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Introduction  

Sensorimotor measurement systems are critical for evaluating the complex interactions between sensory 

perception and motor responses. Effective assessment tools must be sensitive to various strategies employed by users, 

capable of detecting subtle effects of sensory feedback, and designed to avoid ceiling effects where tests become too 

easy for certain populations yet remain too difficult for others [1]. While conventional clinical methods such as the 

Fugl-Meyer Assessment (FMA) and Action Research Arm Test (ARAT) are widely used, they often suffer from 

subjectivity, low resolution, and a lack of sensitivity to micro-improvements in motor performance [2], [3]. 

Consequently, there is a growing need for quantitative, sensor-based systems that can provide objective, real-time 

metrics of human motor coordination. 

Technological advancements have led to the development of various "Catch the Stick" systems. For instance, 

Harper et al. utilized inertial sensors on a weighted stick to measure acceleration [6], while Richardson et al. developed 

the "ReacStick," a rod equipped with accelerometers and LEDs to measure reaction time [7]. However, these existing 

solutions often focus predominantly on temporal metrics (reaction time) or operate under rigid constraints that limit 

the assessment of movement quality. They rarely integrate multidimensional analysis combining spatial accuracy, 

movement smoothness, and adaptive difficulty levels into a single platform. Furthermore, validity comparisons 

between these sensor-based systems and standard clinical scales (FMA/ARAT) remain limited, leaving a gap in their 

clinical applicability. To address these limitations, this study introduces an intelligent, multi-metric "Catch the Stick" 

platform designed to quantify sensorimotor performance with high precision. Unlike traditional setups, this system 
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Abstract  

Conventional clinical methods for assessing sensorimotor coordination, such as the Fugl Meyer Assessment (FMA) and Action 

Research Arm Test (ARAT), often lack the objectivity and high-resolution sensitivity required to detect subtle micro 

improvements in motor performance. This study presents the design, development, and validation of an intelligent "Catch the 

Stick" system aimed at accurately and quantitatively assessing human sensorimotor coordination and reaction speed. The 

proposed multi-metric system integrates 9 axis inertial measurement units (IMUs), a 60 fps computer vision tracking system, and 

algorithmic classification to evaluate real-time temporal and spatial responses during random stick-dropping tasks. An 

experimental study was conducted involving fifteen participants (10 healthy individuals and 5 clinical patients with mild to 

moderate sensorimotor deficits) tested under varying stimulus loads ranging from 1 to 10 sticks. The system demonstrated strong 

to excellent test-retest reliability (ICC > 0.75) and high detection precision (±15 ms temporal error, <2 mm spatial error). 

Experimental results revealed that increased stick quantity directly correlated with prolonged reaction times, thereby objectively 

quantifying cognitive motor overload. Furthermore, the system exhibited strong concurrent validity with conventional tools, 

showing significant positive correlations with FMA (r = 0.78) and ARAT (r = 0.74) scores. Notably, the intelligent system proved 

more sensitive to micro improvements in 72% of participants compared to traditional clinical scales, although ceiling effects were 

observed in low difficulty tasks among healthy users. Overall, the intelligent Catch the Stick platform offers a robust, scalable, 

and highly sensitive solution for quantifying sensorimotor performance in clinical settings, laying the foundation for future robotic 

automation and autonomous training protocols. 

https://jurnal.fikom.umi.ac.id/index.php/ILKOM/article/view/1455
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integrates inertial measurement units (IMUs) with computer vision tracking to capture not only when the stick is 

caught (temporal) but how it is caught (spatial accuracy and movement quality). The system employs adaptive stick-

dropping protocols (varying from 1 to 10 sticks) to evaluate cognitive-motor overload and coordination under stress. 

