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Abstract


The travel problem of visually impaired people is a worldwide issue that needs urgent attention. Although intelligent guide sticks provide obstacle detection and early warning through multi-sensor fusion and embedded algorithms, existing systems generally cannot model the temporal movement patterns of dynamic obstacles, such as pedestrians and vehicles, thereby hindering intention prediction and active obstacle avoidance. Long short-term memory (LSTM), with its gating mechanism, effectively captures long-term dependencies in trajectories and offers a promising solution. This review compares and analyzes LSTM against other mainstream temporal models under the resource constraints of intelligent guide sticks and finds that LSTM demonstrates a favorable combination in temporal modeling capability, lightweight maturity, and edge deployment feasibility. We categorize five lightweight techniques—architecture simplification, low-rank decomposition, structured pruning, quantization, and knowledge distillation—and examine their compression effectiveness, accuracy preservation, and hardware applicability across typical platforms. Furthermore, this review surveys application cases in speech guidance, trajectory prediction-based obstacle avoidance, positioning and navigation, edge computing, and Internet collaboration, exploring the diverse potential of LSTM in intelligent guide stick scenarios. The findings indicate that, after lightweight processing, LSTM models can meet the deployment requirements of resource-constrained edge devices, suggesting their potential feasibility on resource-constrained hardware platforms. However, existing applications still face challenges in balancing real-time performance and accuracy, meeting stringent resource constraints, and the absence of end-to-end validation on real intelligent guide stick prototypes. The reviewed evidence suggests that LSTM-based prediction represents a promising and practically valuable pathway for transitioning intelligent guide sticks from passive response to active prediction. Future research should prioritize real-world deployment validation, domain-specific data collection, and hardware-software co-design to realize its potential fully.
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1. Introduction


The travel problem of visually impaired people is a worldwide issue that needs urgent attention. The World Health Organization estimates that at least 2.2 billion people worldwide have near-vision or far-vision impairment, of whom at least 1 billion cases could have been prevented or remain untreated [1]. With population aging and changing lifestyles, the number of visually impaired people continues to grow, making travel difficulties increasingly prominent. Traditional white canes, while capable of detecting ground-level obstacles through physical contact, cannot detect hanging obstacles at waist or head height, and require systematic orientation and mobility training—which some visually impaired individuals forgo due to the high training threshold or psychological resistance. Intelligent guide sticks, which achieve obstacle detection and early warning through multi-sensor fusion and embedded algorithms, have become an important research direction in assistive mobility. However, existing typical systems—such as those based on LiDAR and RGB-D cameras [2], YOLO-Fastest [3], SenseStride [4], and more recently emerging edge-cloud collaborative platforms [5,6,7,8]—although capable of target recognition and distance warning, cannot generally model the temporal movement patterns of dynamic obstacles such as pedestrians and vehicles, making intention prediction and active obstacle avoidance difficult.



In this context, Long Short-Term Memory (LSTM) networks [9] offer a viable technical pathway to address these limitations. Through the cooperative control of the forget gate, input gate, and output gate, LSTM effectively alleviates the vanishing and exploding gradient problems of traditional recurrent networks and can stably capture long-term dependencies in the trajectories of dynamic obstacles. This characteristic gives LSTM significant advantages in trajectory prediction and intention recognition tasks, and provides a theoretical foundation for its introduction into intelligent guide stick systems. In recent years, LSTM has been extensively validated in pedestrian-dense scenarios and autonomous driving applications; however, its suitability for deployment in intelligent guide sticks—a resource-constrained, unstable-field-of-view scenario—remains to be evaluated.



Although independent reviews exist on intelligent guide stick hardware, general deep learning compression, and pedestrian trajectory prediction, studies that integrate these three domains from a task–hardware–algorithm co-design perspective remain scarce. Specifically: (1) existing intelligent guide stick–oriented reviews primarily focus on sensor configuration and feedback modalities, without thoroughly analyzing the deployment suitability of temporal prediction models on embedded platforms; (2) existing lightweight surveys largely concentrate on general model compression techniques or optimization schemes for CNNs/Transformers, and provide insufficient classification for the gated structure of LSTMs; and (3) existing trajectory prediction studies are mostly based on autonomous driving or surveillance scenarios, overlooking the unique constraints of sensors mounted on intelligent guide sticks, such as low mounting height, unstable field of view, and warning horizons of less than 2 s.



To address these gaps, this review aims to evaluate the applicability of LSTM in intelligent guide stick scenarios, synthesize lightweight deployment methods, and identify the critical gaps between algorithmic validation and engineering implementation. Specifically, we first construct an applicability analysis framework that compares LSTM against other mainstream temporal models under the resource constraints of intelligent guide sticks. Second, we propose a hierarchical taxonomy of lightweight methods tailored to the LSTM gated structure, and analyze the applicability and trade-offs of each technique across typical hardware platforms. Third, we find that although numerous studies have validated LSTM-based prediction in robotic or simulation environments, and preliminary explorations of Internet-integrated assistive systems have emerged, end-to-end deployment on actual intelligent guide stick prototypes with system-level validation involving visually impaired users has yet to be achieved, thereby drawing a clear boundary between algorithmic potential and engineering reality. This review provides a framework for researchers and engineers transitioning from passive obstacle detection to active intention prediction in assistive navigation devices.



To guide this review, the following research questions were formulated:



RQ1: What are the mainstream LSTM-based methods for pedestrian trajectory and intention prediction, and what are their performance characteristics and applicable scenarios?



RQ2: What lightweight techniques are currently available for deploying LSTM models on resource-constrained edge platforms, and what are their compression performance, accuracy preservation, and hardware applicability?



RQ3: What are the key technical bottlenecks in integrating LSTM-based trajectory and intention prediction capabilities into intelligent guide stick systems, and how can they be addressed in future research?



This review focuses on deploying LSTM-based pedestrian intention prediction on MCU-level embedded platforms, with particular emphasis on lightweight techniques for STM32-series microcontrollers. Such platforms offer a favorable balance between power consumption and performance required for wearable assistive devices (<500 mW, >8 h battery life). While FPGA-based approaches are also discussed where relevant, the core analysis centers on MCU-level deployment as the main thread.



Section 2 first describes the scope and selection criteria of the literature search for this review, followed by an overview of intelligent guide stick systems and their existing limitations in Section 3. Section 4, Section 5 and Section 6 then address the three research questions respectively, with discussion and conclusions presented in Section 7 and Section 8.




2. Methods


This review aims to survey the technical landscape and research progress of LSTM-based pedestrian intention prediction and lightweight deployment for intelligent guide sticks. To ensure transparency and reproducibility of the literature coverage, this section defines the database sources, time window, search terms, and inclusion principles.



Databases searched include IEEE Xplore, Web of Science, Scopus, PubMed, and China National Knowledge Infrastructure (CNKI), covering both international frontier research and domestic engineering-oriented contributions.



The search period spans from January 1997 to June 2026. The starting year is set to 1997, which corresponds to the publication of the foundational LSTM paper by Hochreiter and Schmidhuber [9]. This seminal work established the theoretical basis for all recurrent temporal prediction models discussed in this review, making it the most appropriate starting point for tracing the evolution of LSTM-based methods. Furthermore, the representative pioneering work on pedestrian trajectory prediction, Social LSTM [10], was published in 2016, and falls well within this retrieval interval. The end date covers all publicly available publications up to the manuscript submission date in June 2026.



Search keyword combinations included English terms such as “LSTM”, “long short-term memory”, “pedestrian trajectory”, “intention prediction”, “guide stick”, and “smart cane”.



Literature inclusion follows these principles: (1) studies involving LSTM in pedestrian trajectory or intention prediction; (2) studies addressing model compression, quantization, pruning, or other lightweight techniques, as well as embedded or edge deployment; (3) studies related to assistive navigation devices, intelligent guide sticks, or visually impaired assistance systems. Preference is given to peer-reviewed journal articles and conference papers, while representative preprints and technical reports are also considered where they provide significant technical contributions.



It should be noted that this article is structured as a narrative review, aiming to organize the technical evolution, mainstream approaches, and engineering challenges in a coherent manner, rather than following the PRISMA guidelines for a systematic review.




3. Overview of Intelligent Guide Stick System


Intelligent guide sticks achieve environmental perception and interactive feedback through multi-sensor fusion and embedded algorithms, serving as important assistive devices for the travel of visually impaired individuals. Existing systems generally adopt a “perception-decision-feedback” three-tier hardware architecture and have made certain progress in obstacle detection and distance warning, yet remain significantly limited in intention prediction and active obstacle avoidance for dynamic obstacles. This section first introduces the composition and functions of typical hardware architectures, then outlines the key functional requirements and technical specifications, and finally provides a comparative analysis of three representative systems.



3.1. Typical Hardware Architecture


The sensing layer integrates multiple complementary sensors for comprehensive environmental perception. Ultrasonic sensors provide basic ranging from 2 cm to 450 cm with centimeter-level accuracy, typically arranged in a multi-probe layout to eliminate blind spots [3]. Time-of-Flight (ToF) sensors offer higher precision (±5 mm) for mid-range detection up to 4 m, making them particularly suitable for detecting hanging obstacles at head height [4]. 2D LiDAR enables 360° omnidirectional scanning for environmental contour mapping and SLAM-based localization, though at higher cost and power consumption. RGB-D cameras simultaneously capture color images and depth information, supporting 86-class object recognition including pedestrians, vehicles, and traffic lights [2]. However, the use of such visual sensors in public spaces inevitably captures bystander information, raising privacy concerns that should be addressed through on-device processing and data minimization. Inertial Measurement Units (IMUs) monitor the stick’s attitude and the user’s motion state through three-axis accelerometers, gyroscopes, and magnetometers, enabling fall detection and assisting positioning during GPS loss [2]. This multi-sensor configuration effectively eliminates the detection blind spots inherent to single-sensor solutions. Figure 1 illustrates the overall architecture of the environmental sensing and time-series preprocessing module, including the data acquisition, multi-sensor fusion, and the generation of temporal input sequences for subsequent prediction.



The decision layer serves as the computational core, responsible for sensor data fusion and algorithm execution. Embedded platforms are selected based on the trade-off between computing power and power consumption. High-performance platforms such as the NVIDIA Jetson Nano deliver up to 472 GFLOPS at 5–10 W, enabling end-to-end deep learning models like YOLOv5 for target detection and tracking [2], though their power demands limit endurance. Mid-range platforms like Raspberry Pi 4 operate at 3–5 W, suitable for lightweight models such as YOLO-Fastest with inference delays within 120 ms per frame [3]. Ultra-low-power platforms such as STM32 series microcontrollers consume only 0.1–0.5 W, running RTOS-based simple algorithms like distance thresholding with response delays as low as 50 ms, making them suitable for battery-powered wearable devices [4]. Field-Programmable Gate Arrays offer nanosecond-level precision timing and hardware-level image processing acceleration, with demonstrated response times at the millisecond level for obstacle detection [11,12]. Figure 2 depicts the internal structure of the lightweight LSTM prediction and risk grading module within the decision layer, illustrating the complete computational pipeline from temporal feature extraction to risk-level output.



The feedback layer conveys processed environmental information to the user through multimodal interaction. Voice feedback via bone-conduction headphones or small speakers delivers complex information such as obstacle type, distance, and direction, supporting offline wake-up and context-aware dialog. Vibration feedback through eccentric rotating mass motors provides tactile signals that do not occupy auditory channels, allowing users to simultaneously perceive environmental sounds. Vibration frequency and intensity are graded according to obstacle distance: safe distance (>150 cm) triggers no feedback; caution distance (80–150 cm) produces low-frequency vibration; warning distance (30–80 cm) produces medium-frequency vibration; and danger distance (<30 cm) triggers high-frequency vibration. Multi-directional tactile feedback is achieved by arranging vibration motors at different handle positions to indicate obstacle direction. In practice, voice and vibration are used cooperatively—vibration for routine navigation to maintain environmental awareness, and voice for complex or hazardous situations requiring detailed description [4]. Figure 3 presents the overall architecture of multi-modal human–machine feedback and closed-loop iteration, covering the cooperative working mechanisms of voice, vibration, and other feedback modalities.




3.2. Functional Requirements and Technical Indicators


The functional requirements of the intelligent guide stick span multiple dimensions, including obstacle detection, target recognition, real-time warning, positioning and navigation, endurance, and hardware resource constraints. Table 1 summarizes the above functional requirements, specific technical indicators, and their constraint significance for LSTM deployment, providing the basic boundary conditions for subsequent model selection and lightweight design.



