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Abstract. This paper introduces a proof-of-concept vision-based deep learning approach for
vibration measurement, proposing a factorized (2+1)D Convolutional Neural Network (CNN)
model to predict four vibration metrics: acceleration, velocity, displacement, and frequency, with
a focus on rigid body motion. Unlike conventional neural network models that primarily focus on
frequency prediction alone, this approach uniquely enables the simultaneous estimation of four
critical vibration metrics, offering a comprehensive and cost-effective alternative to traditional
contact-based sensors such as accelerometers. The framework relies on the visibility of a training
fiducial marker, eliminates the need for calibration in controlled settings, enhancing scalability
across specific environments. A curated dataset was generated using a controlled experimental
setup comprising a single object in a lab-scale environment, augmented synthetically to enhance
frequency diversity. An optical flow-based preprocessing algorithm synchronized motion features
in recorded video inputs with measured vibration labels, improving measurement accuracy. The
proposed model achieved an average Mean Absolute Percentage Error (MAPE) of 7.51 %, with
acceleration predictions exhibiting the lowest error at 4.84 % and displacement the highest at
8.80 % across varying brightness levels and object-camera distances. Techniques such as Region
of Interest (ROI) cropping and multi-section frame extraction were implemented to reduce
computational complexity while further enhancing accuracy. These results highlight the
framework’s potential for non-invasive vibration analysis, though its generalizability is limited by
the single-object dataset. Future work will expand the dataset, integrate multi-sensor inputs,
explore marker-less tracking methods, and enable real-time deployment for predictive
maintenance and structural health monitoring.

Keywords: vibration, non-contact, vision, deep learning.
1. Introduction
1.1. Background

The nature of the maintenance approach is moving from corrective to preventive and, in the
future, predictive. Predictive maintenance detects trends and anticipates the problems before they
arise [1]. This approach only performs equipment maintenance when necessary, thus saving
maintenance costs and maximizing operation. Predictive maintenance uses condition-based
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monitoring, machine learning, and analytics techniques to predict upcoming machine or asset
failures. Condition-based monitoring (CBM) requires high-performance sensors, including
accelerometers, pressure sensors, MEMS microphones, etc. [2], [3]. However, the most functional
sensors are the accelerometers for detecting vibration, an important starting parameter for
predictive maintenance [4]. In the context of vibration detection, conventional piezoelectric
accelerometers, often regarded as the gold standard, are less suitable for wireless predictive
maintenance systems due to limitations in size, lack of integrated features, and high-power
consumption [5]. Additionally, the installation of these sensors may be difficult and expensive
[6-8]. To overcome these limitations, non-contact sensing techniques have been developed and
can be broadly categorized into laser-based, vision-based, and deep learning-driven approaches.
A widely used laser-based method is the laser Doppler vibrometer (LDV), which offers high
precision but suffers from drawbacks related to cost, bulkiness, and limited accessibility [9].
Moreover, since a laser is a concentrated beam of energy, it can raise the surface temperature of
the object under measurement, making it potentially invasive and capable of altering the object's
natural vibration frequency [10, 11]. As an alternative, vision-based sensing methods have gained
attention due to their low cost, ease of deployment, and non-invasiveness. These include
techniques such as digital image correlation (DIC), optical flow analysis, and deep learning-based
models that infer structural vibration responses directly from video data. Among these,
vision-based neural networks are emerging as a promising solution for modal analysis and
multi-parameter vibration estimation.

1.2. Existing methods of non-contact vibration measurement
1.2.1. Laser-based measurement

Laser-based measurements, particularly laser triangulation and Laser Doppler Vibrometry
(LDV), have been widely studied. Laser triangulation operates by projecting a laser beam onto the
vibrating surface and capturing the reflected spot using a camera. The displacement of the laser
spot within the camera's field of view is analyzed geometrically to estimate surface vibrations.
This method is particularly effective for high-precision, small-amplitude vibration measurements,
such as those required in turbine blade monitoring [12]. However, its measurement range is
constrained by the optical system’s depth of field, and it may struggle with large structures, highly
curved surfaces, or large displacements.

LDV, in contrast, relies on detecting the Doppler shift of laser light reflected from a moving
surface to measure surface velocity directly. LDV offers excellent frequency response and high
accuracy across a broad dynamic range. Nonetheless, system performance can be affected by
environmental factors such as extreme temperatures, which may degrade the stability and
alignment of optical components. LDV systems also depend on the optical reflectivity of the target
surface; poorly reflective or highly diffusive materials often require surface treatment, such as
applying reflective tape or coatings, which can be time-consuming and infeasible in certain
applications [13]. Although LDV systems can capture both low and high-frequency vibrations,
their effectiveness at very low amplitudes may be limited by signal-to-noise ratio constraints.
Furthermore, the high cost of acquisition and maintenance can be prohibitive for small laboratories
or budget-constrained projects.