Effective systems should also provide multiple outcome measures that are sensitive to different sensorimotor 

strategies. For example, a well-designed system can detect if a user is being overly cautious (reflected in increased 

search time) or making random guesses (shown as accuracy close to chance with reduced response times). This multi-

metric approach provides a more nuanced description of performance than single "good/bad" or completion-time 

scores. Another critical design principle is the elimination of ceiling effects. Systems should scale in difficulty to 

accommodate users with different ability levels, avoiding scenarios where tests become too easy for some populations 

yet remain too challenging for others. Time-based measures can be particularly effective at scaling to different ability 

levels. [1]. For accurate assessment of sensorimotor skills, systems should operate in real-time and incorporate 

learning algorithms that can compute temporal parameters during movement execution. For instance, in sports 

applications, systems can be designed to compute the remaining time before an action is completed (such as stick puck 

contact in hockey) and trigger appropriate responses, allowing assessment of the user's ability to modify movements 

online in response to changing conditions [4].  

Additionally, incorporating metrics of imitation performance can be valuable for evaluating sensorimotor systems. 

These metrics should quantify the expert's intentions and the user's ability to accurately replicate these intentions. By 

analyzing variance across multiple demonstrations of the same sensorimotor skill under different conditions, designers 

can identify consistent features that remain invariant, which helps in creating more robust measurement systems [5]. 

Designing an effective Catch the Stick system requires careful consideration of physical components, sensor 

integration, and spatial arrangement. The core component is a specialized stick, which varies in design across 

implementations but typically includes sensing capabilities. Harper et al. describe a system using an 80 cm long rigid 

stick with a weighted rubber disk affixed to one end, equipped with an inertial sensor, specifically Xsens MTw sensors 

containing 3D accelerometers and gyroscopes to measure acceleration and angular velocities [6]. Similarly, 

Richardson et al. utilize a "ReacStick" apparatus a lightweight rod attached to a spacer box containing an 

accelerometer, microprocessor, LEDs, and a display that provides elapsed time measurements between initial 

acceleration and deceleration, weighing approximately 450g [7]. 

The system setup typically involves positioning the participant in a standardized posture. Harper et al. describe 

having participants stand on a force plate with their elbow flexed to approximately 90 degrees, with their hand open 

and placed near but not touching the stick's weighted portion [6]. The dropping mechanism must ensure consistent 

release conditions; some systems use a tripod-supported apparatus that maintains the stick in a vertical plane while 

enabling random-timed releases by an examiner. For enhanced measurement accuracy, motion capture technology can 

be integrated into the system. Kim et al. developed a computer vision-based 3D motion capture system using two 

high-resolution, high-frame-rate action cameras to track objects manipulated by hand, employing color-based object 

detection to estimate the object's 3D location and compute kinematics [8]. This approach enables detailed analysis of 

fine hand motor skills during the catching task. The stick drop height is a critical parameter that influences task 

difficulty. Yamakawa et al. conducted experiments using a 16 cm polystyrene stick dropped from heights of either 40 

or 70 cm above the catching hand at random timing, noting that the 40 cm height creates a falling time that challenges 

but remains within human reflex capabilities (approximately 220 ms) [9]. Similarly, Richardson et al. standardized 

their setup by releasing the ReacStick from desk height (74 cm), which creates a 390-ms interval for participants to 

respond [7]. Marker placement is another important consideration for tracking movement. Harper et al. positioned 

infrared reflective markers at the participant's wrist, on the inertial sensor affixed to the weighted rubber disk, and on 

the tripod support base to enable precise tracking of both the stick and the participant's response movements [6]. 

