Execution-Layer Control


Unlike typical exoskeletons that often combine open- and closed-loop control [5], CPLLE relies more heavily on high-stability, low-latency closed-loop control mechanisms to meet the greater demands for safety, accuracy, and responsive feedback in training children. Currently, CLP and CLT are the two primary approaches used. Position control is commonly used in early-stage development or fully assistive modes, where rigid transmission ensures high-precision trajectory tracking, while flexible transmission enhances interaction safety. Torque control, on the other hand, integrates real-time feedback to dynamically adjust joint torque, allowing adaptive gait assistance. SMC offers a high robustness, making it suitable for complex environments and uncertain disturbances. BC, by recursively constructing virtual control variables, provides a more precise compensation under non-matching disturbances and is better suited than SMC for handling dynamically complex system behaviors.



The selection of low-level control strategies in CPLLE depends not only on control precision and system load but also requires a comprehensive assessment of individual patient characteristics, rehabilitation stage, and platform resources. Emphasis is placed on multi-strategy integration to establish a closed-loop execution system that balances stability, compliance, and adaptability. The details of different execution-level controls are compared in Table 4.






5. Clinical Effectiveness


Beyond the technical design of CPLLE control strategies, a clinical validation of their effectiveness is equally critical. Although various types of CPLLE control strategies have been developed, exoskeleton devices that have undergone clinical validation in patients with CP remain scarce [47]. Most strategies have only demonstrated functional feasibility at the technical level or have been tested in healthy children or adults, neglecting the specific gait abnormalities in CP patients. Given the high heterogeneity of gait characteristics in CP [3], the effectiveness of control strategies must be verified through multi-cohort, large-sample clinical studies that can directly link gait improvements to control design.



5.1. Clinical Characteristics of the Participants


Based on the above strict selection criteria, five representative CPLLE devices were selected from 46 control strategies for analysis, including two single-joint CPLLEs (developed by the Lerner team) [15,16,44,45,56,58,59,60], HAL [96,97,98], CPWalker [17,54,86,88], and Lokomat [54,106,118]. According to the available reports, after excluding cases of paraplegia and subjects with unspecified diagnoses, a total of 96 valid participant data were recorded. Among them, 5 participants were classified as Gross Motor Function Classification System (GMFCS) level I, 49 as level II, 18 as level III, and 4 as level IV. Regarding CP types, spastic diplegia was the most prevalent, accounting for 69 cases.




5.2. Clinical Validation of the Control Strategy


In the field of volitional intent recognition control strategies, the HAL system is representative. Its Cybernic Voluntary Control (CVC) mode, driven by electromyographic signals, demonstrated improvements in self-selected walking speed (SWS) and step length among patients with GMFCS levels I–III. The GMFM total score increased from 157.7 ± 19.9 to 166.2 ± 23.4 (p = 0.012), with particularly notable improvements in standing and walking-related functions. Nevertheless, changes in walking speed and step length in some patients did not reach statistical significance, suggesting that insufficient muscle strength or neuromuscular activity may limit the effectiveness of the CVC mode [96]. To enhance adaptability, the HAL system switches via a FSM to a ground reaction force-based assistance mode, highlighting the need for volitional intent recognition to be integrated with stable and reliable control mechanisms in clinical applications.



Action-layer control strategy design has a more direct impact on clinical rehabilitation. Mature multi-joint CPLLE devices generally adopt multi-mode transition strategies, emphasizing active participation and functional recovery during training. CPWalker integrates position trajectory control (PPR), zero-impedance transparency control (IC), and AAN strategies, with clinical effectiveness validated through 10 sessions of personalized training over 5 weeks in 14 sessions involving GMFCS II–III spastic diplegic patients. Lokomat, based on standard trajectory control, incorporates body weight support adjustment, impedance control, and enhanced feedback modules, covering 30–34 similar patient sessions over 4–8 weeks and 12–16 training sessions. Clinical data show that in the CPWalker group, walking speed increased by 51.94% and step length by 26.49%; in the Lokomat group, walking speed improved by 14%, and step length increased by approximately 0.05 m for both legs. Additionally, the single support phase was prolonged, and the double support phase shortened, leading to significant improvements in gait symmetry and stability. In terms of functional outcomes, GMFM dimension D and E scores showed statistically significant improvements in both groups, and patient feedback indicated that AAN-based assistance modulation enhanced their training comfort, sense of achievement, and autonomy.