1.2.2. Vision-based sensing methods

High-speed imaging techniques have emerged as valuable tools for capturing dynamic
responses in structural vibration analysis. By recording rapid sequences of images, high-speed
cameras enable the frame-by-frame tracking of object motion, facilitating precise estimation of
displacement and vibrational frequency. This approach provides high temporal resolution and
visual interpretability, making it particularly advantageous in experimental mechanics. However,
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the method necessitates the use of sophisticated and costly equipment, including high-frame-rate
cameras and adequate lighting systems. For instance, prior studies employing industrial-grade
imaging systems operating at 300 frames per second have demonstrated reliable measurement of
vibrational motion under controlled conditions [14]. While this frame rate is sufficient for
low-to-mid frequency phenomena, higher-speed dynamics require significantly greater temporal
resolution.

Digital Image Correlation (DIC) represents a non-contact, full-field optical measurement
technique that is widely adopted in materials science, structural health monitoring, and civil
engineering. The method operates by analyzing the displacement of a random speckle pattern
applied to a surface and comparing sequential digital images acquired during dynamic loading.
Through cross-correlation algorithms and sub-pixel interpolation techniques, DIC provides
accurate spatial mapping of displacement and deformation fields [15]. High-speed DIC (HS-DIC)
has proven effective for modal analysis and vibration characterization, particularly in applications
involving large surfaces or complex geometries. The method offers distinct advantages over
point-based techniques, such as LDV, by capturing distributed vibration modes with full-field
resolution [16].

Nonetheless, HS-DIC presents practical challenges that have limited its widespread industrial
adoption. These include the complexity of experimental setup, the requirement for high-quality
stochastic patterns, sensitivity to environmental lighting, and the necessity for robust image
acquisition and processing pipelines [16]. Additionally, while DIC provides adequate
displacement sensitivity for many engineering applications, its resolution is typically lower than
that of LDV systems [17, 18].

The accuracy and reliability of DIC measurements are heavily influenced by camera
resolution, frame rate, optical quality, and the performance of the correlation algorithm. Sub-pixel
interpolation enhances spatial resolution but introduces sensitivity to subset size, image noise, and
systematic errors from lens distortion or misalignment [19]. Despite these limitations, DIC
remains a powerful tool for full-field vibration analysis, particularly in environments where LDV
performance may be degraded by speckle noise, non-reflective surfaces, or restricted optical
access.

Optical flow refers to the apparent motion of features within an image sequence resulting from
relative motion between the observer and the observed scene. In the context of vibration
measurement, optical flow algorithms are applied to successive frames of high-speed video data
to estimate pixel-level displacements and velocities of vibrating structures. By analyzing the
temporal motion vectors, it is possible to reconstruct vibrational signals and extract frequency
content through spectral analysis techniques such as the Fast Fourier Transform (FFT). Modern
optical flow techniques can achieve sub-pixel displacement resolution, making them particularly
suitable for applications in structural health monitoring, where early detection of micro-scale
vibrations is critical for identifying potential structural anomalies [20]. Furthermore, phase-based
optical flow methods have emerged as a significant advancement over traditional intensity-based
approaches. These methods operate in the frequency domain, leveraging local phase information
to detect subtle motions more robustly. Derivative-enhanced phase-based optical flow (PBOF)
algorithms have demonstrated superior accuracy in visual vibration measurement tasks [21-23].

Despite these advantages, the application of optical flow to vibration analysis presents certain
limitations. The measurable displacement range is inherently constrained by the algorithm’s
sensitivity and the frame-to-frame motion resolution. Additionally, the maximum detectable
velocity is bounded by the frame rate of the imaging system, as large inter-frame displacements
may violate the assumptions of optical flow estimation [24]. Displacement scaling must also be
calibrated with respect to the camera-to-object distance, either through manual or automated
calibration procedures. A fundamental limitation of most optical flow methods lies in the
brightness constancy assumption, which assumes that pixel intensities remain constant across
frames. This assumption becomes problematic in dynamic lighting conditions or on reflective and
deformable surfaces, potentially reducing the accuracy of motion estimation. While Phase-Based
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Optical Flow (PBOF) mitigates this issue, it incurs significant computational costs, requiring
Fourier transforms for each frame [25]. Addressing these challenges requires either robust
preprocessing, adaptive models, or integration with complementary sensing techniques to ensure
reliability in uncontrolled environments.

1.2.3. Neural network model vibration measurement

Artificial intelligence (Al) techniques, particularly those utilizing unsupervised learning
paradigms such as autoencoders and clustering algorithms, have been increasingly applied to
anomaly detection in vibration data. These approaches are advantageous in scenarios where
labeled datasets are scarce or costly to obtain, as they can model normal operational behavior and
identify deviations that may indicate mechanical faults [26]. Unlike traditional approaches that
aim to quantify specific vibration parameters, unsupervised methods are primarily used to detect
abnormalities in signal patterns, serving as early indicators of potential failure.

In parallel, supervised learning models have been extensively employed to classify specific
fault types based on labeled vibration signals acquired through contact-based sensors [27, 28].
Furthermore, supervised regression models have been explored for predicting vibration
acceleration values by learning from historical sensor data, thereby facilitating data-driven
condition monitoring [29]. These methods typically require curated datasets but offer higher
precision in both classification and regression tasks when sufficient labeled data are available.