In terms of obstacle detection, the system needs to detect obstacles in front, above, and on the ground in real time. Typical schemes use ultrasonic or ToF sensors. For example, the HC-SR04 ultrasonic sensor (Shenzhen Enfu Electronic Technology Co., Ltd. Shenzhen, China) has a detection range of 2 cm to 400 cm, a resolution of up to 3 mm, and a recommended measurement cycle of over 60 ms between trigger events [3]. The detection period should be kept within the sensor’s recommended cycle to meet real-time requirements, and the sensor’s recommended measurement cycle of 60 ms corresponds to approximately 16 Hz [13]. Some schemes also integrate infrared sensors for close-range blind compensation and inertial measurement units for stick posture monitoring and fall detection, thereby expanding the range of sensing data.



For pedestrian and vehicle recognition, the system needs to distinguish between obstacle types to assist decision-making. The intelligent guide stick, based on the improved YOLOv5 algorithm [2,14], can recognize 86 object types in the benchmark dataset [2]. The recognition rate of the crosswalk is 84.6%, the vehicle recognition rate is 71.8%, and the system processing frame rate is maintained at 25–26 fps [2]. The YOLO-Fastest-based YF-SLAM system achieves 10.12 ms per frame for segmentation and tracking on embedded platforms [15]. In recent years, researchers have further explored the fusion strategy of the ReLU and SiLU activation functions, combined with an improved coupling head detection module and the SloU bounding box loss function, to improve detection accuracy and model robustness for small obstacles in complex backgrounds [2].



In terms of real-time early-warning feedback, the total end-to-end delay of the system is usually required to be kept between 50 ms and 150 ms. The typical tactile feedback scheme adopts the vibration motor array, and sets different vibration pulse durations according to the distance of the obstacle: the long distance is the safe range, and the system has no feedback; middle distance produces a short vibration pulse to prompt attention; produces a medium vibration pulse for early warning at close range; and dangerous distance triggers a long vibration pulse as alarm [4]. In some commercial products, such as the WeWALK Smart Cane 2 [16], obstacle detection sensors capable of detecting obstacles above waist level are added to detect suspended obstacles, such as branches and lintels, and to warn users via audio or tactile vibration feedback. In addition, for example, the AI guide device of commercial products such as Glide [17] uses a stereo depth camera combined with voice and vibration prompts to achieve a lead function similar to a ‘guide dog’ (i.e., the device provides active directional guidance through wheel control, not an actual canine) through active wheel control. It is important to note that the performance claims for these commercial products are based on manufacturer documentation and marketing materials, and have not been independently verified in peer-reviewed academic studies. These feedback methods do not occupy the auditory channel, allowing users to perceive environmental sounds simultaneously and achieve response delays as low as 50 ms.



In terms of positioning and navigation, the system usually integrates GPS modules for outdoor positioning, and the horizontal positioning accuracy must be better than 5 m [2]. The typical scheme uses two-in-one modules, such as the SIM808, to support A-GPS-assisted positioning and shorten the first positioning time. For indoor and other GPS-signal-missing scenarios, 2D LiDAR combined with the Cartographer algorithm [18] can be used to perform SLAM mapping and positioning. The mapping accuracy can reach 1 m ± 7 cm, and the SLAM mapping speed is maintained at 25–31 fps [2]. The scheme achieves autonomous guidance through omnidirectional wheel drive, enabling the intelligent guide stick to navigate actively.



In terms of endurance and hardware resources, the system needs to support continuous use for more than 8 h. A low-power platform such as an STM32 series microcontroller can have power consumption controlled to 0.1–0.5 W; standby power consumption can be as low as 0.3 μA [19], with the FreeRTOS real-time operating system enabling multi-task scheduling and power optimization. High-power platforms such as Jetson Nano have a power consumption of 10–15 W [2] is suitable for applications that require end-to-end deep learning. For low-power MCU-based solutions such as the STM32L series, Flash resources are usually limited to 512 KB, and SRAM to 256 KB [19]. By optimizing the handle design and the layout of electronic components, the WeWALK Smart Cane 2 (Wewalk Teknoloji A.S., İstanbul, Türkiye) achieves a weight close to that of a traditional white cane, making it easy to carry and use for extended periods.



In terms of weight and portability, the system’s overall weight should be kept below 400 g [4], which is close to that of the traditional white stick. This limitation indirectly constrains battery capacity and heat-dissipation design, which in turn affects processor selection. In terms of environmental adaptability, the system needs to support various scenarios, such as day and night and indoor and outdoor settings, and the visual sensor needs to be adaptable to low illumination.





 





Table 1. The functional requirements and technical indicators of intelligent guide stick and its constraint significance for LSTM deployment.






Table 1. The functional requirements and technical indicators of intelligent guide stick and its constraint significance for LSTM deployment.





	Functional Classification
	Concrete Demand
	Technology Index
	Constraint Significance for LSTM Deployment





	Obstacle detection
	Real-time detection of front, upper and ground obstacles
	The ultrasonic/ToF detection range is 0.02–4.5 m [3]
	Perceptual data provides time series input for LSTM and requires data frame rate ≥ 10 Hz.



	Pedestrian/vehicle identification
	Distinguish the types of obstacles (people, cars, traffic lights, etc.)
	Recognition rate approximately 61% [2]; detection period approximately 10.12 ms [15]
	LSTM needs to be combined with CNN or accept the test result sequence for intention prediction.



	Intention anticipation
	Predict pedestrian crossing, stopping and other behaviors
	High accuracy intention classification
	LSTM needs to complete a single inference in tens of milliseconds, and the model needs to be lightweight.



	Real-time early warning feedback
	Voice/Vibration grading early warning
	The total end-to-end delay is less than 120 ms [3], and the typical system is 50–150 ms [3,4]
	LSTM inference delay needs to meet the real-time requirements of the system.



	Positioning and navigation
	GPS/Beidou Positioning, Path Planning
	Horizontal positioning accuracy ≤ 5 m (outdoor), auxiliary inertial navigation [2]
	LSTM can be used for position prediction and trajectory smoothing, but it is not a real-time core.



	Endurance function
	Continuous use of more than 8 h
	The power consumption of the whole machine needs to meet the requirements of continuous 8 h endurance [4]
	LSTM inference power consumption needs to be optimized, and gap wake-up or quantitative inference can be used.



	Hardware resource
	Run on MCU or low-end FPGA
	Flash ≤ 512 KB, SRAM ≤ 256 KB (typical STM32 level) [4]
	The number of LSTM weight parameters needs to be compressed to hundreds of KB (e.g., 3.4 k parameters after Slim LSTM compression [20]).



	Weight and portability
	Close to the traditional white stick
	Overall weight ≤ 400 g, usually around 300 g [4]
	Restrict battery capacity and heat dissipation, and indirectly restrict the selection of computer chips.



	Acclimatization
	Day/Night, Indoor/Outdoor
	The camera should support low illumination (such as infrared light), and the sensor should resist environmental interference
	LSTM needs to be robust to sensor noise and may require multi-modal fusion.









3.3. Existing System Analysis


To comprehensively understand the current technical status and deficiencies of intelligent guide sticks, this section selects four representative systems for comparative analysis. Table 2 provides an intuitive comparison of these four systems across multiple dimensions, including core sensors, main algorithms, key performance metrics, Internet technology integration, and temporal modeling capabilities.



	
Intelligent guide stick based on 2D LiDAR and RGBD camera






This system was proposed by Mai et al. [2], utilizing 2D LiDAR and an RGB-D camera as core sensors, with a Jetson Nano B01 and STM32 dual-processor architecture. The system employs the Cartographer algorithm [18] for laser SLAM mapping and localization, achieving mapping accuracy of 1 m ± 7 cm at a speed of 25–31 fps, enabling short-range obstacle avoidance and navigation in both indoor and outdoor environments. For target recognition, the system uses an improved YOLOv5 algorithm [2], recognizing 86 object categories on benchmark datasets [2], with a crosswalk recognition rate of 84.6%, vehicle recognition rate of 71.8%, overall recognition rate of 61.2%, and a processing frame rate maintained at 25–26 fps. The most distinctive feature of this system is its autonomous guidance capability through an omnidirectional wheel drive at the base, endowing the intelligent guide stick with active guidance functionality similar to a “guide dog” (i.e., the stick itself provides active directional steering, rather than an actual canine companion), effectively guiding visually impaired users to avoid obstacles and reach their intended destinations.



	2.

	
Predictive intelligent guide stick based on YOLO-Fastest







This study [3], from California State University, aims to address the limitation of traditional intelligent guide stick devices that can only provide reactive obstacle detection. The system uses a Raspberry Pi 4 as the computing platform, integrating ultrasonic sensors and an Arducam OV5647 wide-angle camera, (Nanjing Arducam Electronics Technology Co., Ltd., Nanjing, China) running the lightweight YOLO-Fastest [15] deep learning model to enable real-time obstacle detection and tracking. Unlike the previous scheme, this system predicts short-term obstacle trajectories by analyzing positional changes in moving objects between consecutive video frames, thereby achieving the leap from “passive response” to “active warning.” Experimental results show that the system achieves high spatial localization accuracy in static obstacle scenarios, with an average Euclidean error of only 2.05–5.17 pixels; however, in dynamic challenge scenarios such as fast-moving obstacles and sudden obstacles, prediction performance degrades significantly, with average Euclidean errors of 70.37–72.06 pixels and 64.85–65.41 pixels, respectively [3]. The system’s end-to-end latency is approximately 120 milliseconds per frame [3], primarily presented through visual warnings such as directional arrows and trajectory markers. These visual cues are used only for test verification and are not directly intended for visually impaired users.



	3.

	
Sense Stride guide stick







Sense Stride is an intelligent guide stick system designed by Megharsh et al. [4] based on the STM32H563ZI microcontroller and ToF sensors (STMicroelectronics, Geneva, Switzerland). The system employs multiple VL53L0X ToF sensors for multi-directional obstacle distance detection, combined with a PIR sensor to detect moving humans, providing feedback to users through tactile vibration. Its main advantages are low power consumption and low latency: the STM32H5 series consumes approximately 0.1–0.5 W, with response time controllable within 50 milliseconds. However, the system’s functionality is relatively simple, relying solely on distance threshold detection, lacking target recognition capability and the ability to predict dynamic movement trends of obstacles.



	4.

	
Edge Computing and Cloud Collaborative Intelligent Guide Stick







Gao et al. [21] proposed a vision-based intelligent guide stick system that uses an STM32F103 as the sensor data acquisition controller to collect multi-modal data from ultrasonic, GPS, and inertial sensors, transmitting the data via serial communication to a Jetson Xavier NX edge computing platform, where a YOLO model is deployed for visual perception and obstacle recognition, achieving an average detection speed of 20.61 FPS. This system realizes the decoupling and collaboration between low-level sensor acquisition and high-level deep learning inference, balancing real-time performance with power consumption and computational capability. Building on this foundation, an AIoT-based intelligent guide stick system [5] uses an STM32F407 as the main controller, integrating a K230 camera and BeiDou positioning module, achieving 94.2% recognition accuracy for traffic lights and 92.8% for crosswalks through an improved YOLOv5 algorithm, while uploading perception results to the cloud for remote monitoring. Veerasamy et al. [6] developed a low-cost intelligent assistive cane based on an edge-cloud collaborative platform, with a Raspberry Pi as the terminal device, implementing functions including overhead obstacle recognition, fall detection, and traffic signal recognition. Furthermore, a V2X-based solution [7] connects the intelligent guide stick with transportation infrastructure to obtain traffic light phase information for beyond-line-of-sight warning; Shireesha et al. [8] proposed a cloud-integrated smart cane solution that captures images via ESP32-CAM and uploads them to the Firebase cloud platform for object recognition, achieving 94.7% average recognition accuracy with 310 ms cloud inference latency within an IoT framework. However, the core algorithms of the above systems remain primarily CNN-based, without incorporating LSTM or other temporal prediction models. This means these systems can recognize current obstacles but cannot predict their future trajectories—the technological leap from “perceiving the present” to “predicting the future” remains a critical gap to be filled.