In comparison, single-joint CPLLEs, characterized by lightweight structures and a superior backdrivability, have lower transparency requirements and focus clinical validation on improving key joint functions and gait correction [45]. In the ankle and knee exoskeletons developed by the Lerner team, training or testing was conducted over 2–10 weeks in 23–26 and 20–22 sessions involving patients with GMFCS levels I–III, respectively. For the ankle CPLLE, experiments demonstrated a 7–8% increase in walking speed, a 0.15–0.17 m increase in step length, a 22–25% reduction in soleus muscle activity, and a 15–18% reduction in metabolic energy expenditure, indicating an enhanced push-off propulsion and improved energy efficiency. For the knee CPLLE, results showed an 8–13° increase in the knee extension angle during the stance phase, a 6.8° improvement in the initial contact angle, and a 35–76% reduction in support phase joint torque loads, effectively alleviating joint burden. Both devices employed FSM for precise gait event detection and incorporated adaptive assistance strategies to optimize output, achieving significant improvements in local lower-limb functions on lightweight platforms.



In summary, current clinical studies suggest that EMG-based intention recognition is suitable for patients with sufficient muscle strength, while traditional methods such as FSM or TLP approaches are more appropriate otherwise. Based on commonly used biomechanical and clinical indicators across different types of exoskeletons, multi-joint exoskeletons tend to produce more significant overall improvements. In contrast, single-joint exoskeletons offer more targeted control strategies for correcting specific abnormal gait patterns and improving localized lower-limb function.





6. Discussion


This review highlights the growing complexity of CPLLE controller design and the lack of comprehensive summaries in current research. By considering the unique objectives of CPLLE, this study structurally categorizes existing control strategies in CPLLE controllers based on a hierarchical classification framework. The proposed classification method examines 106 referenced studies, identifying 46 distinct CPLLE controller designs. These controllers are further structured into functional units based on their roles and input–output relationships. The control strategies are categorized into three hierarchical layers: the supervisory layer, responsible for gait phase recognition; the action layer, responsible for command generation; and the execution layer, responsible for executing motion commands. These layers are further classified into 12 specific control strategies, providing a systematic discussion of existing CPLLE control methodologies.



6.1. Characteristics of Controller Design


By reviewing and summarizing the CPLLE controllers discussed in the referenced studies, it becomes evident that the CPLLE controller design must not only meet the basic requirements for lower-limb gait rehabilitation but also account for the specific characteristics of CP children. As previously discussed, the control strategy should remain flexible and adaptive to accommodate fluctuations in physiological and cognitive states, varying levels of volitional participation during different training stages, and the hardware limitations of the system.



At the control hierarchy level, the design logic and selection criteria for control methods differ from those in typical adult exoskeleton systems. At the supervisory level, the instability of gait rhythm and limited cognitive capacity in children with CP require phase recognition strategies with a greater robustness and adaptability. At the action level, control strategies must deliver precise assistive forces or displacements. They must also accommodate stage transitions driven by changes in volitional participation. At the execution level, hardware constraints such as safety prioritization, limited resources, and the need for a lightweight structure make compliant modulation and multi-strategy integration essential for maintaining system stability.



For specific targeted objectives, current research on gait improvement primarily employs FSM, model predictive control, and dynamic torque modulation to optimize gait symmetry, stability, and energy efficiency. In muscle strength training, resistive training and functional electrical stimulation (FES) show complementary potential across different rehabilitation stages. However, further research is needed to tailor training protocols more precisely to individual needs. Regarding gait correction, specialized control strategies have been developed for the crouch gait, hemiplegic gait, and equinus gait. Control strategies for other abnormal gait patterns remain limited. This may be because these three gait types are more prevalent in children with CP, display clearer kinematic features, are relatively easier to address through control implementation, and allow for an easier access to clinical validation samples. For the evaluation of correction effectiveness, the biomechanical indicators related to localized joint torque loading and EMG activity reported in [15,16,44,45,56,58,59,60] provide valuable reference. Additionally, although existing research has devoted less attention to stand-to-sit transitions and stair climbing, these functional training modalities are crucial for improving CP children’s daily living abilities and psychological confidence, warranting a greater focus in future studies.