Recent advancements have extended supervised learning into vision-based domains, where
deep convolutional neural networks (CNNSs) are trained to estimate vibration frequency from
video sequences. One notable study trained a CNN on synthetically generated signals and
demonstrated its ability to infer vibration frequencies by analyzing pixel-level brightness
variations over time [30]. The network achieved acceptable frequency prediction in the range of
1-30 Hz using video recorded at 100 frames per second, consistent with Nyquist sampling
constraints [31]. However, the study was limited to frequency estimation without addressing other
key parameters such as displacement, velocity, or acceleration. It also did not fully account for
noise, varying illumination conditions, or the selection of optimal pixels for signal extraction. In
another approach, a hybrid CNN-LSTM model was proposed to predict modal frequencies by
treating each pixel in the video frame as a virtual sensor, capturing both spatial and temporal
characteristics of structural vibrations [32].

As for deep learning categories, many of the solutions to vibration measurement lean toward
identifying faulty machinery components and are less focused on giving values of vibration
measurements. Most deep-learning studies in this domain remain focused on machine fault
classification or frequency estimation from sensor data. There is a distinct gap in vision-based
deep learning frameworks capable of directly regressing comprehensive vibration parameters:
specifically, acceleration, velocity, and displacement from raw video inputs.

1.3. Paper contribution

Despite the potential of 3D CNNs for vibration measurement, no research has explored their
application or developed models based on this framework in this domain. Existing studies have
primarily relied on CNN-LSTM models, which focus predominantly on shape frequency
prediction and lack a comprehensive analysis of other vibration metrics. To address this gap, this
study proposes leveraging recent advancements in 3D CNNs, specifically the factorization of
kernels into the (2+1)D CNN architecture, to enhance vibration measurement analysis.

This paper presents a novel non-contact vibration measurement framework that uniquely
combines a (2+1)D CNN with optical flow preprocessing to simultaneously predict acceleration,
velocity, displacement, and frequency from video inputs. Unlike prior vision-based methods that
address only one or two metrics, our approach delivers a holistic solution by regressing all four
key vibration parameters, marking a significant departure from conventional techniques. The
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integration of optical flow addresses critical data desynchronization issues, enabling precise
temporal alignment between video frames and vibration signals. The model also aims to adapt in
varying light levels and camera-object distances without the calibration required by pure image
processing methods like DIC or optical flow, ensuring robustness across diverse environments.

2. Methodology
2.1. Four-output regression (2+1) dimension CNN

Predicting acceleration, velocity, displacement, and frequency from sequences of images
requires effective modeling of temporal information. Traditional two-dimensional (2D) CNNs are
limited in this regard, as they process frames independently and cannot capture temporal
dynamics. Three-dimensional (3D) CNNs address this limitation by extracting spatiotemporal
features across consecutive frames; however, they introduce substantial computational overhead.
To balance temporal modeling capability with computational efficiency, a 3D CNN can be
factorized into a (2+1)D CNN, which separates spatial and temporal convolutions while
preserving temporal awareness [33]. This architecture supports the use of 3D CNNs over
alternatives such as CNN-LSTM models, which, although previously applied to modal frequency
prediction, were restricted to shape frequency and did not address other key vibration parameters.

r =\

i | ; ) Residual Layer||

| [l Residual Residual Residual p

i i CERER Flatten

—— ;—, — — — Global )

H H
| ReLU | " N Average
| 5 Resize — poy Poling 3D

Input Layer
NxWxHxC

#28+32) 1441464
i i (@8:28"32) ( d (14+14*128)

Residual Layer |}

4 |

Residual Residual Residual Flatten
! - RN N

Layer1 Layer 2 Layer3

Global
Average
Pooling 3D

a) Overall Structure of (2+1) D CNN-based model
Residual Layer

(2 + 1)D Cony
Normalization
ReLU
(2 + DD Cony

Normalization

b) Contents of the residual layer
Fig. 1. Overall Structure of the proposed model and its residual layer content

Fig. 1 illustrates the architecture of the proposed four-output regression model based on
(2+1)D CNN. The model comprises several distinct processing stages designed to handle
spatiotemporal vibration data analysis. The input layer accepts three-dimensional data, where the
first two dimensions represent spatial frame information (height x width) and the third dimension
corresponds to temporal information (number of sequential frames). This input undergoes parallel
processing through two distinct convolutional operations: a 2D spatial convolution analyzing
frame content and a 1D temporal convolution examining pixel evolution across frames. Following
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the input layer, the (2+1)D CNN layer performs initial feature extraction, subsequently normalized
and down-sampled through dimensionality reduction.

The architecture then incorporates multiple residual blocks, each performing progressive
downscaling. These residual connections serve two critical functions: mitigating model
degradation during deep network training and enhancing discriminative feature extraction. The
hierarchical downscaling process enables the model to selectively focus on relevant frame regions
while suppressing extraneous information, including background noise and lighting artifacts. The
final stages employ 3D pooling operations followed by feature vector flattening, transforming the
spatiotemporal data into a compact representation. This distilled feature set feeds into four
specialized hidden layers, each optimized for predicting one of the four target vibration metrics.

The (2+1)D CNN architecture was selected for its balance of computational efficiency and
temporal modeling capability.