The comparative analysis of the four intelligent guide stick systems reveals several common limitations across current designs. Several review studies have indicated that existing electronic travel assistance devices generally face challenges such as limited processor performance and insufficient environmental perception, and that visually impaired users continue to experience considerable difficulties in dynamic obstacle avoidance and complex scene understanding [22,23]. From a technological evolution perspective, the first three systems focus respectively on current-frame perception, reactive warning, and local decision-making, while the fourth category, despite incorporating edge computing and cloud collaboration capabilities, still operates at the CNN-based current-frame recognition level. Notably, none of the systems reviewed have incorporated temporal motion modeling of dynamic targets into their decision-making pipelines, which limits their ability to anticipate short-term trajectory changes in pedestrians and vehicles. This observation suggests that introducing temporal modeling capabilities, such as LSTM, into intelligent guide stick architectures may offer a promising direction for transitioning from reactive warning to proactive assistance. However, the practical feasibility and effectiveness of such integration still require further investigation through systematic deployment and validation on actual intelligent guide stick prototypes.





 





Table 2. Comparison of four typical intelligent guide stick systems.






Table 2. Comparison of four typical intelligent guide stick systems.





	System
	Based on 2D LiDAR + RGB-D Camera
	Predictive Intelligent Guide Stick Based on YOLO-Fastest
	Sense Stride
	Edge Computing and Cloud Collaboration





	Core sensor and main control
	2D LiDAR, RGB-D camera; Jetson Nano + STM32 [2]
	Monocular camera, Ultrasonic; Raspberry Pi 4 [3]
	ToF sensor (VL53L1X), PIR; STM32H563ZI [4]
	Camera, ultrasonic, GPS, IMU; STM32F103 + Jetson Xavier NX [21]



	Core algorithm/function
	SLAM mapping [18] YOLOv5 target recognition (86 categories) [2,24]
	YOLO-Fastest target detection and trajectory prediction [3,15]
	Multi-direction obstacle threshold detection [4]
	YOLO object detection, cloud data upload, V2X communication [5,6,7,8]



	Key performance
	The accuracy of SLAM is 1 m ± 7 cm and the recognition rate of pedestrian crosswalk is 84.6% [2].
	The delay is about 120 ms/frame; dynamic obstacle prediction error 70–72 pixels [3]
	Response delay 50 ms; the accuracy of obstacle detection is 95% [4]
	Detection speed: 20.61 FPS [21]; traffic light recognition: 94.2%, crosswalk recognition: 92.8% [5]



	Feedback
	Omni-directional wheel autonomous guidance [2]
	Visual warning (for testing) [3]
	Five-direction tactile vibration [4]
	Voice feedback, remote monitoring [5,21]



	Power consumption and computing power requirements
	High (Jetson Nano Edge calculation, about 5–10 W) [2]
	Medium (Raspberry Pi 4, approx. 3–5 W) [3]
	Low (STM32H5 series, approx. 0.1–0.5 W) [4]
	Medium-High (Jetson Xavier NX, ~10–15 W) [21]



	Internet Technology Integration
	No explicit integration, local inference [2]
	No cloud collaboration, local processing [3]
	No network connectivity, pure MCU decision-making [4]
	Yes (edge computing + cloud platform + V2X exploration) [5,6,7,8]



	Prediction and time series modeling capabilities
	No (only the current frame recognition and mapping, no future trajectory prediction) [2]
	Yes (simple linear extrapolation based on the detection box, without using the time series model) [3]
	No (only the current distance threshold judgment) [4]
	None (current-frame CNN detection only, without LSTM) [5,6,7,8]







Note: The “high, medium, and low” power classification is based on the intelligent guide stick scenario, where total system power must remain below 500 mW for >8 h of continuous use. Accordingly, Jetson Nano (5–10 W), Raspberry Pi 4 (3–5 W), STM32H5 (0.1–0.5 W), and Jetson Xavier NX (10–15 W) are classified as high, medium, low, and medium-high, respectively. This classification is for relative reference within this context only. For WeWALK Smart Cane 2 [16] and Glide [17], specifications are from product documentation, not peer-reviewed studies.













4. Role of LSTM in Pedestrian Intention Prediction


Pedestrian intention prediction infers a pedestrian’s future movement trends and behavioral intentions by analyzing interactions between their historical trajectory and the surrounding environment. It represents the key technology for upgrading intelligent guide sticks from “passive response” to “active prediction.” Among the numerous temporal modeling approaches, Long Short-Term Memory (LSTM) networks [9], with their gating mechanism that excels at capturing long-term dependencies in sequences, have established a mainstream position in pedestrian trajectory prediction [22,23]. This chapter first introduces the fundamental principles of LSTM, then reviews mainstream methods and representative improved variants for trajectory prediction and finally analyzes the suitability of deploying LSTM in the resource-constrained intelligent guide stick scenario.



4.1. The Basic Principle of LSTM


Long Short-Term Memory (LSTM) was proposed by Hochreiter and Schmidhuber in 1997 [9] to address the problem that the error signal in traditional Recurrent Neural Networks (RNNs) is prone to exploding or vanishing in long-time-lag tasks. In a standard RNN, the gradient is repeatedly multiplied by the weight matrix during backpropagation. If the matrix norm is less than 1, the gradient will decay exponentially to zero. If it is greater than 1, the gradient will grow exponentially, rendering the network unable to learn long-distance dependencies.



The core innovation of LSTM lies in the introduction of a memory unit and a gating mechanism, with the retention and forgetting of information controlled by the input, forget, and output gates. The LSTM unit contains an information conveyor belt called ‘Cell State’ that runs through the entire time series so that the gradient can propagate stably without attenuation. This mechanism is called ‘Constant Error Carousel’. The cell state is updated by iteration, thereby avoiding the exponential growth that would result from multiplying the time step over.



For the cell state, the forward propagation of the LSTM unit can be fully described by the following set of formulas [9]. Assuming that the input at time step t is, the hidden state at the previous moment is, and the cell state is, the calculation of each gating unit is as follows:



The Forget Gate determines how much information in the cell state should be discarded from the previous moment. The output value is between 0 and 1; 0 means complete forgetting, and 1 means complete retention:


    f   t   = σ (   W   f   · [   h   t − 1   ,   x   t   ] +   b   f   )  



(1)







The input gate controls how much new information in the current input will be updated to the cell state. It calculates the update ratio through the Sigmoid function, and combines the candidate memory generated by the Tanh function to complete the information writing:


    i   t   = σ (   W   i   · [   h   t − 1   ,   x   t   ] +   b   i   )  



(2)






      c  ~    t   =   tanh   (     W   c   · [   h   t − 1   ,   x   t   ] +   b   c   )  



(3)







The cell state update is achieved by the weighted combination of the forgetting gate and the previous state, the input gate, and the candidate memory:


    c   t   =   f   t   ⊙   c   t − 1   +   i   t   ⊙     c  ~    t    



(4)







The output gate determines which information in the cell state will be output as a hidden state at the current moment:


    o   t   = σ (   W   o   · [   h   t − 1   ,   x   t   ] +   b   o   )  



(5)






    h   t   =   o   t   ⊙   tanh   (     c   t   )  
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In the above formulas, σ denotes the Sigmoid activation function, whose output ranges in [0, 1]; tanh is the hyperbolic tangent activation function with an output range of [−1, 1]; ⊙ denotes element-wise multiplication; W and b are the weight matrices and bias terms of each gating unit, which are the parameters to be learned during network training. The in Formula (3) represents the candidate cell state, which is distinct from the final cell state in Formula (4).



This design enables LSTM to dynamically determine when to remember, when to forget, and when to output information, effectively capturing long-term dependencies of more than a thousand discrete time steps. LSTM is a local operation in space and time, and the computational complexity and the number of weights in each time step are constant. It has high computational efficiency while ensuring modeling ability. Previous studies have shown that LSTM achieves better performance than traditional RNN methods for long-time-lag tasks and learns faster, thereby solving complex problems that previous recursive network algorithms struggle to address [9].




4.2. Mainstream Position of LSTM in Trajectory Prediction and Pedestrian Crossing Intention Prediction


Pedestrian motion prediction is a core technological foundation for enabling proactive warning in intelligent guide sticks, encompassing two primary tasks—trajectory prediction and crossing intention prediction—which differ fundamentally in their output targets and modeling approaches. Trajectory prediction aims to output continuous spatial coordinates of a pedestrian’s future positions over several time steps based on their historical motion trajectory, constituting a regression problem. Crossing intention prediction, in contrast, aims to determine whether a pedestrian will cross the road and is typically formulated as a binary classification problem. These two tasks play complementary roles in the safety warning system of intelligent guide sticks, and LSTM, owing to its temporal modeling capabilities, has demonstrated certain application potential in both tasks.



In the field of pedestrian trajectory prediction, methods based on recurrent neural networks, particularly Long Short-Term Memory networks, have become one of the mainstream directions of current research. Huang et al. [22] reviewed the application of neural network methods in pedestrian dynamics research, noting that most existing mainstream pedestrian trajectory prediction methods are based on LSTM, which achieves sufficient accuracy for short-term prediction. The review points out that neural network models exhibit considerable performance differences across crowd scenarios, and LSTM has received considerable attention in pedestrian trajectory prediction tasks due to its adaptability to sequence data. Similarly, Yin et al. [23], in their narrative review of deep learning applications in vehicle trajectory prediction, noted that RNNs, LSTMs, and Transformers have been widely adopted in this domain and suggested that appropriate integration of interaction perception and scene encoding can effectively improve prediction accuracy.



The influence of LSTM as a foundational architecture for numerous improved variants has continued to grow in recent years. Alahi et al. [10] proposed Social LSTM, which introduces a social pooling mechanism that enables each pedestrian’s LSTM unit to accept hidden-state information from neighboring pedestrians, thereby capturing interactions between individual motion patterns and those of surrounding pedestrians. Building on this, Zhang et al. [25] proposed SR-LSTM, which aims to improve the robustness of path prediction in crowded environments by encoding spatial relationships among pedestrians. Alia et al. [26] proposed an enhanced Social LSTM model that introduces a dynamic occupancy-space loss function to guide learning and avoid real collisions; experimental results show that across various crowd scenarios ranging from low to ultra-high density, the collision rate was reduced by 31% compared with the baseline scheme, while average and final displacement errors were reduced by 5% and 6%, respectively. The above works all employ LSTM as their core encoder, providing evidence to a certain extent for its foundational role in complex dynamic environments.



Beyond pedestrian-dense scenarios, LSTM has also been explored extensively in autonomous driving and vehicle trajectory prediction. Yan et al. [27] proposed an algorithm that combines LSTM with attention mechanisms to simultaneously model vehicles’ short-term target points and predict multiple possible driving destinations, with the aim of improving trajectory prediction accuracy. Chen et al. [28] proposed Att-LSTM for pedestrian trajectory prediction, combining it with an improved social force model to construct a data-driven stacking fusion framework, achieving results that outperformed some comparison methods in unsignalized intersection scenarios. These cross-scenario applications provide further reference evidence for the generality of LSTM as a baseline architecture for trajectory prediction.



In the task of crossing intention prediction, LSTM has also demonstrated certain applicability. Dasgupta et al. [29] showed that LSTM and its variants can effectively capture dynamic changes in pedestrian actions for pose-sequence-based crossing intention classification, providing a reference basis for early prediction of crossing behavior. In recent years, lightweight GNN-based models have also emerged in this domain, such as PedGNN proposed by Riaz et al. [30], which achieves a GPU memory footprint of approximately 27 KB and millisecond-level inference latency. However, for the specific scenario of intelligent guide sticks targeting MCU deployment, end-to-end deployment of GNN models on STM32-class platforms currently lacks research validation, whereas LSTM already has empirical data for lightweight deployment on MCUs, with an INT8-quantized model size of 136.5 KB and inference latency of 21 ms [31]. Furthermore, guide sticks in actual use need to continuously perceive the motion trends of dynamic obstacles, which requires the model to possess robust long-term dependency modeling capabilities—precisely the original design motivation of the LSTM gating mechanism [9]. Therefore, under the MCU deployment constraints of intelligent guide sticks, LSTM currently has relatively stronger evidence supporting its applicability compared with alternative approaches such as GNNs.



In summary, the research foundation of LSTM in trajectory prediction and crossing intention prediction can be characterized from the following two aspects. First, its gating mechanism provides certain advantages in capturing trajectory motion patterns ranging from short-term to long-term dependencies, making it suitable for both regression prediction of continuous trajectory coordinates and providing temporal feature representations for discrete intention classification, while alleviating the vanishing gradient problem that plagues traditional RNNs to some extent. Second, its architectural flexibility enables integration with modules such as attention mechanisms, graph networks, and generative models, as explored in representative works such as Social LSTM [10] and SR-LSTM [25]. These characteristics provide a corresponding theoretical foundation for deploying LSTM on resource-constrained devices such as intelligent guide sticks.