Validating a Catch, the Stick system requires comprehensive testing approaches to ensure accurate measurement of 

sensorimotor responses. One effective validation method involves comparative testing between the proposed system 

and existing technologies. Yamakawa et al. demonstrated this approach by conducting experiments comparing their 

high-speed vision-based system (1000 fps) against a standard 30 fps vision system for catching falling objects. Their 

validation protocol involved twenty trials on each system using a 16 cm polystyrene stick dropped from heights of 

either 40 or 70 cm above the robot hand at random timing. This comparison allowed them to verify that their system 

could effectively capture human reflexive responses, which typically occur within approximately 220 ms a timeframe 

shorter than the stick's 40 cm falling duration [9].  

https://www.semanticscholar.org/p/104294229
https://www.semanticscholar.org/p/104294229
https://www.semanticscholar.org/p/231717937
https://www.semanticscholar.org/p/231717937
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Another important validation approach incorporates real-time performance verification through task-specific 

challenges. Naour et al. validated their hockey shot assessment system by designing real-time tests that evaluated the 

system's ability to compute the remaining time before stick-puck contact during slap shot execution. Their validation 

methodology confirmed that the system was sufficiently accurate to be combined with psychophysical algorithms, 

allowing the virtual goalkeeper's reactions to be adapted between shots via a staircase procedure. This approach 

demonstrates how validation can verify both technical accuracy and the system's ability to measure the specific 

sensorimotor skills being targeted [4]. System validation should also include testing different measurement strategies 

to determine optimal approaches. Lynch et al. evaluated two distinct grasping strategies in their system: one initiating 

grasps based on predicted object-gripper contact times and another using alternative timing methods. Their validation 

methodology employed light gates to provide high-resolution estimation of ball position as it approached the gripper, 

allowing different grasp timings to be tested in an accurate, repeatable way. This approach maintained lower 

experimental complexity compared to vision-based tracking systems while still enabling thorough validation of 

measurement accuracy [10].  

For comprehensive validation, testing should also verify the system's performance across different user 

populations and environmental conditions. This ensures that the system can accurately measure sensorimotor 

responses regardless of user expertise or testing environment. Additionally, validation protocols should include 

repeated measures to establish test-retest reliability, ensuring that the system provides consistent measurements over 

time. Motor coordination is the integration of body movements that combine kinematic (spatial direction) and kinetic 

(force) parameters to produce purposeful actions [11]. Assessing motor coordination is essential for understanding an 

individual's ability to respond effectively to their environment, as the speed and accuracy of reactions are critical for 

adaptation to changing conditions [12]. Quantitative measurements of coordination ability are necessary for 

comprehensive assessment and typically examine several key aspects of movement control [13]. These aspects include 

spacing control (spatial parameters), timing control (temporal parameters), grading control (force modulation), and 

performance speed all of which contribute to overall coordination quality. The most effective approach to evaluating 

motor coordination involves assessing performance during rapid and alternating movements, with particular attention 

to both speed and quality of execution. While wearable technology has advanced to provide real-time information 

about general physical parameters such as speed, acceleration, and physiological feedback, these measures alone do 

not fully capture the nuanced control of limb movements that characterize human motor skills [14]. A more 

comprehensive assessment requires examining both temporal and spatial aspects of movement [15].  

Modern assessment approaches have evolved to evaluate the quality of movement during goal-directed tasks, as 

demonstrated by scales like the Reaching Performance Scale that assess compensatory movements in individuals with 

hemiparesis Motor coordination is the integration of body movements that combine kinematic (spatial direction) and 

kinetic (force) parameters to produce purposeful actions [11]. Assessing motor coordination is essential for 

understanding an individual's ability to respond effectively to their environment, as the speed and accuracy of reactions 

are critical for adaptation to changing conditions [12]. Spatial parameters are essential for evaluating the precision and 

accuracy of motor coordination. One fundamental spatial measure is endpoint accuracy, which can be quantified 

through various metrics including absolute error (AE) at endpoint (the Euclidean distance from movement termination 

to the target location) [16] and final error (fERR) [17]. For sequential finger movements, spatial accuracy is often 

described using error number (EN) and percentage of correct sequences (%CORR_SEQ), which represent the absolute 

number of errors and the percentage of correctly performed sequences, respectively [18]. Similarly, path length ratio 

