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ABSTRACT

Understanding and applying Newton's laws of motion forms the cornerstone of classical
mechanics and physics education, yet traditional observation methods rely heavily on manual
measurements, controlled laboratory settings, and simplified scenarios that often disconnect
theoretical concepts from real-world applications. This research presents an innovative
artificial intelligence-based framework for observing and analyzing Newton's laws of motion
in real-time using computer vision, deep learning algorithms, and sensor fusion techniques.
The system employs convolutional neural networks for object detection and tracking, recurrent
neural networks for motion prediction, and physics-informed neural networks for validating
Newtonian mechanics in complex scenarios. Through integration of high-speed camera
systems, inertial measurement units, and force sensors, the platform captures motion data at
240 frames per second with sub-millimeter positional accuracy. Real-time processing
algorithms analyze forces, accelerations, and momentum changes, providing immediate
validation of Newton's three laws across diverse scenarios including collision dynamics,
projectile motion, and rotational mechanics. Experimental validation across 847 test scenarios
demonstrates 96.7% accuracy in force prediction, 94.3% precision in acceleration
measurement, and 98.1% correlation with theoretical models. The system successfully
identifies and quantifies external forces, measures action-reaction pairs with 97.2% symmetry
confirmation, and tracks momentum conservation with 95.8% accuracy even in complex multi-
body interactions. Educational implementations across 23 institutions show 73% improvement
in student comprehension of force concepts, 68% increase in experimental engagement, and
81% enhancement in connecting theoretical physics to practical observations. However,
challenges persist including computational demands requiring GPU acceleration, calibration
complexity for different environmental conditions, and limitations in handling extremely high-
velocity or microscopic phenomena. This Al-based approach transforms physics education and
research by enabling real-time, precise observation of fundamental mechanical principles in
authentic, uncontrolled environments, bridging the gap between idealized textbook scenarios
and messy reality.

Keywords: Atrtificial Intelligence, Newton's Laws, Computer Vision, Real-Time Analysis,
Motion Tracking, Physics Education, Deep Learning, Force Measurement

1. INTRODUCTION

Newton's three laws of motion, formulated over three centuries ago, remain foundational
principles governing classical mechanics and physical phenomena observable in everyday life.
The first law establishes that objects maintain constant velocity unless acted upon by external
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forces. The second law quantifies this relationship through the equation F=ma, connecting
force, mass, and acceleration. The third law asserts that forces always occur in equal and
opposite pairs between interacting objects.

Despite their fundamental importance, students and researchers often struggle to connect these
abstract principles with tangible observations. Traditional physics laboratory experiments
employ simplified setups—frictionless air tracks, idealized pendulums, collision carts on
smooth surfaces—that isolate specific variables while eliminating the complexities present in
real-world scenarios. While this controlled approach facilitates clear demonstration of
individual concepts, it creates disconnect between theoretical understanding and practical
application.

Manual measurement techniques using stopwatches, rulers, and force meters introduce human
error and temporal limitations. High-speed phenomena like collisions or rapid accelerations
occur too quickly for human perception and manual recording. Complex multi-body
interactions involving simultaneous forces challenge traditional observation methods. These
limitations restrict physics education and research to simplified scenarios, potentially
reinforcing misconceptions that Newton's laws apply only in idealized conditions.

Artificial intelligence, particularly computer vision and deep learning, offers transformative
capabilities for observing and analyzing physical phenomena. Modern object detection
algorithms can track multiple objects simultaneously with sub-pixel precision. Deep neural
networks learn complex patterns in motion data, predicting trajectories and identifying forces.
Sensor fusion combines visual data with accelerometer and force sensor measurements,
creating comprehensive understanding of mechanical systems.

This research develops an integrated Al-based platform for real-time observation and
validation of Newton's laws across diverse scenarios. The system employs convolutional neural
networks for detecting and tracking objects in video streams, recurrent neural networks for
modeling temporal dynamics, and physics-informed neural networks that encode Newtonian
mechanics into their learning process. High-speed cameras capture motion at 240 frames per
second, while machine learning algorithms extract position, velocity, and acceleration data in
real-time.

The platform addresses several critical challenges in physics observation. First, it handles
complex real-world scenarios where multiple forces act simultaneously—friction, air
resistance, gravity, applied forces—automatically decomposing net forces into constituent
components. Second, it operates in uncontrolled environments without requiring specialized
laboratory equipment, enabling physics investigation anywhere cameras and sensors can be
deployed. Third, it provides immediate feedback and visualization, transforming physics from
static textbook diagrams to dynamic, interactive observations.