4.3. Applicability Analysis of LSTM for Intelligent Guide Sticks


In the embedded deployment scenario for intelligent guide sticks, model selection must strike a balance between temporal modeling capability and hardware resource constraints. As a wearable assistive device for visually impaired individuals, intelligent guide sticks impose stringent requirements on real-time performance, power consumption, memory footprint, and portability: end-to-end latency is typically required to be controlled within 120 ms, total system power consumption must remain below 500 mW to support continuous use for more than 8 h, and Flash and SRAM resources at the microcontroller level are often only a few hundred kilobytes. Consequently, the adopted temporal prediction model must not only adequately capture the movement trends of dynamic obstacles such as pedestrians and vehicles but also support real-time inference on low-power embedded platforms.



In terms of temporal modeling capability, LSTM [9], through its gating mechanism, demonstrates relatively strong performance in capturing long-term dependencies in sequence data, a capability that has been reasonably well validated in trajectory prediction and intention recognition tasks [22,23]. Among alternative recurrent architectures, GRU [32] performs competitively in short-term prediction [29], yet its accuracy degrades as the prediction horizon increases [33]—a limitation worth noting for guide sticks that require 1–2 s of advance warning. Temporal Convolutional Networks [34], while capable of parallelized inference, have fixed receptive fields that limit flexibility in adapting to variable-length historical dependencies, and their parallel computation advantage is difficult to fully realize in MCU-level single-core execution environments. Graph-based social models [35] effectively capture pedestrian interactions, but their computational cost grows quadratically with crowd density, offering relatively limited benefits in the low- to medium-density scenarios typical of guide stick operation. Overall, LSTM demonstrates a favorable balance in modeling flexibility, long-term dependency capture, and interaction adaptability.



Regarding embedded deployment feasibility, it is necessary to distinguish between theoretical architectural advantages and empirical deployment evidence on MCU-class hardware. LSTM relies on linear gated computations, avoiding the quadratic complexity of self-attention, which provides a favorable theoretical foundation for deployment on resource-constrained devices. More importantly, concrete deployment cases are available for reference: Zhou et al. [31] deployed a DeepConv LSTM model on the Arduino Nano 33 BLE Sense (ARM Cortex-M4) using full integer quantization, achieving a compressed model size of 136.5 KB and a measured inference latency of 21 ms on a human activity recognition (HAR) task. Although this task differs from trajectory prediction, the hardware platform (ARM Cortex-M4) and resource constraints (sub-MB Flash and SRAM) are comparable to the guide stick deployment environment, making this result a valuable empirical reference for the guide stick scenario.



In contrast, the empirical evidence for other lightweight temporal models is relatively weaker. GRU [32], despite having fewer parameters, shares a similar recurrent computational paradigm with LSTM and offers no significant advantage in MCU deployment. Lightweight Transformers (such as Longformer [36] and Reformer [37]) reduce theoretical complexity through sparse attention; TransLSTM [38], as a hybrid architecture, has been validated as lightweight in trajectory prediction (78K parameters, 4.9 ms inference latency); EdgeVTP [39] and other edge-oriented trajectory predictors have also explored the combination of Transformers with graph modeling. However, benchmark reports on Transformer-based models for trajectory prediction tasks on ARM Cortex-M class MCUs remain relatively limited in the current literature. The memory bandwidth requirements and inference latency of attention mechanisms on such platforms have not been fully characterized, and mature inference libraries for ARM Cortex-M are not yet widely available. Emerging approaches combining Transformers with graph neural networks (e.g., PedGT [40]) have demonstrated potential for efficient spatio-temporal encoding on embedded platforms, but their MCU-level deployment under the latency and memory constraints of intelligent guide sticks remains to be validated. Attention-enhanced RNNs [41] and Kalman filter-RNN hybrid models [42] introduce additional computational overhead, such as the O(T) complexity of attention mechanisms and the matrix inversion required in Kalman filtering, which may impose considerable pressure on MCU resources within millisecond-level inference budgets. TinyML-targeted time-series models [43,44] offer high energy efficiency but have not yet been validated on pedestrian trajectory or intention prediction tasks, nor do they possess the capability to model social interactions and scene semantics. Overall, in terms of documented MCU deployment cases with quantifiable hardware metrics, LSTM currently has relatively stronger empirical support.



Beyond modeling capability and deployment considerations, the complex dynamic environments encountered by intelligent guide sticks require models to possess scene adaptability—the ability to integrate multi-modal perception information and make early judgments about pedestrian intentions. LSTM’s architectural flexibility provides a solid foundation for scene adaptability: Social LSTM [10] and SR-LSTM [25] capture pedestrian interactions through social pooling and spatial relationship encoding; Social GAN [45] generates multi-modal trajectory predictions to address pedestrian uncertainty; T-Pose-LSTM [46] performs pedestrian trajectory prediction based on 3DOF pose trajectories in service robot scenarios; GazeX-LSTM [47] combines gaze information with contextual cues for pedestrian trajectory prediction; CNN-BiLSTM [48] demonstrates the synergistic effect of CNN and BiLSTM feature extraction in sensor-based pedestrian activity recognition; and context-aware LSTM [49] models multi-agent motion through dynamic and static contextual information. These works demonstrate that LSTM, as a foundational backbone, can integrate attention mechanisms, graph networks, generative models, and multi-modal inputs to address diverse interaction and scene understanding requirements. This extensively adapted algorithmic ecosystem provides a relatively rich repository of algorithms for guide stick development—a level of maturity that other MCU-targeted temporal models have not yet fully achieved in the pedestrian trajectory domain.



In summary, although GRU [32], TCN [34], lightweight Transformers [36,37,39], attention-enhanced RNNs [41], KF-RNN hybrid models [42], graph-based models [35], and TinyML models [43,44] each have advantages in specific scenarios, they each exhibit certain limitations—whether in long-term modeling accuracy, empirical deployment validation on MCU hardware, or scene adaptability—that constrain their direct applicability to intelligent guide sticks. LSTM’s strengths lie in its combination of: (1) validated long-term temporal modeling capability in trajectory and intention prediction tasks; (2) documented MCU deployment evidence—achieving 136.5 KB model size and 21 ms inference latency on ARM Cortex-M4 hardware through full integer quantization [31]; and (3) architectural extensibility demonstrated across numerous task-specific variants. These characteristics position LSTM as one of the temporal models with relatively stronger empirical support for intelligent guide stick development. A comprehensive comparison of the mainstream temporal prediction models discussed above is summarized in Table 3. Nevertheless, its practical effectiveness in this specific deployment scenario remains to be further validated through end-to-end implementation on real prototype hardware.



While MCU-only deployment is feasible for highly compressed LSTM models—as demonstrated by the DeepConv LSTM deployment [31] achieving 21 ms inference latency with a 136.5 KB model size and 97% accuracy on ARM Cortex-M4, and Slim LSTM [20] with only 3.4K parameters—the additional computational demands of multi-sensor fusion and real-time object detection may favor FPGA acceleration to meet the sub-120 ms end-to-end latency requirement in more demanding scenarios. Recent advances in FPGA-based LSTM acceleration, including C-LSTM [11] and FINN-GL [12], provide complementary solutions for such cases. However, given the power and cost constraints of wearable assistive devices, MCU-first deployment remains the primary focus of this review, with FPGA-based acceleration discussed as a supplementary approach for specific high-performance requirements.





5. LSTM Lightweight Method


To enable real-time deployment of LSTM on resource-constrained embedded platforms such as intelligent guide sticks, researchers have explored a variety of lightweight approaches from different perspectives. These methods can be categorized into five main types according to their compression strategies: architecture simplification, which reduces trainable parameters by fixing parts of the gating signals; low-rank decomposition, which approximates weight matrices as products of low-rank factors through techniques such as SVD; structured pruning, which introduces regular matrix structures (e.g., block-circulant matrices) to facilitate hardware acceleration; quantization, which reduces numerical precision to shrink model size and accelerate inference; and knowledge distillation, which transfers knowledge from a large teacher model to a lightweight student model. The following sections review each category in detail, with their compression effectiveness, accuracy preservation, and hardware applicability.



5.1. Streamlined Architecture: Slim LSTM


The architecture reduction method aims to reduce the number of trainable parameters in the model structure, with Slim LSTM [20] as a representative work in this direction. The standard LSTM [9] controls the information flow through three gating signals. Each gate is driven by a function that includes an input weight matrix (processing external inputs), a hidden-state weight matrix (processing historical information), and a bias term. Although this structure achieves strong performance, it also exhibits obvious parameter redundancy and over-parameterization, leading to large model size and high computational complexity, and making it difficult to deploy directly on resource-constrained edge devices.



In response to this problem, Akandeh and Salem [20] proposed a lightweight variant, Slim LSTM, which saves computational resources by significantly reducing the number of parameters in the gating signals. The core idea of these variants is that each gated signal is itself a simple recurrent neural network, and the generation of gated signals need not rely on full matrix multiplication of the input, historical state, and bias. By identifying and removing redundant parts, the model can be significantly compressed while maintaining performance.



In this kind of variant, the authors focus on two of the simplest structures: LSTM_6 and LSTM_C6 [20].



	
LSTM_6: LSTM_6 retains the three gating signals of the standard LSTM, but its core simplification is to remove the matrix multiplication part of the external input in all gating signals and replace it with a trainable constant or identity matrix. It means that the gating signal is no longer dynamically adjusted to real-time changes in the input sequence but instead relies mainly on feedback from the previous hidden state. This structure replaces the input matrix of each gate with a constant, fundamentally eliminating the need for full matrix multiplication in the input, forget, and output gates, thereby greatly reducing the total number of parameters.



	
LSTM_C6: As a further simplification of LSTM_6, LSTM_C6 not only inherits the clipping of gating signals from LSTM_6 but also simplifies the memory-cell input block of the cell body. It removes the full matrix multiplication in the input block and retains only the linear scaling operation. This design calculates the entire LSTM unit, primarily focusing on updating the state matrix, thereby further reducing the model’s complexity.






The experimental results show that under the standard LSTM configuration with an input dimension of 32 and a state dimension of 100, the parameter-count compression rates of LSTM_6 and LSTM_C6 are extremely significant. Taking LSTM_C6 as an example, its parameter count is reduced from about 53,200 to 3400 under the same configuration; the compression rate exceeds 93%, and the computational complexity is significantly reduced. Multiple benchmark tests [20,50] show that these parameter-reduced Slim LSTM variants are broadly comparable to standard LSTM in training and inference performance on datasets such as IMDB review sentiment [50] and 20 Newsgroups multi-classification. It is also noted that by reasonably adjusting hyperparameters such as the learning rate, the number of hidden units, and the gating constant, these minimalist lightweight models can achieve results similar to those of standard LSTM.



Due to its low parameter count and computational overhead, Slim LSTM is suitable for online training and real-time inference on portable devices with limited computing resources, provided that retraining from scratch is acceptable. This method of streamlining the structure itself provides a good starting point for further compression operations, such as quantization and pruning. It serves as a suitable basis for lightweight models for embedded devices, such as intelligent guide sticks. It should be noted, however, that the architectural simplification of Slim LSTM comes at the cost of requiring a redesigned training pipeline and cannot be directly applied to compress existing pre-trained models; furthermore, its performance depends on appropriate hyperparameter tuning.




5.2. Low-Rank Decomposition: SVD/PCA/MPO


Low-rank decomposition is an important technique in model compression, whose core idea is to approximate the original high-dimensional weight matrix as the product of several low-rank submatrices. By truncating non-critical singular value information, redundant parameters and storage requirements can be reduced in a principled manner from a mathematical perspective without significantly affecting model accuracy. Owing to its mathematical rigor and accuracy-preserving capability, this method is particularly suitable for safety-critical edge deployment scenarios such as intelligent guide sticks.



Based on different decomposition strategies, low-rank decomposition has derived the following representative technical approaches:




	
Singular Value Decomposition (SVD) is a fundamental and widely used method in low-rank decomposition. By decomposing the weight matrices of LSTM layers and fully connected layers into products of multiple low-rank matrices, SVD selectively preserves the largest singular values and their corresponding singular vectors, thereby replacing the original high-dimensional matrices with low-rank approximations. Liu et al. [51] proposed a lightweight WMD-LSTM method that applies SVD to the weight matrices of each LSTM gating unit and combines it with a dynamic learning-rate adjustment strategy to optimize training. This approach ultimately reduced model parameters by 45% and compressed the model volume to 45% of its original size, maintaining prediction accuracy without decline. In another study, Dai et al. [52] proposed the LSTM-SVD method, which accelerated training speed to 3.9 times that of the original model while reducing the parameter count of gated RNNs by more than 10 times, without compromising accuracy.