2.2. Equipment and experiment setup

The experiment setup is shown in Figs. 2 and 3, which consists of a vibration motor, a vibration
meter, an accelerometer sensor, a Raspberry Pi 5 with a camera, an illumination source, and a
computer. At the core of this setup is a vibration motor, which generates controlled oscillatory
motion. The vibrations affect a cube to which the motor is attached. To quantify these vibrations,
a vibration meter and an accelerometer (MPU6050) are placed directly in contact with the cube to
get the most accurate reading of acceleration, velocity, and displacements. The accelerometer
continuously records acceleration data over time, which is later processed to compute vibration
frequency.

Texture/ Pattern

Suspension —

%,
/

DC Ultra-Bright LED

Fig. 2. Experiment setup diagram

Fig. 3. Actual setup. Image credit: Harold Harrison, UMS Faculty of Engineering Laboratory, 2024

This setup employs two ESP-32 microcontrollers to ensure reliable operation. The first
microcontroller regulates the vibration motor to control the magnitude of vibration velocities,
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while the second records acceleration data from the accelerometer. Using separate ESP-32 units
prevents interference between motor control and sensor sampling, which could otherwise
compromise measurement accuracy. Although parallel programming on a single ESP-32could
theoretically achieve similar functionality, preliminary testing showed that multi-threading leads
to excessive heat generation causing system instability. Furthermore, this study found that
combining high-frequency sensor sampling with motor control on a single microcontroller
resulted in frequent system crashes.

An essential component of the experimental setup involves applying a textured pattern to the
surface of the cube to enhance motion tracking accuracy by improving shift and displacement
detection. A Raspberry Pi 5 camera, positioned at a distance from 10 to 50 cm perpendicular to
the cube, captures video footage at high frame rates. The video stream is transmitted in real time
to a dedicated processing computer via a Flask-based server system, enabling immediate
preprocessing and model training.

To maintain image clarity under high shutter speeds, an external DC-powered ultra-bright LED
light source provides consistent illumination. Data collection is conducted under two distinct
environmental conditions: (1) a semi-controlled laboratory setting with variable ambient lighting
(including natural light from windows and artificial ceiling lighting) and (2) an open space to
simulate real-world scenarios. This approach ensures dataset diversity in illumination levels,
further augmented by varying LED light levels. Representative video frames illustrating different
lux configurations are provided in Fig. 4, demonstrating the range of illumination conditions
incorporated into the dataset.

Fig. 4. Single frame at a) 50 lux, b) 300 lux.
Image credit: Harold Harrison, UMS Faculty of Engineering Laboratory, 2024

Visualizing vibrational motion requires the analysis of four fundamental kinematic parameters:
displacement, velocity, acceleration, and frequency. Displacement is determined by tracking the
positional coordinates of a reference point over time, with temporal resolution provided by
synchronized timestamps. Velocity and acceleration are subsequently derived through first- and
second-order temporal differentiation of the displacement data, respectively. Frequency
characterization, representing the system’s predominant oscillation rate, is typically obtained via
spectral analysis of periodic motion. This is most commonly achieved through computational
methods such as the Fast Fourier Transform (FFT) or related signal processing techniques that
decompose the time-domain signal into its constituent frequency components.

Accurate frequency measurement requires adherence to the Nyquist sampling theorem, which
specifies that the sampling rate must be at least twice the highest frequency component of interest.
Given that typical machinery operates below 60 Hz [34], a minimum sampling rate of 120 Hz is
required for reliable measurement. In the context of optical measurement, the sampling rate
corresponds to the camera’s frame rate, necessitating a capture capability of at least 120 frames
per second (fps). This study employs a Raspberry Pi 5 equipped with a high-speed camera module
capable of exceeding 120 fps, thereby satisfying the Nyquist criterion for the target frequency
range. Theoretically, this configuration enables accurate vibration measurement across the
1-60 Hz spectrum, encompassing the operational frequencies of most mechanical systems.
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2.3. Acquisition of videos, vibration data and preprocessing

The vibration measurement and video recording methodology are illustrated in Fig. 5. A
calibrated vibration meter is employed to quantify vibrations induced by the motor, with the sensor
positioned atop the cube in direct structural contact. This configuration ensures optimal sensor
coupling while accounting for the sensor’s mass contribution to the overall system load, thereby
improving measurement consistency. The vibration meter provides direct readings of acceleration,
velocity, displacement, and frequency range.

For precise frequency determination, a triaxial accelerometer (MPU6050) with a 300 Hz
sampling capability supplements the vibration meter measurements. During synchronous video
recording, the acquired acceleration data is logged for subsequent spectral analysis via Fast
Fourier Transform (FFT) (Fig. 6). To validate measurement integrity, FFT-derived frequencies
are cross-verified against the vibration meter's indicated range; any discrepancies result in data
exclusion from further analysis.

| Adjust vibration motor RPM |
Collect Vibration Meter . Accelerometer data
measuraments. Video Reoarding at 125 fps collection
| > Compute dominant
Y frequency using FFT

Reject due fo
fluctuation

Label video with time, acceleration,
Data preprocessing  [€— velocity, displacement and frequency
vahie

¥

Medel Training Process

Fig. 5. Data collection flow-chart
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As the primary goal is to establish proof-of-concept feasibility, the MPU6050°s programmable
ranges (£2 g to 16 g) and 16-bit resolution provide adequate performance to capture general
vibration trends in controlled settings, offering sufficient data to demonstrate correlations between
video inputs and vibration outputs during the initial development phase. Furthermore, its use
establishes a scalable baseline, paving the way for future enhancements by identifying model
strengths and weaknesses that can be addressed with more precise sensors in subsequent work.
For future research, it is recommended to incorporate high-precision equipment, such as
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industrial-grade accelerometers, to improve accuracy and robustness as the model progresses
toward real-world deployment.