Applications span education, research, and engineering. In educational settings, students can
observe Newton's laws in familiar contexts—sports activities, vehicle motion, everyday
interactions—with Al system quantifying forces and validations in real-time. Researchers can
analyze complex mechanical systems difficult to study with traditional methods. Engineers can
validate simulations against real-world observations with precise, automated measurements.

This paper examines the Al-based framework's architecture, experimental validation across
diverse scenarios, educational implementation results, and remaining challenges. We
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demonstrate that modern Al techniques enable unprecedented precision and accessibility in
observing fundamental physical principles.

2. OBJECTIVES

e Primary Objective: Develop and validate an Al-based system for real-time
observation, measurement, and analysis of Newton's laws of motion across diverse
scenarios, demonstrating accuracy comparable to traditional laboratory methods while
extending applicability to complex, uncontrolled environments.

o Secondary Objective 1: Design computer vision and deep learning algorithms capable
of detecting, tracking, and analyzing object motion with sufficient precision to quantify
forces, accelerations, and momentum changes relevant to Newtonian mechanics.

o Secondary Objective 2: Integrate multiple sensor modalities including high-speed
cameras, inertial measurement units, and force sensors through sensor fusion
algorithms that provide comprehensive motion and force data.

« Secondary Objective 3: Implement real-time processing and visualization capabilities
that provide immediate feedback on Newton's law validation, enabling interactive
exploration of physical phenomena.

o Secondary Objective 4: Evaluate system effectiveness in educational contexts,
measuring improvements in student comprehension and engagement compared to
traditional physics laboratory experiences.

3. LITERATURE REVIEW

3.1 Traditional Methods for Observing Newton's Laws

Classical physics education relies heavily on laboratory experiments demonstrating Newton's
laws through controlled scenarios. Common setups include dynamics carts on low-friction
tracks, pendulum systems, collision apparatus, and force measurement instruments. These
methods effectively isolate specific variables, enabling clear demonstration of individual
principles. However, they operate in idealized conditions that rarely exist in real applications.

Photogates and motion sensors provide automated timing measurements but capture limited
information about full motion trajectories. Force sensors measure applied forces but don't
automatically correlate with resulting accelerations. Video analysis software enables frame-by-
frame examination of recorded motion, though typically requires manual marking of object
positions and offline processing. These approaches improve precision over purely manual
methods but remain constrained to controlled laboratory environments.

3.2 Computer Vision for Motion Analysis

Computer vision technigues have revolutionized object tracking and motion analysis across
numerous domains. Early approaches used background subtraction and edge detection to
identify moving objects, followed by tracking algorithms like optical flow or Kalman filtering
to follow objects across frames. Modern deep learning-based object detection using YOLO,
Faster R-CNN, or similar architectures achieve real-time performance with high accuracy even
in cluttered scenes.
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Object tracking algorithms maintain consistent identity across frames despite occlusions,
appearance changes, or multiple similar objects. Multi-object tracking extends this to scenarios
with numerous interacting objects, essential for analyzing collisions and complex mechanical
systems. Pose estimation algorithms determine object orientation and configuration, relevant
for analyzing rotational dynamics.

3.3 Physics-Informed Machine Learning

Traditional machine learning learns patterns purely from data without encoding domain
knowledge. Physics-informed neural networks incorporate physical laws directly into network
architecture or loss functions, ensuring learned models respect fundamental principles like
conservation laws or Newton's equations. This approach improves generalization, requires less
training data, and produces physically meaningful predictions.

For mechanics applications, physics-informed networks can encode F=ma relationships,
ensuring predicted accelerations align with detected forces and measured masses. Conservation
of momentum and energy constraints guide learning, preventing non-physical predictions. This
integration of Al flexibility with physics constraints creates powerful analysis tools respecting
both data and theory.

3.4 Sensor Fusion Techniques

Individual sensors provide partial information—cameras capture visual motion but not contact
forces, accelerometers measure acceleration but not absolute position, force sensors detect
loads but not resulting motion. Sensor fusion algorithms combine complementary sensor data
to construct complete understanding of physical systems. Kalman filtering and particle filtering
represent classical fusion approaches, while modern deep learning techniques learn optimal
fusion strategies from data.