	
General low-rank matrix factorization is a method suitable for compressing a wider range of LSTM structures, flexibly employing SVD, LU, QR, and other low-rank approximation strategies. Prabhavalkar et al. [53] applied low-rank decomposition to LSTM acoustic models in embedded speech recognition, demonstrating that even when the model is compressed to one-fifth of its original size, the decomposed model maintains performance comparable to the original. Liu et al. [51] analyzed the impact of low-rank decomposition on different LSTM recurrent structures. They found that additive rather than multiplicative recurrence is more important for compression effectiveness, thereby validating low-rank decomposition as an effective post-processing compression method for LSTM edge deployment.



	
Matrix Product Operator (MPO) represents another frontier direction in low-rank decomposition. MPO is a tensor network representation method originating in quantum many-body physics that decomposes the original weight matrix into a product chain of multiple low-dimensional tensors, while discarding irrelevant components during the decomposition to achieve systematic compression of large models. Experiments show that MPO-LSTM achieves superior post-compression performance compared to traditional pruning methods in sequence classification and prediction tasks [54]. Similarly, in action recognition tasks, Pan et al. [55] proposed the TR-LSTM model, which employs low-rank tensor ring decomposition to reparameterize the input-hidden transformation, demonstrating good numerical stability and compression efficiency.



	
Principal Component Analysis (PCA), as a classical dimensionality reduction algorithm, is applied in LSTM lightweighting primarily through input-side data-level dimensionality reduction—an “indirect compression” strategy to achieve overall model efficiency. PCA performs a linear orthogonal transformation on the input features to extract the most discriminative principal components, which replace the original high-dimensional inputs, thereby reducing the number of parameters to be learned in the model’s first layer. In multivariate time series prediction tasks, the QPCA-LSTM method proposed by Boddu et al. [56] introduced a quartile PCA mechanism based on traditional PCA, increasing the explained variance by 10% and confirming the statistical superiority of its predictive performance through the Diebold-Mariano hypothesis test (at a 1% significance level).








From an applicability perspective, SVD [51,52], with its progressive truncation strategy, achieves efficient compression while maintaining accuracy, making it particularly suitable for scenarios requiring “lossless” compression. PCA [56] achieves feature dimensionality reduction with extremely low computational overhead, demonstrating unique advantages in high-input-dimension scenarios. Tensor decomposition methods such as MPO [54] and tensor rings [55], with their high flexibility and extremely high upper limits on compression, offer clear advantages for extreme scenarios demanding high compression ratios. It should be noted that low-rank decomposition is essentially a linear approximation method; when the target weight matrix lacks a low-rank structure, an excessively high compression ratio may significantly degrade accuracy. This theoretical limitation must be considered alongside specific tasks in practical engineering.




5.3. Structured Pruning: C-LSTM


Structured pruning addresses the irregularity problem caused by traditional pruning methods by introducing a regular matrix structure, with C-LSTM [11] serving as a structured compression and acceleration framework for FPGA hardware platforms. In acoustic recognition systems, although accuracy can be significantly improved by increasing the size of the LSTM model, the resulting model size consumes more FPGA resources and reduces design efficiency. Existing work uses pruning-based compression techniques to reduce model size and accelerate inference. However, the randomness of pruning techniques transforms the original dense weight matrix into a highly unstructured sparse matrix, resulting in an unbalanced computational load and irregular memory access, which seriously affect the system’s overall performance and energy efficiency.



To overcome the above problems, C-LSTM [11] adopts structured compression using a block-circulant matrix rather than a sparse matrix. In mathematical terms, the weight matrix dimension is set to k × k, which is divided into sub-blocks of size b × b. Each sub-block satisfies the properties of a circulant matrix (each row is obtained by shifting one bit to the right from the previous row). Then each sub-block performs circular convolution independently, and the fast Fourier transform (FFT) can efficiently accelerate the multiplication operation by exploiting the Fourier diagonalization properties of the circulant matrix. The specific calculation process for the block-circulant matrix is as follows: First, the product form of the block-circulant matrix C and the vector x is constructed, and the diagonalization is converted into element-by-element multiplication using the discrete Fourier transform. Finally, the result is restored by an inverse transformation. This design reduces the storage requirement from O(k2) to O(k) and the computational complexity from O(k2) to O(k log k) by using the fast Fourier transform algorithm. The experimental results show that C-LSTM achieves up to 18.8- and 33.5-fold performance improvements, respectively, with a very small loss in accuracy [11].



With a very small loss in accuracy, the data path and activation function are quantized to 16 bits, and hardware optimization and deployment are automatically performed via the integrated framework. More importantly, C-LSTM proposes an end-to-end integrated framework that automatically optimizes and deploys multiple LSTM variants on FPGAs. At the programming-optimization level, asynchronous pipeline processing between the CPU and FPGA overlaps data transmission and inter-core computation, further reducing data access delays. At the same time, subsequent E-RNN work [57] uses the alternating direction method of multipliers (ADMM) for more accurate block-cycle training. At the same accuracy, the energy efficiency is more than 2 times higher than that of C-LSTM and 37.4 times higher than that of the early ESE design [58]. In addition, the design idea of C-LSTM is inspired by systems theory in the field of structured matrices. Relevant reviews point out that structured weight-matrix representation methods, such as circulant and block-circulant matrices, are becoming an important paradigm for building efficient LSTM hardware accelerators. However, this scheme has limitations in versatility: its highly FFT-dependent acceleration mechanism makes it difficult to realize its advantages on general-purpose processors or lightweight MCUs without hardware-level FFT support, and the migration cost is relatively high. At the same time, for intelligent guide-stick scenarios that require end-to-end inference on MCUs, hardware-software co-design still entails additional workload.




5.4. Quantization Method: FINN-GL


FINN-GL [12] is an FPGA-oriented LSTM hybrid-precision quantization deployment framework, which is based on the Xilinx open-source FINN framework [59] for general expansion. The original FINN [59] is primarily oriented toward feedforward and convolutional neural networks and lacks support for recurrent structures such as LSTMs. To address this shortcoming, FINN-GL [12] uses the Scan operator in the ONNX specification to accurately model the recurrent computing characteristics of LSTM—the Scan operator can iteratively process sequence input and update state variables at each time step, which is highly consistent with the hidden state and cell state update mechanism of LSTM.



In terms of implementation, FINN-GL [12] employs a comprehensive process that combines quantization-aware training and compilation optimization. Developers first use the Brevitas library to perform quantization-aware training on the LSTM and derive a QONNX model that supports arbitrary-bit-width mixed-precision quantization. FINN-GL then identifies the Scan operator structure in the computation graph and maps it to the HLS kernel module in the FINN hardware library, thereby significantly reducing hardware resource usage by retaining the loop structure. The framework also uses the QCDQ quantization method, allowing the bit widths of 11 independent quantizers in the LSTM to be configured separately, making it convenient for designers to fine-tune the trade-off between inference accuracy and hardware resources. Finally, the framework integrates the Vitis HLS toolchain to generate a deployable hardware IP core automatically.



Experiments show that when the weight and activation quantization are 8 bits, the quantized LSTM accelerator achieves extremely low inference latency while maintaining high accuracy, meeting the needs of edge real-time processing [12]. The framework supports end-to-end automated deployment: users only need to provide trained models and quantization parameters; the remaining steps are handled automatically by the toolchain. FINN-GL provides an efficient, automated, flexible, and controllable technical pathway for practical applications—such as intelligent guide sticks—that require deploying LSTM-based intention prediction on low-power edge devices. However, the deployment scheme of FINN-GL is highly dependent on FPGA platforms and the Xilinx development toolchain, with a high hardware design barrier and relatively limited generality. For intelligent guide-stick scenarios where MCUs serve as the primary computing core, their applicability requires careful evaluation based on specific hardware conditions.




5.5. Knowledge Distillation


Knowledge distillation is a model compression technique that enables knowledge transfer via a teacher-student architecture, first proposed by Hinton et al. in 2015 [60]. The core idea is to compress the generalization ability of the large-scale, high-performance teacher model into the lightweight student model, thereby significantly reducing model complexity while maintaining high accuracy. The framework contains three key elements: the teacher model, which is usually a deep neural network with a large parameter count and high precision but slow inference speed; the student model, which has a simple structure and a small number of parameters, to imitate the teacher model’s output behavior; and the distillation loss function, which measures the difference between the student model’s output and the teacher model’s output. Unlike traditional hard-label training, knowledge distillation introduces the category probability distribution from the soft target—the teacher model. The soft target contains rich inter-class similarity information, and these relative probabilities encode the teacher model’s understanding of the relationships between categories. The student model can learn structured knowledge beyond a single label by simultaneously fitting hard labels (true categories) and soft targets (teacher output), thereby maintaining high accuracy while greatly reducing the number of parameters.



In the field of spatio-temporal prediction, the frequency-aligned knowledge distillation framework (SDKD) proposed by Li et al. [61] is a representative work. This study extracts multi-scale spectral features (including high-frequency details and low-frequency trends) from the teacher model’s latent space as migration targets to guide student model learning. In the equations dataset, the lightweight student model after SDKD distillation achieves a significant performance improvement, with an 81.3% reduction in root mean square error and a 52.3% reduction in mean absolute error. In terms of cross-architecture knowledge transfer, the adaptive dual distillation framework proposed by Cheng et al. [62] transfers the knowledge of the large LSTM teacher model to the lightweight bidirectional GRU student model, achieving a compression rate of 5.34 times on the NASA C-MAPSS dataset, with the prediction accuracy of the distilled student model even exceeding that of the original LSTM teacher model. Compared with pruning and quantization, knowledge distillation has three advantages: supporting cross-architecture knowledge transfer (e.g., LSTM to GRU), being combinable with other lightweight methods, and preserving the teacher model’s representational ability for complex temporal patterns. Its limitation is that it typically requires pretraining a large teacher model, which is costly.




5.6. Methods Comparative Summary


On the whole, each method demonstrates its core strengths in different aspects. Slim LSTM [20] achieves a parameter compression rate exceeding 93% through architectural simplification, with essentially no loss in accuracy. SVD [51,52], as a post-processing method, can directly compress pre-trained models without requiring retraining. INT8 quantization achieves 21 ms inference latency and 97% accuracy on ARM Cortex-M4 [31], with complete hardware measurement data reported on an MCU-class device, making it one of the well-validated schemes for MCU deployment among the methods surveyed in this review. C-LSTM [11] reduces storage and computational complexity from O(k2) to O(k) and O(k log k), respectively, through block-circulant matrices. Knowledge distillation [60,61,62] supports cross-architecture transfer (e.g., LSTM to GRU) and can be combined with other lightweight methods.



Nevertheless, each method has inherent limitations. Slim LSTM [20] must be retrained from scratch, cannot directly compress existing pre-trained models, and lacks publicly reported hardware validation metrics on MCUs. SVD [51,52] has a compression ratio ceiling of approximately 50%, and its linear approximation nature may fail for tasks involving highly nonlinear trajectory patterns. INT8 quantization requires hardware support for INT8 or mixed-precision instructions and incurs approximately 1–2% loss in accuracy [31]. C-LSTM [11] and FINN-GL [12] are primarily oriented toward FPGA platforms, heavily relying on FFT hardware acceleration units and the Xilinx development toolchain, offering limited advantages on general-purpose MCUs while demanding hardware-software co-design expertise. The applicability of knowledge distillation hardware [60,61,62] depends entirely on the chosen student architecture; it typically requires pre-training a large teacher model, incurs high training costs, and carries the risk of a teacher-student mismatch. Hybrid strategies—such as applying Slim LSTM followed by quantization, or using a quantized model as the student for knowledge distillation—may combine the strengths of multiple approaches but also potentially compound their respective limitations, with their actual effectiveness requiring task-specific validation.



For intelligent guide stick deployment, no single method is universally optimal across all hardware conditions and accuracy requirements. Practical selection should consider the target hardware platform, accuracy tolerance, development cycle, and the availability of pre-trained models. When accuracy requirements are strict and retraining is feasible, Slim LSTM [20] offers a suitable option. When a pre-trained model must be compressed without accuracy loss, SVD [51,52] offers a suitable post-processing pathway. In latency-sensitive MCU applications, INT8 quantization [31] is one of the well-validated approaches among those reviewed, with complete hardware measurement data reported on an MCU-class device. When the target platform is an FPGA, and the team possesses hardware-software co-design capabilities, C-LSTM [11] or FINN-GL [12] are more appropriate. Notably, DeepConv LSTM [31] is one of the few studies that provide complete, publicly reported hardware measurement data on an MCU-class device, underscoring the critical need for future research to report standardized hardware metrics—including model size, memory footprint, inference latency, and power consumption—when proposing lightweight LSTM models, thereby facilitating the effective translation of algorithmic innovations into practical assistive devices. Table 4 provides a quantitative comparison of these five methods in terms of compression effectiveness, accuracy preservation, hardware applicability, and key hardware metrics.