In summary, CPLLE control strategies must be designed with a full consideration of their fundamental differences from adult exoskeletons in objectives, user characteristics, and system limitations. When adapting or innovating based on adult exoskeleton strategies, special attention should be paid to the distinct nature of CPLLE devices and their specific rehabilitation goals. To achieve diverse rehabilitation outcomes, control systems must support coordinated optimization across multiple layers, with high-level modules—particularly at the supervisory and action levels—playing a critical role in overall system performance. Existing studies [17,31,32,85,86,87,88] indicate that systems with multiple training functions are often associated with increased controller complexity. Therefore, generic control solutions are insufficient. Therefore, rather than applying generic solutions, a structured hierarchical framework—tailored to user profiles, rehabilitation objectives, and hardware limitations—should be adopted to ensure therapeutic effectiveness and safety.




6.2. A Summary of Current Research


Building on the discussion of rehabilitation objectives, this study provides a structured, hierarchical overview of CPLLE control strategies, categorized into supervisory, action, and execution layers. Among the 106 reviewed publications, this study employs a classification framework to decompose CPLLE controllers into distinct functional units, facilitating a structured analysis. The usage of control strategies at different levels is illustrated in Figure 7 below.



	
A wide range of control strategies have been applied across the three-layer architecture. At the supervisory layer, most studies adopted either time-linear phase (TLP) or finite state machine (FSM) approaches, while machine learning (ML) remains in an exploratory stage.



	
At the action layer, position and torque profile controls (PPR and TPR) are the most frequently used, whereas advanced adaptive methods such as impedance control (IC), electromyography-based control (EBC), and virtual constraints (VC) have received comparatively limited attention.



	
In the execution layer, closed-loop torque (CLT) and position control (CLP) dominate, while nonlinear control strategies such as sliding mode control (SMC) and backstepping control (BC) are found only in a few isolated cases.



	
Despite the diversity in design, only a small subset of these strategies—five out of the 43 identified—have been supported by multiple clinical studies demonstrating significant improvements in CP rehabilitation outcomes. This highlights a considerable gap between technical exploration and clinical validation in the current CPLLE research landscape.






The current CPLLE controller strategies are relatively concentrated, with most designs specifically tailored to the rehabilitation needs of children with CP. Specifically, for patients with severely limited mobility, CPLLE controllers predominantly employ a TLP + PPR + CLP combination to enable fully assistive passive training. In contrast, for patients retaining partial motor function, an FSM + TPR/IC + CLT combination is commonly implemented to promote user engagement and active participation. Clinical validations, including the HAL system and the single-joint knee/ankle CPLLEs by the Lerner group, confirm the effectiveness of these approaches. The adoption of FSM facilitates a natural segmentation of the gait cycle, enhancing state recognition and transitions, thereby improving adaptability across different patients and gait conditions. Similarly, applications such as CPWalker and Lokomat demonstrate that the TLP + PPR strategy offers stable and reliable trajectory guidance during the early stages of rehabilitation when patients are not yet capable of active training. Moreover, motion planning strategies employed in CPWalker and the Lerner group’s single-joint CPLLEs highlight the advantages of TPR in achieving localized improvements and correcting pathological gait patterns, while the IC strategy has been shown to significantly enhance system transparency in multi-joint CPLLEs. Collectively, these strategies align well with the biomechanical and clinical requirements of pediatric CP rehabilitation.



Despite the widespread application of traditional control methods, certain limitations remain in adaptability and personalized rehabilitation matching. For instance, TLP is primarily suited for cyclic gait patterns and lacks flexibility for real-time adjustments. Similarly, FSM-based control relies on predefined transition rules, making it less adaptive to complex gait variations. Additionally, traditional trajectory planning combined with closed-loop control exhibits constraints when addressing individual patient variability, gait fluctuations, and system parameter uncertainties, highlighting the need for more adaptive and intelligent control approaches.