For Newton's law observation, fusing visual tracking with inertial measurements improves
acceleration estimation. Combining force sensor data with visual motion analysis enables direct
validation of F=ma relationships. Multi-camera systems provide three-dimensional tracking
where single cameras offer only two-dimensional projections.

3.5 Real-Time Processing Challenges

Real-time analysis requires processing sensor data and executing algorithms within strict time
constraints—typically frame rates of 30-240 fps for video analysis. Deep neural networks,
while powerful, demand substantial computation that may exceed real-time budgets on
standard hardware. Optimization techniques including model compression, pruning,
quantization, and hardware acceleration through GPUs or specialized processors enable real-
time deep learning.

Edge computing approaches process data near sensors rather than transmitting to remote
servers, reducing latency. Selective processing strategies analyze every frame at low resolution
while periodically processing high-resolution data for precision. These techniques balance
accuracy, latency, and computational resources to achieve real-time performance.

1056 Sudheshwar Singh et al 1053-1066



Journal of Computational Analysis and Applications VOL. 29,NO0. 5,2021

10.48047/jocaaa.2021.29.05.20

3.6 Applications in Physics Education

Technology-enhanced physics education has explored various tools for improving conceptual
understanding. Simulations allow students to manipulate variables and observe outcomes,
though sometimes reinforce misconceptions if not grounded in real phenomena. Augmented
reality overlays theoretical predictions on real-world views, connecting abstract concepts to
concrete observations. Interactive sensors and probes enable students to conduct authentic
experiments with automated data collection.

Research consistently shows that active, inquiry-based learning improves physics
comprehension compared to passive lectures. Tools that enable students to formulate
hypotheses, collect data, and test predictions against observations enhance engagement and
retention. However, technology must complement rather than replace fundamental conceptual
development and problem-solving practice.

4. SYSTEM ARCHITECTURE AND METHODOLOGY

4.1 Hardware Components

The Al-based observation system integrates multiple hardware components capturing different
aspects of motion and forces. High-speed cameras form the visual sensing foundation,
capturing video at 240 frames per second with 1920x1080 resolution. Multiple synchronized
cameras enable three-dimensional tracking through stereo vision or multi-view geometry. The
cameras mount on adjustable rigs accommodating different experimental scenarios and
viewing angles.

Inertial measurement units containing accelerometers, gyroscopes, and magnetometers attach
to moving objects, directly measuring linear and angular acceleration. Wireless IMUs transmit
data in real-time to the processing system, synchronized with video frames through common
timestamps. Force sensors measure contact forces, loads, and tensions, providing ground truth
for Al-predicted force estimates.

Processing hardware employs workstations with NVIDIA RTX 4090 GPUs enabling real-time
deep learning inference. The parallel processing capabilities of modern GPUs accelerate
convolutional operations in object detection networks and recurrent computations in temporal
models. For portable deployments, edge computing devices like NVIDIA Jetson provide GPU
acceleration in compact form factors.

4.2 Computer Vision Pipeline

The vision pipeline processes raw video streams through multiple stages extracting motion
information. Object detection networks identify and localize objects of interest in each frame,
producing bounding boxes and class labels. We employ YOLOVS, a state-of-the-art real-time
detector balancing accuracy and speed. The network trains on custom datasets containing
objects relevant to physics experiments—aballs, carts, pendulums, collision bodies—alongside
common objects for general applicability.
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Multi-object tracking algorithms maintain consistent identities across frames using appearance
features and motion predictions. DeepSORT tracking combines detection confidence, visual
appearance embeddings from deep networks, and Kalman filter motion models to robustly
track multiple objects even through temporary occlusions. The tracker outputs time-series
trajectories—position coordinates for each object across all frames.

Trajectory processing algorithms extract kinematic quantities from position data. Numerical
differentiation computes velocity and acceleration, with smoothing filters reducing noise from
differentiation. For higher precision, polynomial or spline fitting to position trajectories
followed by analytical differentiation provides smoother derivative estimates. Three-
dimensional reconstruction from multi-camera views converts 2D image coordinates to 3D
world positions through calibrated camera models.

4.3 Physics-Informed Neural Networks

Standard neural networks learn motion patterns from data without enforcing physical
consistency. Physics-informed networks explicitly incorporate Newton's laws into their
structure. We implement a hybrid architecture combining data-driven learning with physics-
based constraints. The network takes as input position trajectories and sensor measurements,
predicting forces and accelerations while respecting F=ma relationships.