6. The Application Case of LSTM in Intelligent Guide Stick


The application of LSTM to intelligent guide sticks and related assistive devices spans multiple dimensions, including speech guidance, trajectory prediction, positioning and navigation, edge computing, and Internet technology collaboration. Existing studies have preliminarily validated the feasibility of LSTM-based methods across these scenarios, covering both algorithmic innovation and hardware implementation. Representative works in each category are reviewed below, with a focus on their methodological approaches, performance outcomes, and implications for intelligent guide stick deployment.



6.1. Speech Guidance System Based on CNN-LSTM


In view of the various activities and scene restrictions faced by visually impaired people in their daily lives, Kambham et al. [63] proposed a multi-modal deep learning system that combines the DepthNet module and the convolutional LSTM layer to detect obstacles such as vehicles and pedestrians in the travel path and provide early warning and guidance through voice. The system integrates two functions of real-time obstacle detection and voice guidance. Compared with the traditional single-function auxiliary technology, it tries to build a more comprehensive support scheme. CNN is used to extract spatial features, and LSTM is used to capture temporal features. The fusion of the two enables the model to identify obstacle types and track their motion patterns in continuous video frames. The DepthNet module focuses on extracting depth information from monocular input and outperforms traditional methods in spatial context awareness. The system performs pre-training and fine-tuning on two autonomous driving benchmark datasets, MS COCO [64] and BDD100K [65], to ensure robustness in a variety of environments. To improve the perceptual accuracy for dynamic obstacles, the system also introduces an optical flow algorithm. By accurately estimating pixel motion between consecutive frames, the system enhances real-time tracking of dynamic obstacles, such as vehicles and pedestrians. It ultimately provides users with environmental information and early warnings via voice descriptions.



Furthermore, some studies have used YOLO [14,66] combined with optical flow motion estimation to achieve full-scene, accurate perception of static and dynamic obstacles. In the field of intelligent guide sticks, Gao Shunqiang et al. [21] used an STM32F103 as the sensor data acquisition controller. They combined it with the YOLO model deployed on the Jetson Xavier NX edge computing platform to realize visual perception and obstacle recognition, demonstrating the feasibility of deploying deep learning models on heterogeneous embedded platforms. Megharsh et al.’s Sense Stride system [4] is based on the STM32H563ZI microcontroller, integrates the VL53L0X ToF sensor and PIR motion sensor, and realizes five-direction obstacle detection and tactile vibration feedback. The average response time is only 50 milliseconds, and the obstacle detection accuracy is 95%, providing a hardware feasibility reference for deploying lightweight models such as CNN-LSTM on an MCU.



It is worth noting that although Kambham et al.’s system [63] is more comprehensive, it still focuses on obstacle recognition and voice description of the current frame and cannot predict the future motion trend of the dynamic target. This deficiency provides a direction for improvement in subsequent trajectory prediction and behavioral intention analysis when combined with LSTM. In general, this study verifies the engineering feasibility of the deep learning multi-modal fusion scheme for the intelligent guide stick scenario. It lays the foundation for embedding LSTM-based trajectory prediction capabilities into the speech guide system.




6.2. Obstacle Avoidance Based on LSTM Trajectory Prediction


The traditional deep reinforcement learning obstacle-avoidance method relies on instantaneous perceptual information to make obstacle-avoidance decisions. In essence, it still falls under reactive control and struggles to cope with emergencies, such as sudden changes in the trajectories of dynamic obstacles. Figure 4 outlines the overall logic of LSTM-based collision risk prediction and proactive obstacle avoidance, which predicts future positions from historical trajectories and adjusts avoidance strategies in advance accordingly. Poulet et al. [67] proposed a collision-risk prediction method based on LSTM, which achieved active obstacle avoidance through short-term position prediction. The core structure of this method is divided into three levels: the perception layer uses the LSTM model to learn the historical motion trajectory of the agent and predict its next-moment position; the evaluation layer dynamically modulates the reward function of the deep Q-learning network [68] with the predicted location information and imposes penalties in advance before potential collisions occur. The control layer performs obstacle avoidance actions based on the decision output of the deep Q-learning network. Specifically, the LSTM model accepts the position sequences of the robot and its surrounding agents over the past several time steps as input and outputs an estimate of the future position by learning the motion law. Then, this estimated result is used to adjust the reward function of the deep Q-learning network dynamically. If the predicted trajectory poses a collision risk, a negative reward is immediately given to encourage the agent to adjust its direction of travel in advance, thereby avoiding danger before a collision occurs and enabling the leap from reactive to predictive obstacle avoidance. The paper clearly shows that although the sampling frequency in the test environment is only 1 Hz, this method still significantly reduces collisions and improves motion stability; owing to its low computational overhead, it is particularly suitable for implementation on embedded systems.



The engineering feasibility of this method has been fully verified on the mobile robot platform. Mulás-Tejeda et al. [69] implemented a dynamic obstacle-avoidance method based on an LSTM on the TurtleBot3 robot. They used lidar to obtain environmental information, trained the model on user-controlled running trajectory data, and predicted the robot’s linear and angular velocities. Physical experiments show that the model can successfully guide the robot to avoid dynamic obstacles and reach the target point, with a verification accuracy of 98.02%. Zhang et al. [70] introduced an LSTM-based approach, building on the Proximal Policy Optimization (PPO) algorithm, and improved dynamic obstacle-avoidance performance by optimizing the Actor-Critic network. The effectiveness of the algorithm was verified in both the Gazebo simulation environment and the TurtleBot3 real-world scene.



Although the above studies primarily use mobile robots as carriers, their LSTM-based trajectory prediction mechanisms are methodologically aligned with the pedestrian intention prediction task for intelligent guide sticks. Both application scenarios require the system to predict the future positions of moving pedestrians or vehicles and to issue warnings before collisions occur. The primary differences lie in the sensor platform and the warning modality: robots typically rely on onboard LiDAR and generate control commands, whereas intelligent guide sticks use handheld or cane-mounted sensors and deliver tactile or voice feedback to the user. These differences, however, do not fundamentally alter the LSTM prediction pipeline. Therefore, trajectory prediction methods validated on robots can serve as a valuable reference for intelligent guide-stick algorithm design, provided that appropriate adaptations are made to sensor characteristics and feedback mechanisms. It should be noted, however, that no existing study has yet validated LSTM-based prediction models on actual intelligent guide stick hardware, and this remains an open research gap.




6.3. Positioning and Navigation Based on LSTM


LSTM has been employed in positioning and navigation for visually impaired users in multiple forms, ranging from external infrastructure-based localization to onboard sensor-based pedestrian dead reckoning to GPS/INS-integrated navigation. Bakouri et al. [71] developed a wireless ultrasound-based localization prototype that uses LSTM to jointly model speech recognition and multi-sensor signals, achieving an indoor positioning RMSE of approximately 0.192 m. While this work demonstrates LSTM’s capability in processing multi-source time-series signals for accurate positioning, its reliance on an external ultrasonic network limits its practicality as a portable, self-contained intelligent guide stick.



A more practical direction for intelligent guide stick deployment is onboard-sensor-based positioning without external infrastructure. Woyano et al. [72] proposed a CNN-LSTM hybrid model that extracts sequence features from MEMS inertial measurement units (IMU) mounted on wearable devices, achieving an RMSE of 0.52 m—significantly outperforming traditional step-and-heading systems and inertial navigation systems. Shin et al. [73] further demonstrated the robustness of LSTM-based positioning under GNSS outages: their dual-LSTM architecture, trained on IMU measurements and RTK-GNSS data, improved positioning accuracy by more than 90% compared to traditional Kalman filtering during GNSS interruptions lasting over 30 s.



In GPS/INS-integrated navigation, LSTM has been adopted to address positioning degradation during GPS signal outages. Alaeiyan et al. [74] proposed an Incremental Regularized LSTM (IncRLSTM) method that models GPS signals as a multi-objective regression task and corrects INS outputs using a Faded Memory Kalman filter, reducing positioning errors by an average of 72% on real-world datasets. Wang et al. [75] introduced a transfer-learning error-state Kalman filter (TL-ESKF) approach that cascades two LSTM networks with ESKF—the first provides initial correction of vehicle state deviation, while the second refines the correction using transfer learning to accelerate training—achieving higher navigation accuracy during GPS signal interruptions and better training efficiency than high-precision machine learning methods. These studies demonstrate that LSTM can effectively compensate for positioning drift during GPS signal loss. However, their computational overhead and model complexity remain challenging for real-time deployment on intelligent guide stick hardware.



While the above studies validate LSTM’s potential for accurate positioning in assistive contexts, several limitations persist. First, the positioning accuracy of LSTM-based systems remains highly sensitive to IMU sensor drift and noise, particularly during prolonged use or in environments with complex motion patterns. Second, most existing evaluations are conducted in controlled environments, with limited validation in real-world urban settings that involve diverse terrain, crowded sidewalks, and dynamic GPS signal occlusion. Third, the computational overhead of hybrid CNN-LSTM or cascaded LSTM architectures may exceed the real-time inference budget of low-power MCUs, posing a deployment challenge for intelligent guide stick hardware. Among the reviewed studies, Woyano et al. [72] and Shin et al. [73] demonstrate that LSTM-based positioning can achieve high accuracy using only onboard sensors, without relying on external infrastructure—a desirable characteristic for deploying portable intelligent guide sticks.




6.4. Edge Computing for Intelligent Guide Stick


Edge computing offloads the deep learning model’s inference task to the terminal device, providing a feasible path for the intelligent guide stick to integrate complex sensing capabilities while meeting low-power-consumption and low-latency constraints. Using an STM32F103 microcontroller and the YOLO [14] model deployed on the Jetson Xavier NX edge computing platform, Gao Shunqiang et al. [21] achieved visual perception and obstacle recognition and constructed a complete technical framework that covers key dimensions such as image processing, multi-sensor fusion, and edge computing. The system collects environmental images via the camera, uses the YOLO algorithm to detect obstacles such as pedestrians and vehicles in real time, and feeds the recognition results back to the user as voice output, demonstrating the engineering feasibility of deploying deep learning models on resource-constrained MCU-level platforms. At the more basic single-chip microcomputer level, Chen Yuhai et al. [76] built a multi-modal sensing system based on an STM32 and YOLOv5n [24], using modules such as ultrasound, GPS, camera, and inertial sensors to verify the accuracy and reliability of the visual deep learning algorithm on the embedded end. The Sense Stride system, developed by Megharsh et al. [4], further validates the hardware foundation of MCU-side intelligent sensing. The system uses the STM32H563ZI microcontroller as the core controller, integrates three VL53L0X time-of-flight ranging sensors and a pyroelectric infrared sensor, and provides hierarchical feedback through five-direction tactile vibration. The average response time is only 50 milliseconds, and the obstacle detection accuracy is 95%. The scheme is based on the independent architecture of a low-power microcontroller, enabling it to operate in real time without relying on network connections, thereby demonstrating the hardware feasibility of a low-power MCU for real-time intelligent sensing tasks. In addition, Majoni et al. [77] designed an artificial intelligent guide stick that integrates ultrasound and visual perception. They used four HC-SR04 ultrasonic sensors in conjunction with the YOLOv4-tiny model [66] on a Raspberry Pi 4B, thereby enriching the sensor fusion strategy for edge deployment.



Although the above research mainly uses the CNN model [14,66] as the core of the algorithm, their common findings indicate that STM32-class microcontrollers can handle complex deep learning inference workloads, providing a valuable reference for the hardware capabilities required for LSTM deployment on MCUs. More importantly, Section 5 has reviewed direct deployment cases of LSTM on MCU-level platforms—for instance, DeepConv LSTM [31] achieved a 21 ms inference latency and 97% accuracy on ARM Cortex-M4. It demonstrates that real-time inference of LSTM models on MCUs is supported by traceable empirical evidence, rather than merely theoretical speculation. Combined with the MCU hardware capabilities demonstrated by the edge computing studies reviewed above, the edge deployment of LSTM-based pedestrian intention prediction models on intelligent guide sticks has established preliminary hardware feasibility. Of course, hardware feasibility is only the starting point for system integration. Practical deployment still requires coordinating the LSTM prediction pipeline with existing perception, detection, and feedback modules, as well as software-level optimization for real-time data scheduling, resource management, and system architecture design.




