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Abstract

Approximately two-thirds of stroke patients initially experience impaired mobility, and stroke
reduces mobility in more than half of survivors aged 65 years and older. Rehabilitation
technologies must move beyond repetitive predefined assistance toward systems that can provide
compact, efficient, and patient-responsive lower-limb support. This study proposes a deep
learning-enhanced lower-limb exoskeleton that integrates a multicriteria-optimized mechanical
design with EMG-based movement-intention classification. The mechanical subsystem is
designed to improve foot-trajectory accuracy, step height, force transfer, and compatibility with
human lower-limb anatomy while reducing structural bulk and actuator complexity. The control
system acquires lower-limb EMG signals, extracts time—frequency features using Short-Time
Fourier Transform, and classifies movement intentions using a deep learning model to generate
corresponding motor assistance.

Multicriteria Optimization
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where L is the stride length, and Py (&g, 7o) is the starting position

Criteria space:
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Table 1: Compromising solutions
LPT c1 C2 c3 (°)  Psupport (7) €4 cs Co

732 0.01592 —-2.31512 41.83399 183.67871 0.93598 0.54727 9.14969
12432 0.00965 —2.19499 26.92114 187.06830 0.94101 0.31995 5.35001
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Lower Limb EMG Signals
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Feature Extraction
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Table 1. Architecture of the proposed model for EMG signal
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Deep Learning for EMG Signal : Evaluation
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EMG Signals Preprocessing
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Obtained Model

classification.
Layer (type) Output Shape Param #
Convld 32 (ConvlD) (None, 1023, 32) 512
YK POOTHIEle 57 (None; 511, 32) 0
(MaxPoolingl D)
Convld 33 (ConvlD) (None, 509, 64) 6208
Max_pool.l ngld 33 (None, 254, 64) 0
(MaxPoolingl D)
Flatten 16 (Flatten) (None, 16256) 0
Dense 48 (Dense) (None, 128) 2080896
Dropout 16 (Dropout) (None, 128) 0
Dense 49 (Dense) (None, 64) 8256
Dense 50 (Dense) (None, 3) 195
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Multi-criteria optimization delivers an efficient mechanical
design (76% trajectory improvement, 1.018 m step height)
whose simplified control system is driven in real time by
the patient's decoded EMG intent replacing passive
trajectory playback with the active engagement that drives
neuroplasticity and recovery.
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