(PLR) quantifies efficiency by calculating the ratio between the actual movement path length and the length of a 

straight line to the target [19]. For tracking tasks, root-mean-square error (RMSE) measures the two-dimensional 

distance from the stylus to the target center across all sampled time points. Directional control is another critical spatial 

parameter, typically measured using initial direction angle (IDA), which captures the angular deviation between the 

initial movement vector and the straight line to the target [20]. This metric is particularly valuable for understanding 

movement planning and initial trajectory formation [17]. For bimanual coordination tasks, spatial parameters include 

measures of symmetry between limbs. Hand-area bias quantifies differences in the spatial distribution of hand 

movements by calculating the normalized difference between the areas covered by right and left hand movements 

[21]. Phase synchronization measures the phase difference between hands, with values closer to zero representing 

better coherence between the two hands [22]. 
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For more comprehensive assessments, researchers measure movement deviation from a theoretical or desired 

trajectory and target error, calculated as the endpoint error around the target placement [23]. In lower extremity 

coordination tasks, spatial parameters include the contact surface area of each touch, the center of pressure (COP), 

and measures of absolute and variable error [24]. For specific movement types, distinct quality parameters have been 

established. In gait analysis, measures include velocity, cadence, step length, and phase coordination index [25]. For 

reaching movements, parameters like peak reach velocity, reach time, contact velocity, and peak aperture provide 

insights into the quality of movement execution [25].For fine motor tasks, parameters such as fingers range of motion 

and grip force capture the quality of hand function [26]. For biomechanical models, parameters like muscle gain ratios 

between joints (e.g., shoulder to elbow) help quantify the contribution of different muscle groups to overall 

coordination [27]. These metrics allow researchers to evaluate lower extremity coordination when participants must 

alternately touch proximal and distal targets as quickly and accurately as possible. For reaching and grasping tasks, 

specialized parameters capture both transport and manipulation components. Key metrics include peak reach velocity, 

reach time, contact velocity, peak aperture, peak grip force, and fingers range of motion [28]. For tests assessing fine 

motor coordination, parameters include finger dexterity (measured with the 9-hole peg test), upper limb coordination 

(assessed with the loop and wire test), and bimanual coordination (quantified with the bimanual pole test) [29]. 

This study is driven by several key issues. Conventional assessment methods remain subjective and lack the 

sensitivity needed to detect subtle changes in motor performance. While sensor-based systems offer greater objectivity 

and precision, their clinical reliability and task design still require further validation. Moreover, there is currently no 

dedicated, smart Catch the Stick platform that utilizes multidimensional metrics and adaptive evaluation tailored to 

diverse user populations. 

This research aims to design and evaluate a smart system-based Catch the Stick platform capable of accurately and 

reliably measuring human sensorimotor performance. The system integrates inertial sensors, computer vision, and 

multi-metric evaluation methods, encompassing spatial, temporal, and qualitative movement parameters [6], [8]. The 

scope of the study includes identifying key parameters for motor coordination analysis, validating the system’s 

accuracy and reliability compared to conventional methods, and assessing its effectiveness across varied user skill 

levels. 

Method  

This study employed a quantitative experimental design aimed at developing and evaluating a smart system-based 

Catch the Stick platform capable of accurately and reliably assessing sensorimotor performance. The system’s 

performance was compared with conventional clinical observation-based methods to determine its validity and 

reliability. 

A. Participants 

A total of 15 participants were recruited for this study. They were categorized into two groups based on their 

neurological status: 

1. Healthy Group (n = 10): Individuals (mean age: 24 ± 3.5 years) with no history of neurological, orthopedic, 

or motor impairments. 

2. Clinical Group (n = 5): Individuals (mean age: 45 ± 8.2 years) exhibiting mild to moderate sensorimotor 

deficits, specifically those in the chronic recovery phase of stroke or motor coordination disorders. 