6.5. Internet-Enabled LSTM Applications for Intelligent Guide Sticks


The Internet of Things enables intelligent guide sticks to evolve from isolated devices into connected terminals capable of remote monitoring and data upload. In this architecture, LSTM models can perform real-time inference on edge devices while uploading critical data—such as predicted collision risks, user location trajectories, and abnormal events—to cloud platforms via lightweight IoT protocols like MQTT or CoAP, enabling remote monitoring. Shireesha et al. [8] demonstrated the feasibility of this approach through a cloud-integrated smart cane system that captures images via an ESP32-CAM and uploads them to the Firebase cloud platform for object recognition, achieving 94.7% average recognition accuracy with 310 ms cloud inference latency. Building on this foundation, incorporating LSTM-based temporal prediction would allow the cloud to not only recognize current obstacles but also forecast their future trajectories, thereby providing more proactive remote warnings. In edge-cloud collaborative architectures, STM32-class MCUs can perform lightweight LSTM inference—as demonstrated by DeepConv LSTM [31], which achieves 21 ms inference latency with a 136.5 KB model size on ARM Cortex-M4—while offloading critical prediction results and anomaly events to the cloud via 4G/5G networks for model iteration and multi-user data aggregation. Furthermore, cloud platforms can support federated learning across multiple users [78,79]: cloud-aggregated and anonymized trajectory data from numerous users could enable the training of more generalizable LSTM-based pedestrian behavior prediction models, thereby alleviating the data scarcity bottleneck in intelligent guide stick scenarios.



LSTM models that rely solely on historical trajectory data cannot perceive environmental information beyond sensor range, while V2X technology can address this limitation through communication with transportation infrastructure. V2X-based intelligent guide stick solutions leverage wireless communication to enable the stick to obtain traffic light status and crosswalk information [7]. C-V2X-based approaches further enable bidirectional information exchange among traffic signals, vehicles, and intelligent guide sticks. Incorporating external information such as traffic signal phases and vehicle positions at intersections as additional input features to the LSTM model enables more accurate predictions of pedestrian crossing intentions by combining historical trajectory data with real-time traffic signal states. For example, when the LSTM model detects a pedestrian trajectory approaching an intersection and the traffic signal is about to turn red, an early warning can be triggered; when V2X signals indicate an approaching vehicle, the LSTM model can adjust collision risk assessments in advance. This integrated architecture combining LSTM-based temporal prediction with V2X-based environmental awareness has the potential to significantly enhance warning capabilities in high-risk scenarios such as intersections.



The high bandwidth and low latency characteristics of 5G networks provide communication guarantees for cloud-edge collaborative inference in intelligent guide sticks. Existing pilot projects combining 5G with edge cloud for assistive devices have demonstrated the feasibility of offloading computational tasks to edge clouds to reduce terminal burdens [80]. This approach is equally applicable to LSTM models: computationally intensive LSTM variants—including Social LSTM [10], attention-enhanced LSTM, and Social GAN [45] for multi-modal prediction—can be deployed on cloud or edge cloud platforms, with the intelligent guide stick terminal responsible only for lightweight feature extraction and real-time warnings, coordinated through 5G networks. This collaborative mode shows promise in alleviating the tension between limited terminal computational capacity and increasing model complexity. Additionally, cloud platforms support model hot-updating: when improved LSTM weights are trained on the cloud, they can be pushed to terminal devices via over-the-air (OTA) updates, enabling continuous evolution of the intelligent guide stick’s predictive capabilities without requiring manual device upgrades by users.



In summary, Internet technologies are expanding the application boundaries of LSTM in intelligent guide sticks across three dimensions: IoT-cloud collaboration, V2X communication, and 5G cloud platforms. The integration of LSTM-based temporal prediction with Internet technologies has demonstrated technical potential across multiple dimensions—IoT-cloud collaboration enables remote monitoring and data backhaul, V2X introduces external environmental information to LSTM predictions, and 5G with cloud platforms supports large-scale model inference on the cloud and continuous model evolution. However, most existing studies have addressed only one of these dimensions in isolation, and systematic validation that deeply integrates LSTM-based temporal prediction with multi-level Internet technologies remains absent from the publicly available literature. Practical deployment still needs to address the tension between communication latency and real-time requirements, system robustness under discontinuous network coverage, and energy consumption optimization for cloud-edge collaborative inference—these challenges provide clear technical directions for future research.




6.6. Datasets


Since this review synthesizes findings from the literature rather than presenting new experimental results, it is necessary to examine the datasets used in the studies reviewed. The choice of dataset directly affects model performance, generalizability, and the validity of cross-study comparisons. This section provides an overview of the representative datasets used for pedestrian trajectory prediction, intention classification, and intelligent guide stick-related perception tasks, with particular attention to their sensor modalities, scale, and relevance to intelligent guide stick deployment.



For pedestrian crossing intention prediction, several publicly available datasets have become de facto benchmarks in the field. JAAD and PIE are two representative real-world in-vehicle datasets: the former comprises 346 high-resolution video clips from a dashboard-mounted camera (totaling approximately 240 h of driving footage) [81], while the latter provides over 6 h of footage with nearly 910,000 frames and 1842 annotated pedestrian samples from a first-person driving perspective [82]. Both are widely used for training and evaluating pedestrian crossing intention prediction models. To alleviate the scarcity of rare crossing events in real-world data, researchers have further constructed synthetic data resources. PedSynth, generated programmatically using the ARCANE framework on top of the CARLA simulator, consists of 947 crossing/non-crossing video clips with a total duration of 5 h and 26 min, serving as complementary material for model pre-training and data augmentation [30]. In addition, recent work has explored using PedSynth together with pre-trained intention models to automatically generate crossing pseudo-labels for real-world videos (e.g., the S2R-UDA-CP framework), showing promise in reducing manual annotation costs—further extending the utility of PedSynth as an auxiliary resource.



Beyond the aforementioned intention-oriented datasets, this review also refers to other publicly available resources for related tasks. ETH/UCY is one of the most widely used benchmarks for trajectory prediction, containing about 1500 trajectories across five scenes; its bird’s-eye view differs fundamentally from the forward low-height perspective of a guide stick. BDD100K is a large-scale autonomous driving perception dataset providing 100,000 driving videos with diverse annotations including object detection and segmentation; its scene diversity offers reference value for assistive navigation, but its vehicle-mounted forward-view setting is not aligned with the guide-stick scenario. MS COCO is a commonly used image benchmark for general object detection, containing 330,000 static images with 80 object categories; it can provide pre-training material for the obstacle recognition module of a guide stick, yet its lack of temporal information makes it only partially suitable for applications that rely on continuous perception. Table 5 provides an overview of these datasets, summarizing their key characteristics and highlighting the critical gap in publicly available data captured from the intelligent guide stick perspective.



All the above publicly available datasets originate from non-handheld low-height perspectives—vehicle-mounted forward-view, top-down, or static images—whose sensor settings differ from the actual operating conditions of a guide stick. During use, a guide stick undergoes natural swaying and irregular swinging accompanying human gait, and the low height results in more frequent occlusions near the ground. The spatiotemporal interaction patterns learned by models trained on vehicle-mounted views may not generalize well to the unique handheld jitter, low-height occlusions, and motion irregularities characteristic of a guide stick. It should be noted that while synthetic data such as PedSynth can partially compensate for the limited number of training samples, the gap between virtual environments and real streets in terms of illumination changes, sensor noise, and dynamic occlusions remains non-negligible; moreover, since its viewpoint still follows the vehicle-mounted setting, it cannot fully replace real data collected from the low handheld perspective of a guide stick. As for automatic labeling methods like S2R-UDA-CP, their effectiveness has mainly been validated in autonomous driving scenarios, and the reliability of pseudo-labels may be constrained by the source model’s training bias toward vehicle-mounted views. Transferring these methods to the guide-stick scenario requires additional human quality inspection and domain adaptation, and they cannot yet fully substitute for systematic collection of real-world guide-stick-perspective data.



Overall, there is currently a lack of large-scale publicly available pedestrian crossing intention datasets specifically captured from the handheld low-height perspective of an intelligent guide stick. Although a few prototype studies have collected small-scale in-house guide-stick perception data, these existing data mostly focus on obstacle detection and other local perception tasks, lacking unified annotation standards and benchmark divisions for pedestrian crossing intention, and thus are not yet sufficient to support thorough algorithm training and fair comparison for this task. Bridging this gap calls for systematic efforts in real-world data collection, the formulation of intention annotation standards, and the development of simulation tools tailored to the guide-stick perspective.




6.7. Summary and Discussion


Synthesizing the five application cases reviewed above, LSTM-based prediction methods have demonstrated technical potential highly relevant to intelligent guide stick scenarios across multiple assistive dimensions. In speech guidance, CNN-LSTM fusion architectures [63] have proven effective for identifying and tracking dynamic obstacles, while hardware validation on STM32-class MCUs [4,21] confirms the technical feasibility of deploying lightweight models. In trajectory prediction and obstacle avoidance, LSTM-based collision risk prediction methods [67] have achieved validation accuracy exceeding 98% on mobile robot platforms [69]. Their methodological logic—“perceiving historical trajectories → predicting future positions → issuing early warnings”—aligns closely with the core requirement of active obstacle avoidance for intelligent guide sticks. In positioning and navigation, CNN-LSTM hybrid models [72] achieve 0.52 m positioning accuracy using only onboard IMU sensors, and maintain stable output during prolonged GPS outages [73,74,75]. In edge computing, STM32-series MCUs have been confirmed capable of handling deep learning inference tasks [4,21,76,77], meeting both real-time and accuracy requirements. Collectively, this evidence indicates that LSTM possesses the fundamental prerequisites for intelligent guide stick deployment in terms of algorithmic capability, lightweight potential, and engineering transferability. In terms of Internet technology collaboration, the integration of IoT-Cloud, V2X, and 5G technologies provides new capability dimensions for LSTM-based prediction, including remote monitoring, environmental information supplementation, and cloud-edge collaborative inference, thereby expanding the potential pathway for intelligent guide sticks to evolve from standalone intelligence to system-level collaboration.



However, several critical gaps remain between existing research and the deployment of practical intelligent guide stick products. At the algorithmic level, speech guidance systems [63] still focus primarily on current-frame recognition and have not yet integrated LSTM-based prediction capabilities into their warning workflows; trajectory prediction methods [21,69,70], though mature on robotic platforms, have not been adapted or tested for the specific characteristics of handheld intelligent guide sticks—sensor jitter, low mounting height, and unstable field of view; positioning and navigation systems [71,72,73,74,75] impose computational overhead that challenges MCU-level real-time inference, and most evaluations are conducted in controlled environments without validation in complex urban terrains; edge computing validations [21,76,77] have primarily targeted CNN models, leaving it unverified whether LSTM’s recurrent temporal prediction can coexist and co-operate with perception, detection, and feedback modules on the same resource-constrained hardware. More fundamentally, none of the existing studies have demonstrated complete end-to-end system integration—from perception through LSTM-based prediction to graded warning—on an actual intelligent guide-stick prototype with validation by visually impaired users. Future user-centered evaluations should assess not only algorithmic accuracy but also practical usability, cognitive load, and user trust, as these factors determine whether a technically accurate device is actually adopted in daily use. The scarcity of domain-specific data (as discussed in Section 6.6, the lack of large-scale public datasets captured from the intelligent guide stick perspective) further constrains model training and evaluation. Moreover, the impact of real-world factors—illumination variations, weather conditions, sensor noise—on system robustness has not been adequately tested.





7. Discussion


The analysis presented in the preceding sections indicates that deploying LSTM-based pedestrian intention prediction on intelligent guide sticks is supported by multidimensional evidence, yet several constraints remain.



In terms of constraints, hardware resource limitations are the primary challenge. A typical MCU offers only 512 KB of Flash and 256 KB of SRAM, and even after lightweight processing, the LSTM model must coexist with sensor drivers, communication stacks, and feedback modules within this limited resource budget. At the data level, there is currently no publicly available large-scale dataset captured from the intelligent guide stick perspective for pedestrian intention prediction; most existing datasets originate from autonomous driving or surveillance applications, which differ substantially in viewing angle, sensor height, and motion characteristics. At the validation level, existing studies are predominantly conducted in simulation environments or on general-purpose robotics platforms, and no study has yet achieved both complete end-to-end deployment of an LSTM-based prediction model on a real intelligent guide stick prototype and validation with visually impaired users. Future studies involving visually impaired participants must be conducted under ethically approved protocols with informed consent. These challenges are interconnected and collectively constitute the primary barrier to translating algorithmic research into practical assistive devices.