The Raspberry Pi captures video footage at a frame rate of 125 fps. Certain settings were
adjusted to enable high-speed frame capturing. One key modification was reducing the resolution
to 640x640 pixels to minimize the GPU workload. The shutter speed was set to 1/300 seconds,
and the Libav codec was selected, as other codecs impose a maximum recording frame rate of less
than 120 fps. Additionally, the default denoise feature of the libcamera-vid library, which is
commonly used with the Pi camera, was disabled to conserve GPU resources during video
recording. A frame processing function was developed to process all recorded video data
efficiently. This function accepts several parameters, including the frame resolution, the total
number of frames, and the spacing between extracted frames. During development, the resolution
and frame count were carefully tuned and optimized to enhance performance. The frame
processing function begins by scanning video files that adhere to a specific naming convention:
a{A} v{V} d{D} f{F}.mp4', where 'A' represents acceleration, 'V' represents velocity, 'D'
represents displacement, and 'F' represents frequency measurements.

To address the limited size of the dataset, particularly concerning the frequency spectrum, data
augmentation was performed by rendering the same collected videos at varying playback speeds
(either faster or slower). This approach expanded the frequency range of the dataset to span 5 to
80 Hz. The resulting videos are all rendered at a constant 300 fps for the sole purpose of testing if
the frame speed does affect the range of frequency that the model can predict. Additionally, to
enhance diversity in illumination conditions, videos were captured using different shutter speeds,
thereby increasing variability in lighting levels across the dataset.

Each video filename encapsulates all relevant vibration measurement labels, ensuring clarity
in dataset organization. Once identified, frames are extracted at a specified depth (i.e., the number
of frames input into the model). The function also supports multi-section frame extraction,
allowing multiple segments of frames to be retrieved from a single video, maximizing the
utilization of the dataset. For example, in a 4-second video recorded at 125 frames per second
(fps), a total of 500 frames is available. The multi-sectioning method enhances dataset efficiency
by enabling multi-sampling of frames, reducing frame wastage. Fig. 7 illustrates this multi-
sectioning approach in detail.

50 pixsl [ First Frame [] Second Frame [] Third Frame

50 pixel

]

Singla

video [ength Seclion

1stiteration

1

Single
- Saction

2nd jteration

Fig. 7. Multi-section frame sampling of a depth of two in a single video

Once the frames and labels are organized, the dataset is split into a training set (80 %) and a
validation set (20 %). Within the validation dataset, a sub-segment is designated as the testing
dataset, which is used to evaluate and showcase the model’s performance. Initial data collection
consists of 100 4-second videos. After going through the optical flow validation algorithm, around
2000 videos were created, consisting of five frames in each video while maintaining the same time
interval between each frame.
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2.4. Performance metric

For model evaluation, the Mean Absolute Percentage Error (MAPE) metric is employed
alongside the Root Mean Square Error (RMSE) and the Coefficient of Determination (R?). The
rationale for choosing MAPE is that it enables the detection of individual measurements that may
underperform or outperform expectations, providing a more interpretable measure of error in
percentage terms. Since the dataset contains measurements at varying scales, MAPE offers a more
standardized error assessment [35], making it a suitable loss function for model training. RMSE
is included to measure the average magnitude of the errors in the predicted values, giving higher
weight to larger errors, which is useful for understanding the spread of prediction errors. R? is
utilized to assess the proportion of variance in the dependent variable that is predictable from the
independent variables, providing insight into the goodness of fit of the model.

To be considered reliable, the MAPE must be below 30 %, as values beyond this threshold
suggest that the model is engaging in random guessing rather than effectively generalizing the
dataset. The performance is considered acceptable if MAPE falls under 30 %, good within the
range of 10 % to 20 %, and excellent performance if it falls below 10 %. For RMSE, a lower value
indicates better performance, with the threshold for acceptability depending on the scale of the
data. An R? value closer to 1 indicates a better fit, with values above 0.7 generally considered
acceptable, above 0.9 indicating good performance, and values near 1 reflecting excellent
performance.

3. Results and discussions
3.1. Initial model

The input to the initial model is the consecutive frames without any pre-processing. Initially,
the training starts with two depth frames, which are gradually increased to 60 depth frames to
determine the optimal performance. Several input resolutions are also tested to identify the most
effective configuration. The optimization process involves tuning the (2+1)D CNN
hyperparameters, including convolutional layers, pooling layers, fully connected layers, frame
resolution, and the number of input frames. Table 1 shows the performance of the initial model,
and the results indicate poor performance.