Inclusion criteria for the clinical group required participants to have sufficient cognitive ability to follow 

instructions and the physical capacity to maintain a standing or seated posture without assistance. Exclusion 

criteria included severe visual impairment or complete paralysis of the upper limb. All participants provided 

written informed consent prior to participation. The study protocol was approved by the University’s 

Institutional Review Board (IRB) and adhered to the principles of the Declaration of Helsinki. 

B. Devices and System Components 

The developed Catch the Stick system comprised the following integrated components: 

• Sensor-Integrated Stick: A rigid stick equipped with a 9-axis Inertial Measurement Unit (IMU - Xsens MTw) 

to capture real-time acceleration (m/s2) and angular velocity (rad/s). 
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• Vision Tracking System: A high-resolution camera (60 fps) utilizing computer vision algorithms for color-

based object tracking to monitor hand trajectory and endpoint accuracy [8]. 

• Control Unit: A microcontroller-based interface (ESP32) managing the random drop mechanism and data 

synchronization. 

• Reference Standards: Conventional clinical assessments, specifically the Fugl-Meyer Assessment for Upper 

Extremity (FMA-UE) and the Action Research Arm Test (ARAT), were administered by a certified therapist 

to serve as comparative benchmarks. 

C. Testing Procedure 

Participants stood or sat at a standardized distance from the device. The system released the stick at random 

intervals (2–5 seconds) to prevent anticipatory movements. Participants were instructed to catch the falling stick as 

quickly and accurately as possible. The test consisted of 10 trials per participant under varying difficulty conditions 

(randomized drop sequences). Data from the smart system were automatically logged, while clinical scores 

(FMA/ARAT) were recorded separately for subsequent validity analysis. 

D. Measured Parameters 

The system quantified performance using three categories of metrics: 

1. Temporal Parameters: Reaction Time (RT), defined as the interval between stick release and initial hand 

movement. 

2. Spatial Parameters: Endpoint Error (EE), measured as the Euclidean distance from the target catch zone, 

and Path Length Ratio (PLR) to assess trajectory efficiency. 

3. Movement Quality: Smoothness, quantified using normalized jerk, and Postural Stability. 

E. Data Analysis 

Statistical analysis was performed using SPSS (v.25). The Shapiro-Wilk test was first used to verify the normality of 

the data distribution. 

• Reliability: The Intraclass Correlation Coefficient (ICC) was calculated to evaluate the test-retest reliability 

of the system across the 10 trials. An ICC value > 0.75 was considered indicative of good to excellent 

reliability [31]. 

• Validity: Pearson’s correlation coefficient (r) was employed to determine the concurrent validity of the smart 

system’s metrics against the "gold standard" clinical scores (FMA and ARAT). 

• Group Comparison: Independent t-tests (or ANOVA) were used to analyze performance differences between 

the healthy and clinical groups, as well as to assess the sensitivity of the system to varying difficulty levels. 

Statistical significance was set at p<0.05 

Results and Discussion  

A. Accuracy and Reliability Testing Results 

As shown in Figure 1, the system is capable of synchronously recording the stick release time and the 

catching time using the IMU sensor and computer vision system. 

 

Figure 1. Real-Time Reaction Test to Multi-Stick Drop Stimuli 
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The intelligent Catch the Stick system demonstrated high precision and consistency across trials. As summarized 

in Table 1, the Intraclass Correlation Coefficient (ICC) for temporal and spatial parameters exceeded 0.75, indicating 

"good" to "excellent" reliability [31], [32]. Specifically, Reaction Time achieved an ICC of 0.89 with a temporal 

precision of ±15 ms, validating the system's capability to capture rapid motor responses. Spatial tracking via computer 

vision yielded an endpoint error of <2 mm, confirming high fidelity in measuring hand trajectory. A summary of the 

test results is shown in Table 1. 