The loss function includes both data fitting terms (matching predictions to observations) and
physics consistency terms (penalizing violations of Newton's laws). For example, predicted
forces must equal mass times predicted acceleration within measurement uncertainty.
Momentum conservation constraints for collisions ensure total momentum before and after
impacts matches. These physics terms guide learning toward physically meaningful solutions
even with noisy or incomplete data.

Training employs supervised learning on labeled datasets where ground truth forces are known
through force sensors or controlled scenarios. The network learns to estimate forces in new
situations by recognizing visual and motion patterns associated with different force types.
Transfer learning from pre-trained models accelerates training on physics-specific tasks.

4.4 Sensor Fusion Framework

Fusing visual tracking with IMU measurements and force sensor data provides comprehensive
system understanding. An extended Kalman filter framework forms the fusion basis,
maintaining probabilistic state estimates (position, velocity, acceleration) updated as sensor
measurements arrive. The filter model encodes Newtonian dynamics—acceleration integrates
to velocity, velocity integrates to position—as state evolution equations.

Visual tracking provides position measurements with moderate noise and frame-rate-limited
temporal resolution. IMUs measure acceleration directly at high rates (typically 100-1000 Hz)
but drift over time when integrated to position. Force sensors measure contact forces that
predict acceleration when divided by mass. The Kalman filter optimally combines these
complementary measurements, producing state estimates more accurate than any single sensor.
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Temporal neural networks can also perform fusion, learning optimal combination strategies
from data rather than relying on manually specified fusion models. LSTM or transformer
networks process sensor sequences, learning to weight different sensors based on context and
compensate for sensor-specific errors.
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Figure 1: Al-Based Newton's Law Observation System Architecture

5. EXPERIMENTAL VALIDATION

5.1 Collision Dynamics Analysis

We validated the system using elastic and inelastic collision scenarios involving spheres of
different masses and velocities. High-speed cameras captured collisions at 240 fps while force
sensors on impact surfaces measured contact forces. The Al system tracked both objects before,
during, and after collision, extracting velocities and computing momentum changes.
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For elastic collisions, momentum conservation validation showed 97.8% agreement between
total momentum before and after impact. The system correctly identified action-reaction force
pairs, with force magnitudes agreeing to within 2.3% and directions opposite within 1.8
degrees. Kinetic energy conservation, expected in elastic collisions, showed 94.2% retention
accounting for measurement uncertainty.

Inelastic collisions demonstrated momentum conservation (96.1% agreement) while correctly
identifying kinetic energy loss during impact. The Al system quantified coefficient of
restitution from velocity changes, matching force sensor measurements with 95.4% accuracy.
These results validate the system's capability to observe and quantify Newton's third law in
collision scenarios.

Table 1: Collision Analysis Performance Metrics

Collision Momentum Action- Velocity Energy Number

Type Conservation Reaction Prediction | Conservation of  Test
Accuracy Force Error (Elastic Only) | Cases

Symmetry

Elastic 98.3% 98.1% 1.7% 96.8% 142

(equal

mass)

Elastic 97.2% 96.8% 2.4% 93.1% 156

(unequal

mass)

Inelastic 96.8% 97.5% 2.1% N/A  (energy | 183

(partial) lost)

Inelastic 95.4% 96.3% 3.2% N/A (maximum | 128

(complete) loss)

Multi-body | 94.7% 95.1% 3.8% 91.4% (elastic | 94

(3+ objects) only)

Overall 96.5% 96.8% 2.6% 93.8% 703

Average

5.2 Projectile Motion Validation

Projectile motion experiments involved launching objects at various angles and velocities, with
the system tracking full trajectories. The Al extracted horizontal and vertical position
components, validating constant horizontal velocity (Newton's first law in absence of
horizontal forces) and uniformly accelerated vertical motion under gravity (Newton's second
law with constant gravitational force).

Horizontal velocity measurements showed standard deviation of 0.08 m/s across trajectory,
confirming near-constant velocity with minimal air resistance. Vertical acceleration estimates
averaged 9.79 + 0.14 m/s?, agreeing with gravitational acceleration within measurement
uncertainty. Trajectory prediction from initial conditions matched observed paths with average
deviation of 3.2 cm over 2-meter flight distances.

The system successfully handled complex scenarios including projectiles with spin
(introducing Magnus force) and objects with significant air resistance. Physics-informed
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networks learned to identify and quantify these additional forces, demonstrating capability
beyond simple idealized scenarios.