To address the limitations of traditional control strategies, a range of novel control methods has emerged in recent years, including ML, VC, SMC, and BC. Among the reviewed studies in this paper, 13 publications explored these advanced control approaches. Notably, apart from a 2018 study on ML-based control [112], all other research in this category has been conducted since 2021. Although successful implementations of these novel control strategies in exoskeleton prototypes remain limited, an increasing number of studies have entered the simulation and preliminary design stages. The exploration of these emerging methods is expected to provide new solutions to overcome the limitations of traditional CPLLE control strategies.



However, it is regrettable that these emerging control methods currently lack sufficient clinical data to demonstrate their effectiveness. In practice, these strategies face several recurring challenges. Firstly, due to the high heterogeneity and collection difficulty of gait data, existing studies are generally based on very small sample sizes, lacking systematic evaluation in populations with gait impairments. Secondly, most strategies remain validated only under standardized experimental conditions, with a limited verification of their adaptability to real-world gait fluctuations and complex terrains. Thirdly, both deep learning models and nonlinear control approaches exhibit a high dependency on hardware performance and modeling accuracy, increasing the cost and difficulty of practical deployment. Finally, the lack of large-scale clinical trials and clearly defined regulatory pathways significantly constrains the translational potential of these novel control strategies.



Additionally, most current CPLLE controllers focus on three primary goals: providing adaptive assistance, ensuring the stable execution of assistive movements, and promoting gait reconstruction and neuromuscular rehabilitation. While the three-layer control framework—comprising gait phase recognition, command generation, and motion execution—has been well established, research on biological and environmental signal recognition for guiding the overall exoskeleton behavior transitions remains underdeveloped. Some studies classify such strategies as the highest control layer within the exoskeleton controller hierarchy [6], yet among the reviewed literature, fewer than 10% of studies have implemented intelligent behavior adaptation strategies that operate without manual switching by caregivers or users.



This limitation may stem from the fact that current CPLLE designs remain primarily tailored for controlled environments with high-intensity training protocols, rather than being optimized for complex and dynamic real-world conditions [5].




6.3. Discussion on Future Development Directions


CPLLE design has evolved from merely miniaturizing adult exoskeletons to developing tailored solutions for children with CP. Its training functions have expanded from single-mode passive assistance to support multi-objective adaptability and applications across diverse scenarios. As controllers and actuators continue to improve in performance, future CPLLE will face increasing demands for both enhanced assistive motion capabilities and improved environmental adaptability.



In terms of high-level control strategies, traditional FSM and their variants suffer from a limited flexibility, restricting functional expansion. Future designs may integrate lightweight models such as MobileNet or TinyML. They may also leverage embedded platforms capable of on-device inference, including NVIDIA Jetson, Google Coral, or K210, to enhance control optimization. Furthermore, advancements in edge computing, neural network pruning, and Transformer-based AI models have significantly enhanced the inference capabilities of low-power devices, driving progress in intelligent motion pattern recognition, environmental perception, and adaptive control. For instance, integrating reinforcement learning to train personalized gait models and dynamically adjusting assistive strategies based on real-time sensor feedback could greatly enhance training efficiency and user experience. Additionally, due to cost constraints, future research may explore new phase recognition algorithms such as adaptive oscillators [119,120], which can function without relying on high-performance processors, further optimizing CPLLE controller design.



Low-level control strategies in CPLLE are highly dependent on actuator selection and material properties. With advancements in lightweight, high-elasticity, and intelligent response materials, as well as the integration of AI, adaptive control, and predictive control, traditional servo motor-based commercial control systems may gradually be replaced by more flexible, custom-designed control algorithms. Techniques such as SMC and BC are expected to see wider adoption, offering not only cost reductions but also more personalized and adaptive control strategies.