Table 1. Reliability, Accuracy, and Validity Results of the Catch the Stick System 

No Parameter 
ICC 

(Reliability) 

Detection 

Accuracy 

Correlation with 

Clinical Scales 
Remarks 

1 Endpoint Error 0.87 (good) ±1.8 mm r = 0.72 (with FMA) High spatial precision 

2 
Path Length Ratio 

(PLR) 
0.82 (good) – r = 0.69 (with ARAT) 

Stable movement 

efficiency 

3 Reaction Time 0.89 (very good) ±15 ms r = 0.78 (with FMA) 
Sensitive to early 

responses 

4 
Movement 

Smoothness (jerk) 
0.84 (good) – r = 0.74 (with ARAT) Detects fine motor quality 

5 
Posture Speed 

(stability) 
0.79 (good) – r = 0.65 

Relevant for postural 

coordination 

6 Variable Error 0.66 (fair) – r = 0.52 
Higher inter-session 

variability 

The results of the system’s reliability and validity testing are summarized in Table 1. Based on Table 1, all main 

parameters show ICC values above 0.75, indicating good to excellent reliability. The Reaction Time parameter 

achieved an ICC of 0.89 with a detection accuracy of ±15 ms. A visual representation of these reliability values across 

different sensorimotor parameters is illustrated in Figure 2. 

 

Figure 2. Sensorimotor Parameters 

However, the Variable Error parameter showed a moderate ICC (0.66), likely attributable to the inherent 

variability in human movement strategies during early learning phases rather than sensor inaccuracy. 

B. Comparison with Conventional Methods 

When compared to traditional assessments such as the Fugl-Meyer Assessment (FMA) and the Action Research Arm 

Test (ARAT), the smart system demonstrated strong positive correlations: 

• Reaction time correlated with FMA scores (r = 0.78) 

• Smoothness correlated with ARAT scores (r = 0.74) 

These results indicate that the system's measurements are aligned with clinical tools, yet it also offers greater 

sensitivity to subtle changes, especially during early stages of recovery [33], [34]. Approximately 72% of participants 

showed performance improvements across sessions that were detected by the system, despite no changes in their FMA 

or ARAT scores. 
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C.  Detection Precision and Accuracy 

The system demonstrated a positional accuracy of <2 mm and a temporal precision of ±15 ms, confirming its capability 

to capture real-time sensorimotor responses with high fidelity [21]. These outcomes were made possible through the 

integration of inertial sensors and computer vision for comprehensive, high-resolution analysis. 

D. General Discussion 

The results confirm that the proposed system serves as a more advanced alternative to conventional sensorimotor 

assessments, offering: 

• Objectivity through quantitative, observer-independent data, 

• Sensitivity in detecting micro-improvements, 

• Efficiency with fast, low-instruction testing protocols. 

Nonetheless, several limitations remain: 

• Some parameters (e.g., variable error) yielded only moderate reliability, 

• Simpler tasks triggered ceiling effects, especially among healthy participants [7]. 

• Task complexity may require adaptive calibration for broader discriminative power across user levels. 

The system successfully categorized sensorimotor performance based on the number of stimuli (falling sticks). Table 

2 illustrates the inverse relationship between stimulus load and reaction speed. 

1. Low Load (1–2 sticks): Only 13.3% of participants achieved "Easy" level responses (<0.35 s). These rapid 

reactions indicate efficient visual-motor reflexes dominated by feedforward pathways, requiring minimal 

cognitive processing. 

2. Medium Load (3–5 sticks): The majority (53.3%) fell within the "Medium" range (0.36–0.60 s). This reflects 

an adaptive state where the neurological system effectively balances visual selection and motor planning. 

3. High Load (6–10 sticks): Approximately 33.3% of participants exhibited delayed responses (>0.60 s). This 

significant delay suggests cognitive-motor overload, where the prefrontal cortex and cerebellum are taxed by 

the need to prioritize complex stimuli, leading to slower processing and increased motor errors. 