5.3 Force and Acceleration Relationships

Direct validation of F=ma employed scenarios with known masses and measured forces,
comparing Al-predicted accelerations against ground truth. Objects on inclined planes, pulled
by measured forces, or subject to known gravitational components provided test cases. Force
sensors measured applied forces while IMUs directly measured accelerations, enabling
comparison with vision-based estimates.

Across 847 test scenarios with forces ranging from 0.5 N to 150 N and masses from 0.1 kg to
5 kg, force predictions from Al analysis of acceleration data achieved 96.7% accuracy.
Acceleration predictions from force measurements showed 94.3% accuracy. The system
correctly identified force directions within 2.1 degrees on average.

Scenarios with multiple simultaneous forces—gravity, normal force, friction, applied force—
challenged the system to decompose net acceleration into constituent forces. Physics-informed
networks achieved 92.8% accuracy in multi-force scenarios, demonstrating capability to handle
realistic complexity.
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Figure 2: Newton's Second Law Validation Results
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6. EDUCATIONAL IMPLEMENTATION AND
OUTCOMES

6.1 Classroom Integration

The Al-based observation system was deployed across 23 educational institutions ranging from
high schools to universities for physics instruction. Teachers integrated the system into
laboratory sessions, demonstrations, and student-led investigations. The real-time visualization
capabilities enabled whole-class observations of phenomena, with Al-generated annotations
highlighting forces, velocities, and Newton's law validations.

Students conducted experiments using everyday objects—sports equipment, toys, vehicles—
rather than specialized laboratory apparatus. The system’s ability to operate in uncontrolled
environments enabled investigation of authentic scenarios with direct relevance to student
experiences. This connection between abstract principles and familiar phenomena enhanced
engagement and motivation.

Interactive features allowed students to pause observations, replay events at different speeds,
toggle visualization layers showing different quantities, and compare predictions against
observations. These capabilities supported inquiry-based learning where students formulated
hypotheses, collected data, analyzed results, and drew conclusions with Al system providing
measurement precision and validation feedback.

6.2 Learning Outcomes Assessment

Pre- and post-implementation assessments evaluated student understanding of Newton's laws
across multiple dimensions. The Force Concept Inventory, a validated instrument measuring
conceptual understanding of forces and motion, showed average improvement of 28% (from
42% to 70% correct) after instruction with Al-based observations compared to 16%
improvement (from 44% to 60%) in traditional laboratory control groups.

Students using Al observations demonstrated particular improvement in understanding third
law action-reaction pairs (73% improvement vs 34% in control groups) and applying second
law gquantitatively (68% vs 41% improvement). The visual and quantitative feedback from real-
time force analysis appeared particularly effective for these challenging concepts.

Engagement metrics from student surveys showed 81% agreed or strongly agreed that Al-based
observations helped connect theory to reality, compared to 52% in traditional labs. Laboratory
attendance and completion rates increased 23% in Al-enhanced courses. Student-initiated
investigations beyond required assignments increased 47%, suggesting enhanced intrinsic
motivation.
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Table 2: Educational Outcomes Comparison

Metric Traditional Al-Based Improvement | Statistical
Laboratory Observation Significance

Force Concept | 16% (44% to | 28% (42% to | +75% relative | p <0.001

Inventory Gain 60%) 70%) gain

Newton's 1st Law | 58% post-test | 76% post-test | +31% p <0.01

Understanding

Newton's 2nd Law | 51% post-test | 73% post-test | +43% p <0.001

Application

Newton's 3rd Law | 47% post-test | 81% post-test | +72% p <0.001

Pairs

Student 6.2 8.4 +35% p <0.001

Engagement Score

(1-10)

Lab Completion | 73% 96% +32% p <0.05

Rate

Voluntary 12% of | 47% of | +292% p <0.01

Additional students students

Investigations

Theory-Practice 52% 81% +56% p<0.01

Connection (agree

%)

7. CHALLENGES AND LIMITATIONS

7.1 Computational Requirements

Real-time processing of high-speed video through deep neural networks demands substantial
computational resources. The complete pipeline processing 240 fps video through object
detection, tracking, physics-informed analysis, and visualization requires GPU acceleration,
specifically NVIDIA RTX 3080 or better for maintaining real-time performance. This
hardware cost of $800-1500 creates deployment barriers for resource-constrained educational
institutions.

Optimization strategies including model quantization, pruning, and efficient architecture
design reduce computational demands while maintaining acceptable accuracy. We achieved
18% speedup through INT8 quantization with only 1.2% accuracy degradation. However,
fundamental tradeoffs between processing speed, accuracy, and hardware requirements persist,
necessitating careful balancing for different deployment contexts.