Regarding clinical translation, most CPLLEs reported in current studies remain at the experimental stage and have not progressed to clinical trials or commercial deployment. Beyond the frequently discussed issues of regulatory compliance and ethical considerations, this review suggests that a critical additional factor may be the excessive focus on technical aspects during control strategy design, with insufficient attention to the practical demands of clinical rehabilitation. Based on previous analyzes, several recommendations for control strategy development can be proposed as follows: for instance, EMG-driven strategies, which suffer from unstable signal recognition, should be targeted toward specific patient groups and combined with more adaptable control modes in practice; for multi-joint exoskeletons, improving system transparency is essential; in addition, given that some patients cannot immediately engage in active training, multi-strategy transitional control designs are needed; and for single-joint exoskeletons, control strategies should prioritize targeted functional improvements and enhancements in energy efficiency.



Furthermore, as CPLLE development continues to mature, future research may extend beyond gait training to focus more on real-world applications and daily activities, emphasizing the need for rapid mode transitions and enhanced environmental adaptability. This shift will likely lead to a greater emphasis on higher-level control strategies, such as motion recognition and terrain adaptation, to further improve patient mobility in dynamic environments.




6.4. Limitations


It should be noted that this review has certain limitations:



This study conducted a literature search through the Web of Science and IEL databases, restricting the selection to publications in English. As a result, there may be limitations in the search scope, and some commercially available CPLLEs, for which only performance testing data are publicly available without detailed control strategy documentation, were excluded from the review [121,122,123,124,125,126]. It primarily focuses on active lower-limb exoskeletons designed specifically for CP children, excluding devices intended for spinal cord injuries, traumatic brain injuries, and other pediatric neurological disorders. Additionally, purely mechanical orthotic devices and studies limited to simulation without prototype validation were not included. While this narrow scope helps identify key patterns in CPLLE control systems, it may limit the applicability of findings to a broader range of pediatric rehabilitation devices.



In terms of clinical validation, although the representative CPLLE control strategies discussed in this review (e.g., HAL, CPWalker, and Lokomat) have been verified through moderately sized experimental trials and demonstrate a relatively high credibility, a considerable portion of the remaining studies involve only healthy children, adults, or a very limited number of patients. Some are confined to technical-level validations and lack direct evidence of clinical effectiveness. Therefore, these strategies are more appropriate as design references for controller development rather than established approaches with demonstrated rehabilitation outcomes.



Moreover, current clinical research on CPLLEs tends to focus on children with mild to moderate spastic CP (GMFCS levels I–III), while validation for those with more severe motor impairments (GMFCS IV–V) or other CP types (e.g., dyskinetic or ataxic CP) remains limited. Clinical evaluation indicators are predominantly biomechanical, such as walking speed, step length, and joint angles, whereas broader rehabilitation outcomes—such as daily functional independence (e.g., activities of daily living), quality of life (e.g., the Pediatric Quality of Life Inventory), user compliance, and satisfaction—are rarely assessed in a systematic manner. These limitations constrain the clinical scope of CPLLE control strategy evaluation and restrict the generalizability of this review’s conclusions to more severely affected patients and broader real-world applications.





7. Conclusions


This paper begins by addressing the specific challenges in CPLLE design, summarizes the differences in control strategy design compared to typical adult exoskeletons, and outlines the corresponding design objectives. A hierarchical, function-unit-based classification method for control strategies is proposed, which enables the systematic organization of CPLLE controllers across three key levels: the supervisory layer, action layer, and execution layer. This review focuses on the implementation methods of each control strategy at different levels and structurally categorizes their impact on rehabilitation, refining the fundamental design principles of exoskeleton controllers and providing a structured reference for controller development and control method implementation. It further highlights the patient-centered specificity of control strategy selection in CPLLE. This study addresses a gap in the current literature, where the unique characteristics of CPLLE have been acknowledged, but a systematic summary of control strategies reflecting these distinctions has been lacking.



Findings indicate that CPLLE controllers are typically optimized for specific rehabilitation goals, requiring clear objective definition before selecting an appropriate control strategy. Currently, most CPLLE control methods employ either TLP + PPR + CLP for fully assistive training or FSM + TPR/IC + CLT for partially assistive training, covering the entire rehabilitation cycle. However, adaptability and personalized matching remain significant challenges, driving recent research efforts toward exploring novel control methods to enhance CPLLE adaptability. Additionally, current CPLLE studies lack an effective utilization of biological and environmental signals, with control strategies still limited to predefined conditions, constraining exoskeleton applications in dynamic environments.