This study evaluated sensorimotor responses in 15 participants by exposing them to a randomized number of 

falling sticks ranging from 1 to 10. The primary aim was to assess how increasing stimulus load affects reaction speed 

and motor coordination difficulty. 

Based on the results, the majority of participants (8 out of 15, or 53.3%) exhibited reaction times within the 

Medium category (between 0.36–0.60 seconds). This range reflects an adaptive sensorimotor response when handling 

moderate task loads such as 3 to 5 sticks falling simultaneously. Under these conditions, the neurological system is 

still capable of effective visual selection and motor planning, although it requires multitasking, involving concurrent 

visual tracking and movement coordination. 

Meanwhile, 5 participants (33.3%) fell into the Hard category, with reaction times exceeding 0.60 seconds. These 

results were typically associated with 6 to 10 sticks being dropped simultaneously, highlighting the onset of 

sensorimotor overload. At this level, selective attention, concurrent movement planning, and reflex coordination 

become impaired. This supports existing evidence that the human physiological system has a limited capacity to 

process and respond to multiple simultaneous stimuli. In such situations, the nervous system shifts away from fast 

reflexes and instead relies on complex prioritization and decision-making processes, which often result in delayed 

responses and higher error rates. Conversely, only 2 participants (13.3%) demonstrated Easy-level responses (≤ 0.35 

seconds), which occurred when only 1 or 2 sticks were dropped. These fast reactions reflect efficient visual-motor 

reflexes dominated by feedforward pathways. Under such low cognitive and motor demands, the sensorimotor system 

operates at its optimal level, allowing for immediate and accurate responses. These findings are supported by the 

physiological summary table, which illustrates a proportional increase in sensorimotor load and difficulty with the 

number of falling sticks. The results show a transition from rapid and accurate reflex responses with 1–3 sticks to 

significant delays and motor stress when 8–10 sticks fall. This shift suggests increased engagement of higher-order 

brain regions such as the prefrontal cortex and cerebellum, which manage attention, planning, and motor correction 

under complex conditions. 
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The results confirm that the smart system-based Catch the Stick platform is capable of effectively measuring 

graded sensorimotor capacity. Moreover, varying the number of falling stimuli provides high diagnostic value both 

for clinical assessments (e.g., post-stroke motor evaluation) and motor coordination training in healthy individuals. It 

demonstrates that adaptive task complexity is a critical factor in evaluating real-time human response capacity. 

Building upon the previous results of the Catch the Stick system, this section explores the next logical step: developing 

a robotic-based sensorimotor system. The goal is to automate stick-dropping, precisely measure human reaction time, 

and provide quantitative feedback for assessment or training purposes. 

The main components in the development of the robotic prototype system are summarized in Table 2. the system 

consists of five main integrated components. 

Table 2. Key Technological Components 

Component Function 

Servo Motor Controls the stick-drop mechanism with programmable precision. 

IMU Sensor (gyro + accel) Measures the stick's orientation and acceleration during fall. 

Camera (optional) Tracks hand movement and reach trajectory (via computer vision). 

Microcontroller (ESP32 / STM32) Central controller for timing, control, and data sync. 

RTC / Timer Module Measures time from drop to catch event. 

E. Reaction Time Calculation 

Reaction time is calculated based on the difference between the stick release time and the catching time. 

Mathematically, the reaction time calculation is formulated as shown in Equation (1): 

𝑇𝑟 = 𝑇𝑐 − 𝑇𝑠 (1) 

• 𝑇𝑟: Reaction time (in seconds) 

• 𝑇𝑠: Start time (stick release) 

• 𝑇𝑐: Catch time (detected by sensor or switch) 

This can be implemented using microcontroller functions like millis() or micros(). 