Table 1. Prediction performance of the initial model

Metrics Acceleration (m/s?) | Velocity (mm/s) | Displacement (mm) | Frequency (Hz)
MAPE (%) 42.99 % 43.08 % 44.76 % 57.81 %
RMSE 5.3308 48.2907 0.4269 14.4496
R? -0.1135 —24.3154 -19.4189 —-0.3982

Upon further analysis, the primary cause of the observed performance degradation was
identified as a temporal misalignment between vibration measurements and video frame motion.
This discrepancy stemmed from inherent asynchrony in the data acquisition systems: the camera
and accelerometer operated on distinct internal timing mechanisms during data collection. As
depicted in Fig. 8, the optical flow-derived motion from the video frames deviates from the
accelerometer-recorded vibrations, with a pronounced offset in their initial timestamps. This
desynchronization led to erroneous correlations between the visual motion in frames and their
corresponding vibration values, compromising the accuracy of subsequent analyses.

An initial corrective measure involved applying a fixed delay to the video recording to
compensate for the temporal desynchronization. However, subsequent analysis revealed that the
necessary delay exhibited significant variability across recordings, rendering this approach
inconsistent and unreliable. Consequently, a more robust and adaptive synchronization
methodology was deemed necessary to ensure precise temporal alignment.
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Fig. 8. Vibration measurement labeling error
3.2. Improved model

To improve prediction accuracy, a Region of Interest (ROI) is defined to isolate the vibrating
object and suppress noise from background motion, as illustrated in Fig. 9. This spatial filtering
ensures that only the most relevant pixel data contributes to the feature extraction process.

Region
of

Interest -

Fig. 9. Motions outside of ROI

To resolve the desynchronization issue, an image preprocessing algorithm based on optical
flow was implemented. This technique analyzes sequential frames in the video to detect and track
pixel motion, effectively aligning video data with vibration measurements. The algorithm selects
pixels located on textured regions or edges, where motion estimation is more reliable.
Displacement is computed using the Euclidean Distance Formula by tracking pixel coordinates
across frames. Velocity is then calculated by dividing displacement by the time interval, which
remains constant at 1/125 seconds, corresponding to the 125-fps sampling rate. Acceleration is
computed by evaluating the change in velocity across three consecutive frames. For frequency
analysis, at least five frames are required to perform a Fast Fourier Transform (FFT), enabling the
extraction of dominant vibration frequencies. This preprocessing strategy significantly improves
temporal alignment between video and vibration data, ensuring more accurate and efficient feature
extraction. A schematic representation of the optical flow algorithm is provided in Fig. 10.

To verify the effectiveness of this approach, the motion-derived values obtained through
optical flow were compared against measurements from a calibrated vibration meter. The
integration of optical flow notably reduced the number of input frames needed for accurate
vibration analysis. Whereas the initial model required 30 or more frames to achieve reliable
predictions, the optical flow-enhanced pipeline was able to compute displacement and velocity
using only two frames, and acceleration and frequency using five frames. This optimization
reduced the minimum frame requirement from 30 to 15, significantly enhancing computational
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efficiency without compromising prediction accuracy.
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Fig. 10. Optical flow validation flowchart

Table 2 presents the performance evaluation of the improved model, demonstrating significant
enhancements across all metrics when tested on the same dataset. Among the vibration metrics,
velocity exhibited the best performance, achieving a MAPE of 3.46 %, followed closely by
displacement at 3.77 %. Acceleration ranked third with a MAPE of 4.53 %, while frequency
recorded the highest error, with an MAPE of 11.76 %, indicating room for improvement. The
RMSE values, which measure the average magnitude of errors, were 0.6979 for acceleration,
4.3467 for velocity, 0.0410 for displacement, and 4.5361 for frequency, highlighting the spread
of prediction errors. The R? values, indicating the proportion of variance explained by the model,
were 0.9809 for acceleration, 0.7949 for velocity, 0.7960 for displacement, and 0.8551 for
frequency, reflecting the goodness of fit across these metrics.

One possible explanation for the performance disparity in frequency estimation is the lack of
dataset variability. The collected frequency data is constrained to the natural frequency of the
object, limiting the model’s exposure to diverse vibration patterns. This study focused on a single
type of object with a constant mass and material composition, reducing the dataset’s
generalizability. A thorough examination of the dataset revealed only four dominant vibration
frequencies: 15.25 Hz, 30.50 Hz, 34.86 Hz, and 45.75 Hz. These frequencies align with values
reported in studies on kinematic structure performance [34], which highlight common natural
frequencies in machine vibrations.

The model's performance improved significantly following dataset augmentation with an
expanded range of vibration frequencies and varied light illumination levels, as evidenced by the
test results presented in Table 3. These enhancements, combined with optimizations across
multiple model pipelines, yielded a 35.0 % reduction in MAPE from 11.76 % to 7.64 %,
demonstrating improved accuracy in frequency metric prediction. The RMSE decreased
substantially by 62.0 %, from 4.5361 to 1.7334, indicating markedly reduced prediction errors.
Furthermore, the R? increased by 16.4 percentage points to 0.9954, showing near-perfect variance
explanation. These improvements suggest that incorporating broader frequency spectra and
illumination variability, along with pipeline optimization, effectively enhances the model’s
generalization capability. While the current MAPE of 7.64 % may be acceptable for many
applications, further refinement through techniques like weighted loss functions could potentially
yield additional gains in prediction accuracy.