Despite these challenges, the evidence reviewed in this paper supports the feasibility of LSTM-based deployment on intelligent guide sticks. In terms of temporal modeling capability, Social LSTM [10] effectively captures pedestrian interactions through its social pooling mechanism; SR-LSTM [25] improves prediction robustness in crowded environments through spatial relationship encoding; and the enhanced Social LSTM [26] achieves a 31% reduction in collision rate across various crowd densities. In terms of lightweight deployment, DeepConv LSTM [31] achieves 21 ms inference latency, a 136.5 KB model size, and 97% accuracy on ARM Cortex-M4 after quantization; Slim LSTM [20] achieves over 93% parameter compression through architectural simplification; and the INT8 quantization scheme provides a direct reference path for MCU deployment, with its hardware feasibility confirmed by Sense Stride [4] on STM32H563ZI. Collectively, this evidence demonstrates that LSTM possesses both the temporal modeling capability required for intelligent guide stick tasks and the potential, after lightweight processing, to meet hardware resource constraints.



Based on the above analysis, future research may proceed along the following directions. First, building on the five lightweight methods reviewed in this paper, hybrid strategies that combine architectural simplification and quantization warrant further exploration to improve compression efficiency and reduce deployment risk. Second, to address the data scarcity identified above, real-world data collection from the intelligent guide stick perspective and annotation of pedestrian behavioral intentions should be prioritized, complemented by simulation tools for large-scale synthetic data generation. Third, a standardized evaluation framework specifically designed for intelligent guide stick deployment should be established to facilitate meaningful cross-study comparisons and algorithmic iteration. In addition, hardware-software co-design remains a worthwhile direction to pursue. How to effectively integrate the LSTM prediction pipeline with existing perception, detection, and feedback modules on the same resource-constrained hardware remains to be validated in practice.



Several limitations of this review should be acknowledged. The literature search is restricted to English and Chinese publications, potentially overlooking important contributions in other languages. The performance metrics reported for different lightweight methods are drawn from heterogeneous datasets, hardware platforms, and experimental configurations, which limits direct quantitative comparisons. In the absence of a standardized benchmark platform for LSTM-based prediction on intelligent guide sticks, assessments of method superiority rely on reported results rather than replicated experiments. Furthermore, given the diversity of evaluation metrics and experimental conditions, this review does not perform a quantitative meta-analysis. These limitations do not undermine the qualitative synthesis of technical trends and mainstream approaches presented herein, but they should be considered when interpreting the comparative assessments.




8. Conclusions


This paper has provided a review of LSTM-based methods for pedestrian intention prediction and lightweight deployment for intelligent guide sticks. The analysis of existing intelligent guide stick systems [2,3,4,7,8,9] reveals a common deficiency: the lack of temporal modeling capability for dynamic obstacles, which prevents current systems from achieving proactive obstacle avoidance. The review demonstrates that LSTM [9], through its gating mechanism and architectural flexibility, effectively captures long-term dependencies in trajectory data and, compared with alternative temporal models including GRU [32], TCN [34], lightweight Transformers [36,37], and others, has relatively strong validated evidence in terms of temporal modeling capability, lightweight maturity, and MCU deployment feasibility. For resource-constrained edge deployment, five lightweight techniques—architecture simplification [20], low-rank decomposition [51,52,53,54,55,56], structured pruning [11,57,58], quantization [12,31,59], and knowledge distillation [60,61,62]—are examined, with hybrid strategies identified as promising pathways. Application cases across speech guidance [63], trajectory prediction-based obstacle avoidance [4,21,76,77], positioning and navigation, edge computing, and Internet collaboration [78,79,80] validate the diverse potential of LSTM in intelligent guide stick scenarios, yet a persistent gap remains: end-to-end deployment that integrates LSTM-based prediction with graded feedback on actual intelligent guide stick prototypes, validated with visually impaired users, has yet to be achieved. Future research should prioritize real-world deployment validation, domain-specific data collection, and hardware-software co-design to translate algorithmic advances into practical assistive devices. LSTM is expected to play a significant role in transitioning intelligent guide sticks from passive response to active prediction, ultimately improving travel safety and quality of life for visually impaired individuals.
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	Convolutional Neural Network
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	FFT
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	Field-Programmable Gate Array
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	LiDAR
	Light Detection and Ranging
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	Long Short-Term Memory



	MAE
	Mean Absolute Error



	MCU
	Microcontroller Unit



	MEMS
	Micro-Electro-Mechanical Systems



	MSE
	Mean Square Error



	MPO
	Matrix Product Operator



	ONNX
	Open Neural Network Exchange



	PCA
	Principal Component Analysis



	PIR
	Passive Infrared



	PPO
	Proximal Policy Optimization



	QONNX
	Quantized Open Neural Network



	RGB-D
	Red Green Blue-Depth



	RMSE
	Root Mean Square Error



	RNN
	Recurrent Neural Network



	RTK
	Real-Time Kinematic



	RTOS
	Real-Time Operating System



	SHS
	Step and Heading System



	SLAM
	Simultaneous Localization and Mapping



	SVD
	Singular Value Decomposition



	STM
	STMicroelectronics



	TCN
	Temporal Convolutional Network



	ToF
	Time-of-Flight



	TTS
	Text-to-Speech



	YOLO
	You Only Look Once
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Figure 1. Architecture of Environmental Sensing and Timeries Preprocessing Module. 
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Figure 2. Architecture of Lightweight LSTM Prediction and Risk Grading Module. 
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Figure 3. Architecture of Multi-modal Human–Machine Feedback and Closed-loop Iteration. 
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Figure 4. Pedestrian intention prediction and active obstacle avoidance flow chart based on LSTM. 
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Table 3. Comparison of the comprehensive applicability of mainstream temporal prediction models for intelligent guide stick deployment.
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	Model
	Temporal Modeling Capability
	MCU Deployment Feasibility
	Scene Adaptability
	Overall Suitability





	LSTM
	Strong, gated mechanism captures long-term dependencies [9]
	High: validated on ARM Cortex-M4 (21 ms inference, 136.5 KB model, 97% accuracy) [31]
	High: validated in pedestrian trajectory prediction, supporting social interaction and multimodal fusion [10,25,45,46,47,48,49]
	Highly suitable (for intelligent guide stick constraints)



	GRU
	Moderate; competitive in short-term prediction; weaker in long-term dependencies [32]
	Moderate: fewer parameters than LSTM, but similar recurrent architecture offers no substantial deployment advantage [32]
	Limited: fewer variants and extensions for complex scene integration
	Moderate



	TCN
	Moderate; fixed receptive field constrains long-range dependency capture [34]
	Low: parallel computation advantage lost on single-core MCUs [34]
	Limited: no inherent mechanism for modeling social interactions
	Moderate-Low



	Lightweight Transformer
	Strong in theory via self-attention; memory bandwidth remains high [36,37]
	Moderate: TransLSTM shows 4.9 ms inference potential [38], but documented deployment on STM32-class MCUs for trajectory prediction remains limited [36,37]
	Moderate: attention can model long-range dependencies but lacks proven scene integration
	Low (emerging research shows potential, but MCU deployment under intelligent guide stick constraints remains unvalidated)



	Attention-enhanced RNN
	Strong; but extra O(T) complexity overhead
	Low: additional attention computation may violate real-time constraints on MCUs
	Moderate: selective attention benefits context awareness, but cost is high
	Moderate-Low



	KF-RNN Hybrid
	Moderate; handles sensor noise robustly, but matrix inversion scales quadratically [42]
	Very Low: matrix operations too computationally heavy for MCUs [42]
	Moderate: principled uncertainty handling, but limited scene semantics
	Low



	Graph-based Model
	Strong in crowded scenarios; message passing scales O(N2) with pedestrian count [35]
	Low: high computational cost for limited benefit in low-to-medium density scenes [35]
	Moderate: specialized for interaction modeling, but scene-dependent
	Moderate (scene-dependent)



	TinyML Model
	Not validated for trajectory or intention prediction tasks [43,44]
	High: KB-level memory footprint, but for general time-series forecasting [43,44]
	None: lacks social interaction and scene semantics modeling
	Unvalidated







Note: Assessments are relative comparisons based on the reviewed literature, not absolute performance guarantees. “High” indicates proven feasibility with measured hardware metrics on MCU-level platforms; “Low” indicates significant barriers preventing practical deployment; “Moderate” indicates partial suitability under specific conditions. Actual performance depends on specific model configurations and hardware implementations.













 





Table 4. Quantitative comparison of LSTM lightweight methods.
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	Method Category
	Compression Effect
	Accuracy Preservation
	Hardware Applicability
	Model Size
	Memory Footprint
	Inference Latency
	Power Consumption
	Critical Limitation for Intelligent Guide Sticks





	Slim LSTM
	>93% (53.2 k→3.4 k) [20]
	≈Flat [20]
	General-purpose MCU (theoretical) [20]
	3.4 k parameters [20]
	Not reported
	Not reported
	Not reported
	Must retrain from scratch; cannot compress existing models [20]



	SVD
	45% volume reduction [51,52]
	Lossless under specific conditions [51,52]
	Primarily FPGA [51,52]
	55% of original model [51,52]
	Not reported
	3.9× training speedup [51,52]
	Not reported
	Compression ceiling ≤ 50%; linear approximation may fail for nonlinear patterns [51,52]



	C-LSTM
	O(k2)→O(k), O(k2)→O(k log k) [11]
	Minimal loss [11]
	FPGA (FFT hard IP required) [11]
	O(k) storage [11]
	Not reported
	18.8× performance improvement [11]
	33.5× energy efficiency improvement [11]
	FPGA-only; requires HW-SW co-design [11]



	Quantization (INT8)
	74% (513 KB→136 KB) [31]
	Minor loss (98.24%→97%) [31]
	ARM Cortex-M4 (validated)/FPGA [31]
	136.5 KB [31]
	29.1 KB SRAM [31]
	21 ms [31]
	Not reported
	Requires INT8/mixed-precision HW support [31]



	Knowledge Distillation
	MSE↓81.3%, MAE↓52.3% (SDKD) [60,61,62]
	Controllable (>95% of teacher) [60,61,62]
	Depends on student model [60,61,62]
	Depends on student model
	Not reported
	Not reported
	Not reported
	High training cost; teacher-student mismatch risk [60,61,62]







Note: “Not reported” indicates that the specific metric was not provided in the cited reference. As the experimental platforms, task types, and evaluation protocols vary across studies, caution should be exercised when making direct cross-method comparisons. The arrows (→ and ↓) indicate that the values are reduced after compression or optimization compared to the original values.













 





Table 5. Representative datasets used in reviewed studies.
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	Dataset
	Task
	Sensor Modality
	Scale
	Key Differences from Intelligent Guide Stick Scenario





	JAAD
	Pedestrian crossing intention prediction
	Video (forward-facing, dashboard-mounted)
	346 clips, ~240 h driving footage [81]
	Vehicle-mounted forward-view; higher camera height (~1.5 m); stable platform; different motion characteristics



	PIE
	Pedestrian intention estimation and trajectory prediction
	Video (first-person forward-facing)
	>6 h, 909,480 frames, 1842 pedestrian samples [82]
	Vehicle-mounted forward-view; higher camera height; stable platform; larger scale



	PedSynth
	Pedestrian C/NC intention prediction
	Synthetic RGB video (CARLA-based)
	947 clips, 5 h 26 min [30]
	CARLA simulator viewpoint (vehicle-mounted); synthetic domain; lacks real sensor noise, occlusion, and handheld jitter



	ETH/UCY
	Pedestrian trajectory prediction
	Video (top-down view)
	5 scenes, ~1500 trajectories [83,84]
	Top-down view; no ego-motion or handheld jitter



	BDD100K
	Autonomous driving perception
	Video (forward-facing)
	100,000 videos [65]
	Vehicle-mounted, stable platform, higher sensor height



	MS COCO
	Object detection
	RGB images
	330,000 images [64]
	Static images only; no temporal information



	In-house guide-stick data
	Obstacle detection
	ToF, ultrasound, camera
	Small-scale prototypes [2,3,4,21,76,77]
	Directly relevant but small scale and different annotation tasks
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