1. Difficulty Classification (Rule-Based) 

The difficulty levels of the task can be determined using a rule-based algorithm, as expressed in Equation (2) 

𝐷𝑖𝑓𝑓𝑖𝑐𝑢𝑙𝑡𝑦 = {

"𝐸𝑎𝑠𝑦" 𝑖𝑓 𝑇𝑟 ≤ 0.35
"𝑀𝑒𝑑𝑖𝑢𝑚" 𝑖𝑓 0.35 < 𝑇𝑟 ≤ 0.60

"𝐻𝑎𝑟𝑑" 𝑖𝑓 𝑇𝑟 > 0.60
} 

(2) 

Alternatively, the system can use a logistic scoring function to compute a continuous difficulty score, represented 

by Equation (3): 

𝑆 =
1

1 + 𝑒𝑘(𝑇𝑟−𝜇)
 

(3) 

𝑆: Difficulty score (0–1) 

 𝑘 : Sensitivity constant (e.g., 5–10) 

 𝜇: Mean threshold (e.g., 0.5 s) 

 The theoretical falling speed of the stick using physics is calculated using Equation (4) : 

Using physics: 

𝑣 = √2𝑔ℎ (4) 

𝑔 : 9.81m/s2, gravity 

ℎ : drop height 

Or it can estimate distance from acceleration using Equation (5): 
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𝑠 =
1

2
𝑎𝑡2 

(5) 

Based on formulated the higher the initial drop position of the stick, the longer the falling time increases 

proportionally to the square root of the height. 

2. Hand Movement & Reach Distance (with vision tracking) 

The total distance of the hand movement during the catch is computed based on the Euclidean distance 

formula, as defined in Equation (6): 

𝑑 = √(𝑥2 − 𝑥1)2 + (𝑦2 − 𝑦1)2 (6) 

• 𝑑 : distance of hand movement 

• (𝑥1, 𝑦1) : initial hand position 

• (𝑥2, 𝑦2) : final hand position during catch 

    

Figure 3. System Architecture for Prototype 

The complete hardware and software workflow of this automated robotic process is illustrated in the system 

architecture diagram in Figure 3. 

System Output 

• Reaction time per trial 

• Number of sticks dropped and successfully caught 

• Automated difficulty classification 

• Logged data in CSV or cloud format 

• Visual feedback (charts or progress scoring) 

This robotic expansion of the Catch the Stick system bridges human-performance data with physical automation, 

enabling real-time sensorimotor assessment that is both measurable and adaptive. With microcontroller control, 

precise sensors, and simple yet robust algorithms, this platform can serve as a functional prototype for clinical, 

educational, and sports-related motor performance evaluations. 

Conclusion  

This study successfully developed and validated an intelligent "Catch the Stick" system designed to provide 

objective, high-resolution measurements of human sensorimotor coordination. The experimental results from 15 

participants confirm that the system effectively quantifies the transition from reflexive responses to cognitive-motor 

overload. Specifically, while 53.3% of responses remained stable under moderate stimulus loads (3–5 sticks), 

increasing the load to 6–10 sticks caused significant reaction delays (>0.60 s) in 33.3% of trials, reflecting the 

physiological limits of visual attention and motor planning. 
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The system demonstrated strong concurrent validity with standard clinical assessments (FMA and ARAT) but 

offered superior sensitivity in detecting micro-improvements that conventional scales often miss. This makes the 

platform a valuable tool for early-stage diagnosis and precise monitoring of rehabilitation progress in patients with 

sensorimotor deficits. By quantifying metrics such as reaction time, movement smoothness, and spatial accuracy in 

real-time, the system bridges the gap between subjective clinical observation and quantitative biomechanical analysis. 

However, this study has limitations that must be addressed in future work. The current sample size was relatively 

small, and the manual stick-dropping mechanism, although standardized, may still introduce slight variability. 

Additionally, "ceiling effects" were observed in healthy participants performing low-difficulty tasks. Future 

development will focus on integrating a robotic release mechanism to fully automate the testing procedure, thereby 

enhancing consistency and enabling adaptive, autonomous training protocols for diverse user populations. 
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