Fig. 11 presents the R? values for each measurement metric, evaluated using a dataset
incorporating variable lighting conditions and an extended frequency range. The model
demonstrates robust predictive capability, explaining over 80 % of the observed variance despite
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the presence of outliers.

Table 2. Model performance and predictions with optical flow validation and ROI cropping
Metrics Acceleration (m/s?) | Velocity (mm/s) | Displacement (mm) | Frequency (Hz)

MAPE (%) 4529 3.463 3.768 11.76
RMSE 0.6979 4.3467 0.0410 45361
R? 0.9809 0.7949 0.7960 0.8551

Table 3. Model performance on the dataset with light and frequency variants
Metrics Acceleration (m/s?) | Velocity (mm/s) | Displacement (mm) | Frequency (Hz)

MAPE (%) 4.8441 8.7617 8.8097 7.6425
RMSE 0.5863 6.3810 0.0623 1.7334
R? 0.9658 0.8916 0.9004 0.9954
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Fig. 11. R? plot for all metrics

Detailed analysis of these outliers reveals systematic patterns in their distribution. The
predominant cluster occurs at shutter speeds exceeding 700, where diminished light availability at
the Raspberry Pi camera sensor significantly compromises feature extraction. Furthermore, the
velocity metric exhibits a progressive increase in outlier frequency toward the upper range of
measured values, attributable to motion blur artifacts when subject movement exceeds the
camera's temporal resolution. This relationship between motion velocity and outlier prevalence is
similarly reflected in the displacement metric, where higher displacement measurements
demonstrate greater deviation from model predictions, consistent with the expected limitations of
optical measurement under rapid motion conditions.
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3.3. Effect of input size, network depth, distance to camera, and fiducial markers

Table 4 presents the MAPE values across different input resolutions and network depths, both
with and without ROI cropping. The findings indicate that higher-resolution inputs generally lead
to lower MAPE values, suggesting that increasing the input size enhances the model’s ability to
extract meaningful vibration features. For instance, a resolution of 50x50 pixels consistently
achieves a lower MAPE than 32x32 pixels. Increasing the number of layers improves
performance, with deeper networks (four layers) consistently yielding lower MAPE values
compared to shallower networks (two or three layers). This suggests that deeper architectures can
better extract complex motion patterns from vibration data.

Table 4. Average MAPE across different model settings

Inpl.lt $17 | Number of layers | Initial model | Optical flow validation Optical flow Vah.d ation +
pixels ROI Cropping
32 %32 4 55.16 23.59 9.74
50 * 50 4 56.37 18.31 7.51
32 *32 3 50.70 21.04 12.13
50 * 50 3 51.64 19.91 8.72
32 %32 2 60.08 24.01 16.89
50 * 50 2 58.56 23.85 16.01

A critical observation is a dramatic reduction in error rates with ROI cropping, particularly for
lower-resolution inputs. For example, at 50x50 pixels with four layers, MAPE drops from 56.37 %
to just 5.93 % after applying optical flow validation and ROI cropping. This highlights the
effectiveness of focusing on the core vibrating object, eliminating irrelevant background
information, and improving model precision [36]. This analysis suggests that higher input
resolutions, deeper networks, and ROI cropping significantly enhance performance. ROI cropping
plays a crucial role in reducing error rates by isolating relevant motion areas.

As demonstrated in Table 5, the model exhibited significantly degraded performance when the
fiducial marker was occluded, with prediction accuracy declining proportionally with increasing
camera-to-object distance. This finding strongly suggests that the model has learned to utilize the
marker as a key visual feature for motion estimation, effectively employing it to dynamically
adjust the mm/pixel conversion parameters across varying distances. However, this capability
introduces an important limitation: the model's performance is contingent upon the presence of
the specific fiducial marker used during training. Experimental results indicate that variations in
marker size or pattern would likely render the model ineffective, as it has not learned to generalize
beyond the predefined marker characteristics. This dependency represents a significant constraint
for practical applications requiring flexible marker configurations.

Table 5. Average MAPE on different distances to the camera and the marker

Distance (cm) | Without Fiducial marker (%) | With Fiducial marker (%)
10 12.76 9.21
15 10.61 8.38
20 8.10 7.51
25 15.68 7.81
30 30.46 9.73

4. Practical deployment challenges

While the proposed framework demonstrates promising accuracy in controlled laboratory
settings, its deployment in real-world environments introduces several technical and ethical
challenges. Addressing these challenges is essential for ensuring both practical feasibility and
responsible use, particularly in safety-critical domains such as predictive maintenance and
structural health monitoring.
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4.1. Maker dependence

A key limitation is the model’s reliance on fiducial markers for accurate motion estimation.
As demonstrated in Table 5, prediction accuracy declined significantly when the marker was
occluded, particularly at increased camera-to-object distances. This reliance constrains the
system’s applicability in real-world scenarios where marker placement may be impractical or
inconsistent. A potential solution involves employing feature detection on natural structures to
serve as references for calibrating the distance-per-pixel parameter [37]. However, this approach
may introduce challenges, such as elevated computational costs, rendering it impractical for real-
time applications. Alternative approaches, such as stereo camera setups or single-camera systems
with distance measurement sensors, offer potential solutions [38]. Given computational
constraints, future efforts will first prioritize natural feature-based methods, which offer a balance
between generalization and real-time feasibility, before exploring hardware-intensive solutions.