This study consolidates a wide range of control strategies, though direct performance comparisons are challenging due to variations in rehabilitation objectives and evaluation metrics. Nevertheless, trends in CPLLE development indicate that controller performance is continuously improving, with future designs expected to be more intelligent, flexible, and capable of adapting to complex environments while better meeting the needs of CP children. Advanced control strategies may incorporate lightweight machine learning models and embedded AI hardware, while low-power, high-precision phase recognition methods (e.g., approaches based on adaptive frequency oscillators) could be explored. At the low-level control layer, CPLLE may shift away from traditional commercial servo motor presets, adopting more precise autonomous control techniques such as SMC and BC. With growing emphasis on exoskeleton mode transitions and automatic adaptation in dynamic environments, future CPLLE controllers may integrate higher-level control strategies to facilitate full-system behavior adjustments.



In summary, CPLLE is no longer merely a downsized adaptation of adult exoskeletons. Its control strategy must be closely tailored to the unique physiological characteristics, cognitive abilities, and rehabilitation pathways of children with CP, while also addressing the implementation constraints imposed by lightweight structures and limited hardware resources. As a result, its child-centered design features have become increasingly prominent.
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Figure 1. Illustrations of the rehabilitation spectrum, depicting the progressive transition as a function of a patient’s active participation     F   P     and machine assistance     F   M    . 
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Figure 2. The preferred reporting items for the systematic reviews and meta-analysis (PRISMA) flowchart. 
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Figure 3. The hierarchical control architecture and signal flow of the exoskeleton system. 
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Figure 4. A schematic diagram of exoskeleton control strategy functional unit decomposition and control module organization. 
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Figure 5. Illustrations of joint angle changes in the patient and CPLLE under two position profile modes (shaded areas indicate deviations between the patient and device trajectories): (a) predefined position profiles; (b) real-time position profiles. 
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Figure 6. Two torque output modes designed in P.REX [54]: constant torque output (red curve), and online torque profile generation (green curve). 
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Figure 7. The distribution of control strategy usage across different levels. 
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Table 1. The structured classification of control strategies for pediatric lower-limb exoskeletons.
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Study

	
Device Name

	
Joints Under Control

	
Actuator

	
Control Strategy




	
Supervisory

	
Action

	
Execution






	
Lerner et al. [15,16,41,42,43,44,45,46,47,48,49]

	
-

	
A

	
EM

	
FSM

	
TPR

	
CLT




	
Lerner et al. [11,20,50,51,52]

	
-

	
A

	
EM

	
FSM

	
TPR

	
CLT




	
Lerner et al. [28,38,39]

	
-

	
A

	
EM

	
FSM

	
TPR

	
CLT




	
Bulea et al.

[19,23,24,29,53,54]

	
P.REX

	
KA

	
EM

	
FSM

	
TPR/IC

	
CLT/CLP




	
Bulea et al. [13,55]

	
-

	
K

	
EM

	
ML

	
TPR

	
CLT




	
Lerner et al. [13,56,57,58,59,60]

	
-

	
K

	
EM

	
FSM

	
TPR

	
CLT/BC




	
Lerner et al. [37]

	
-

	
H

	
EM

	
FSM

	
TPR

	
CLT




	
Mansilla Navarro

et al. [61,62]

	
-

	
KA

	
SMA

	
TLP

	
PPR

	
CLP




	
Lee et al. [12]

	
-

	
HK

	
EM

	
FSM

	
IC

	
CLT




	
Sarajchi et al. [27,63]

	
SLE

	
HKA

	
EM

	
-

	
IC

	
CLT




	
Zhang et al. [33]

	
MOTION

	
HKA

	
EM

	
FSM

	
PPR

	
CLP




	
De Groof et al. [64]