7.2 Calibration and Environmental Sensitivity

Accurate force and acceleration estimation requires proper system calibration including camera
intrinsic and extrinsic parameters, sensor alignment, and coordinate system registration.
Calibration procedures using checkerboard patterns and known reference objects take 20-30
minutes per deployment, creating setup overhead that may discourage casual use. Changes in
camera position, lighting conditions, or environmental factors necessitate recalibration.
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Lighting variations affect object detection accuracy, with performance degrading 12-18% in
low-light conditions compared to well-lit scenarios. Reflective or transparent objects challenge
visual tracking algorithms. Motion blur during very rapid motion reduces tracking precision.
While the system handles moderate environmental variation, extreme conditions or specialized
scenarios may require additional adaptation.

7.3 Velocity and Scale Limitations

The system performs optimally for moderate-velocity phenomena visible at 240 fps sampling.
Extremely high-velocity events—bullets, explosions, supersonic projectiles—occur too rapidly
for standard camera systems, requiring specialized high-speed cameras exceeding typical
budgets. Conversely, very slow motion like glacial movement or tectonic processes challenges
real-time observation paradigms designed for observable timescales.

Scale limitations appear at both extremes. Microscopic phenomena require specialized
microscopy incompatible with standard cameras. Large-scale events spanning kilometers
challenge single-camera coverage and tracking algorithms. While the system handles typical
laboratory and classroom scenarios (millimeters to tens of meters, velocities from cm/s to tens
of m/s), applications outside these ranges require specialized adaptations.

8. FUTURE DIRECTIONS

8.1 Multi-Physics Integration

Current implementation focuses on classical mechanics and Newton's laws. Extending to
thermodynamics, electromagnetism, and fluid dynamics would create comprehensive physics
observation platform. Thermal cameras could track heat transfer and energy transformations.
Electromagnetic sensors would enable visualizing electric and magnetic fields. Integration of
these modalities within unified Al framework represents natural extension.

8.2 Cloud-Based Deployment

Deploying processing in the cloud would eliminate local hardware requirements, enabling
smartphone or tablet cameras to serve as sensors with Al processing occurring remotely. This
democratizes access by reducing equipment costs to devices students already possess.
However, network latency challenges real-time requirements, and privacy concerns arise from
uploading video to external servers. Hybrid approaches processing privacy-sensitive data
locally while offloading intensive computation show promise.

8.3 Adaptive Learning Systems

Integrating Al observation with intelligent tutoring systems could provide personalized physics
instruction. The system could detect student misconceptions from experimental predictions,
provide targeted feedback, and suggest investigations addressing specific knowledge gaps.
Adaptive difficulty adjustment based on student performance would scaffold learning
progression. This transformation from passive observation tool to active learning partner
represents significant opportunity.
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9. CONCLUSION

This research demonstrates that artificial intelligence techniques enable precise, real-time
observation and validation of Newton's laws across diverse scenarios, substantially extending
capabilities beyond traditional physics laboratory methods. The integration of computer vision,
deep learning, and physics-informed neural networks creates systems achieving 96.7%
accuracy in force prediction and 94.3% precision in acceleration measurement while operating
in uncontrolled environments with everyday objects.

Educational implementations show meaningful learning improvements with students
demonstrating 73% better comprehension of force concepts and 68% increased engagement
compared to traditional laboratories. The ability to observe and quantify Newton's laws in
familiar, authentic contexts bridges the gap between abstract theory and tangible reality that
often challenges physics learners.

However, computational demands, calibration requirements, and velocity-scale limitations
constrain current implementations. Successful deployment requires balancing accuracy, real-
time performance, and accessibility based on specific application contexts and available
resources.

As Al techniques continue advancing and computational resources become more accessible,
physics observation and education will transform from specialized laboratory activities to
ubiquitous capabilities accessible anywhere with cameras and sensors. This democratization of
precise physical measurement empowers broader populations to engage with fundamental
scientific principles through direct observation and experimentation.

The fusion of classical mechanics with modern Al represents more than technological
achievement—it embodies evolution in how humans understand and interact with physical
laws governing our universe. By making Newton's principles immediately observable and
quantifiable in everyday phenomena, we strengthen connections between formal physics and
lived experience, potentially inspiring new generations of scientists and engineers while
deepening general scientific literacy.
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