	
-

	
H

	
EM

	
FSM *

	
IC/TPR

	
CLT




	
Andrade et al. [65,66,67]

	
ExoRoboWalker

	
HKA

	
EM

	
FSM

	
IC

	
CLT




	
Narayan et al. [68,69,70,71,72]

	
LLE

	
HKA

	
EM

	
TLP

	
PPR

	
SMC




	
Narayan et al. [73]

	
LLE

	
HKA

	
EM

	
TLP

	
PPR

	
BC




	
Narayan et al. [74,75]

	
LLE

	
HKA

	
EM

	
TLP

	
PPR

	
CLP *




	
Narayan et al. [76]

	
LLE

	
HKA

	
EM

	
-

	
TPR *

	
CLT




	
Laubscher et al. [35,77]

	
-

	
HK

	
EM

	
FSM

	
TPR *

	
CLT




	
Laubscher et al. [78,79]

	
-

	
HK

	
EM

	
-

	
TPR/VC

	
CLT




	
Laubscher et al.

[7,14,77,80]

	
-

	
HK

	
EM

	
TLP

	
PPR/VC

	
CLP




	
Everaert et al. [81]

	
-

	
A

	
EM

	
-

	
IC

	
TPR




	
Mohammadi et al. [82]

	
DE-AFO

	
A

	
SEA

	
FSM

	
PPR

	
CLP




	
Gonzalez-Vazquez

et al. [83]

	
-

	
A

	
TCP

	
TLP

	
PPR

	
CLP




	
Yamada et al. [30]

	
-

	
K

	
EM

	
FSM

	
TPR *

	
OLT




	
Eguren et al. [84]

	
P-LEGS

	
HKA

	
EM

	
TLP

	
PPR/IC

	
CLT/CLP




	
Bayón et al. [17,85,86,87,88]

	
CP-Walker

	
HKA

	
EM

	
-

	
PPR/IC

	
CLT/CLP




	
Mohd Adib et al. [89]

	
ExRoLEG

	
K

	
EM

	
-

	
-

	
CLP




	
Patané et al. [31,32]

	
WAKE-up

	
KA

	
SEA

	
FSM

	
PPR

	
CLP




	
Cestari et al. [36,90,91,92,93,94]

	
ATLAS 2020

	
HKA

	
SEA

	
FSM

	
PPR/IC

	
CLT/CLP




	
Kawamoto et al.

[26,40,95,96,97,98]

	
HAL

	
HK

	
EM

	
FSM

	
EBC

	
CLT




	
Snodgrass et al. [18]

	
-

	
K

	
EM

	
FSM

	
TPR

	
CLT




	
Pérez-San Lázaro

et al. [99]

	
-

	
HKA

	
EM

	
TLP

	
PPR

	
SMC




	
Zaway et al. [100]

	
-

	
HK

	
EM

	
-

	
-

	
CLP




	
Kim et al. [101]

	
Angel-legs

	
HK

	
EM

	
FSM

	
IC */TPR

	
CLT




	
Kawasaki et al. [102]

	
HWA

	
H

	
EM

	
FSM

	
TPR

	
CLT




	
Romero-Sorozabal

et al. [103,104]

	
Discover2Walk

	
A

	
EM

	
-

	
IC

	
CLT




	
Villani et al. [34]

	
ExoAtlet Bambini

	
HKA

	
EM

	
-

	
TPR/PPR

	
CLP




	
Maalej et al. [105,106]

	
Lokomat

	
HK

	
EM

	
TLP

	
PPR

	
CLP




	
Kirtas et al. [107]

	
-

	
A

	
EM

	
-

	
PPR

	
BC




	
Wu et al. [108]

	
-

	
A

	
EM

	
-

	
TPR/PPR

	
CLT/CLP




	
Eguren et al. [109]

	
-

	
HKA

	
EM

	
-

	
TPR

	
CLT




	
Park et al. [110]

	
-

	
H

	
EM

	
FSM

	
PPR

	
CLP




	
Tong et al. [111]

	
-

	
H

	
PN

	
FSM

	
-

	
OLT




	
Alcivar-Molina et al. [112]

	
-

	
HKA

	
EM

	
ML

	
PPR

	
CLP




	
Durfee et al. [113]

	
-

	
A

	
HA

	
-

	
PPR

	
CLP




	
Ding et al. [114]

	
ChMER

	
HKA

	
EM

	
TLP

	
PPR

	
CLP








H: Hip; K: Knee; A: Ankle; HK: Hip–Knee; HA: Hip–Ankle; HKA: Hip–Knee–Ankle; KA: Knee–Ankle; EM: Electric Motor; SMA: Shape Memory Alloy; SEA: Series Elastic Actuator; TCP: Twisted and Coiled Polymer; PN: Pneumatic Actuator; HA: Hydraulic Actuator; FSM: Finite State Machine; ML: Machine Learning; TLP: Time-Linear Gait Phase; PPR: Position Profile; TPR: Torque Profile; IC: Impedance Control; EBC: Electromyography-Based Control; CLP: Closed-Loop Position Control; CLT: Closed-Loop Torque Control; OLT: Open-Loop Torque Control; VC: Virtual Constraints; BC: Backstepping Control; SMC: Sliding Mode Control; * indicates a variation or extended version of the original control strategy.













 





Table 2. A comparison of several supervisory-layer control strategies.
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	Output
	Adaptability
	Real-Time
	Complexity
	Application
	Validation Metrics





	TLP
	Continuous
	Low
	High
	Low
	Early-stage development, low-cost, low-complexity LLE, fixed rhythm training
	Biomechanical: gait symmetry, step length, GMFM;

Testing during the early development of CPLLE



	FSM
	Discrete
	Medium
	High
	Medium
	Personalized control, precise control of multi-joint exoskeletons
	Biomechanical: joint timing, phase-triggered EMG assist



	ML
	Continuous
	High
	Depends on the model (usually slower)
	High
	Complex gait recognition and intention prediction, personalized rehabilitation strategies
	Validated in small-scale lab settings or offline analysis; few pilot studies in CP










 





Table 3. A comparison of several action-layer control strategies.
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	Output
	Adaptability
	Real-Time
	Complexity
	Application
	Validation Metrics





	PPR
	Motion trajectory (variation of angle or velocity)
	Low
	Lower
	Low
	Early-stage and fixed-mode training, predefined gait cycle
	Biomechanical: gait symmetry, step length, GMFM-88



	TPR
	Joint torque (torque signal varying over time)
	Medium
	Higher
	Higher
	Active training mode, gait correction, muscle strength training
	Biomechanical: joint torque, walking speed, metabolic cost



	IC
	Dynamic adjustment values of joint stiffness and damping
	Higher
	Higher
	High
	Applicable for gait optimization, enhancing user-initiated movement
	Biomechanical: gait parameters, patient-triggered adaptation



	VC
	Constrained gait trajectory and torque output
	Medium
	Medium
	Higher
	Gait stability optimization, enhancing user active control
	Healthy children only: gait pattern shaping, GRF modulation;



	EMG
	Assistance signal calculated based on EMG
	High
	Medium
	Higher
	Motion intention recognition, personalized optimal training
	Biomechanical: EMG activation, GMFM, step length










 





Table 4. A comparison of several execution-layer control strategies.
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	Control Variables
	Adaptability
	Complexity
	Actuator
	Validation Metrics





	CLP
	Position
	Low
	Low
	Rigid Actuators (High-Precision Gears, Harmonic Reducers)
	Validated during early rehabilitation stages; improved gait symmetry and GMFM scores in CP children



	CLT
	Torque
	Medium
	Medium
	Both Rigid and Flexible Actuators Applicable
	Tested in multiple CP studies; improvements in torque regulation, step length, and metabolic cost



	SMC
	State Variables
	Higher
	Higher
	Requires Enhanced System Robustness, Suitable for Systems with Individual Differences
	Pilot validation in laboratory settings and small-scale trials involving healthy children



	BC
	Recursive Virtual Control Variables
	High
	High
	Suitable for Handling Mismatched Disturbances in Complex Environments
	No CP clinical validation; tested in healthy children for GRF and motion pattern modulation
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