4.2. Data biases

The dataset used in this study was generated from a single-object, laboratory-scale setup with
synthetic augmentation to increase frequency diversity. While effective for proof-of-concept
validation, this introduces biases toward specific vibration patterns, lighting levels, and object
characteristics. Such biases may reduce model robustness when applied to multi-component
machinery or noisy industrial environments, where vibration signals are more complex and varied.

To address this, future work will expand the dataset in two stages: (1) collecting data from
machines of varied shapes, materials, and operating conditions in controlled laboratory settings,
and (2) collaborating with Sabah Electricity Utility Company to acquire data from real industrial
systems. Additionally, optimizing hyperparameters, such as learning rates, length of sequence,
and model architectures, will enhance performance and adaptability to diverse datasets [39-41].
To mitigate potential long-term data limitations, integrating recurrent neural networks (RNNs)
into the model will enable stream learning, allowing continuous adaptation to new vibration
patterns and environmental conditions [42]. Rigorous evaluation on diverse, unseen datasets from
real-world applications, using metrics like mean absolute error for displacement and velocity, will
be essential to quantify performance gaps and ensure robust generalization across complex
scenarios.

4.3. Real-time application

In terms of performance, the model achieved an average inference time of 9.95 ms on
workstation hardware but has yet to be benchmarked on embedded devices. Future work will focus
on deployment to the Raspberry Pi 5, beginning with TensorFlow Lite (TFLite) conversion and
quantization to reduce model size and latency. Lightweight architectures such as MobileNetV3 or
EfficientNet-Lite for spatial feature extraction, combined with temporal modules like Temporal
Convolutional Networks (TCNs), may further improve efficiency [43].

The goal is to approach real-time inference on edge hardware (e.g., <10 ms per frame),
enabling continuous monitoring under typical industrial workloads. Profiling tools such as
TensorFlow Lite Benchmark, perf, and hardware energy sensors will be used to quantify trade-offs
in latency, power consumption, and accuracy. Multi-objective optimization methods (e.g.,
NSGA-II) may also be applied to balance competing requirements for accuracy and efficiency
[44].

4.4. Frequency predictions

Compared to other vibration metrics, frequency predictions exhibited higher error, as shown
in Tables 2 and 3. This is partly due to limited dataset variability: only four dominant natural

1188 ISSN PRINT 1392-8716, ISSN ONLINE 2538-8460



A VISION-BASED DEEP LEARNING APPROACH FOR NON-CONTACT VIBRATION MEASUREMENT USING (2+1)D CNN AND OPTICAL FLOW.
HAROLD HARRISON, MAZLINA MAMAT, FARAH WONG, HOE TUNG YEW, RACHEAL LIM, WAN MIMI DIYANA WAN ZAKI

frequencies were present in the collected data, restricting the model’s exposure to diverse vibration
modes.

To improve temporal modeling, hybrid architectures such as CNN-LSTM, GRUs, or
transformer-based models will be explored. CNN-LSTM and GRU architectures are well-suited
for capturing sequential dependencies while remaining computationally efficient, making them
candidates for edge deployment [45-47]. Transformer-based approaches may further enhance
robustness by modeling long-range dependencies across frame sequences [48]. Future evaluations
will benchmark these architectures against the current (2+1)D CNN backbone, focusing on
accuracy, generalization, and real-time performance. Future work will explore these models,
comparing their performance against the baseline model in terms of accuracy and computational
efficiency, as outlined in the preceding subsection.

4.5. Safety-critical considerations

Beyond technical limitations, broader implications must also be considered, particularly when
deploying ML-driven monitoring in safety-critical domains. The reliability of predictions may
degrade under uncontrolled conditions such as occlusions, extreme lighting, or motion blur,
potentially exceeding reported error margins. In high-stakes applications such as monitoring
bridges, aircraft, or power grid infrastructure, such degradation could compromise timely fault
detection.

Misclassifications pose additional risks. False negatives may allow undetected faults to
progress into catastrophic failures, while false positives may trigger unnecessary maintenance,
leading to downtime and economic losses. These risks highlight the need for human-in-the-loop
oversight, with ML predictions serving as advisory tools supported by redundancy, fail-safe
mechanisms, and cross-validation against conventional sensors.

Furthermore, ethical considerations arise from the use of video-based monitoring. Although
this framework is intended for machine vibration analysis, deployment in shared environments
could inadvertently capture sensitive or personally identifiable information. Robust privacy
safeguards, including anonymization protocols and compliance with data protection regulations,
are therefore essential.

To mitigate these risks, future development should prioritize dataset diversification to reduce
bias, integrate uncertainty quantification to support decision-making, and adopt ethical
deployment frameworks that emphasize transparency, accountability, and privacy. These
measures will ensure that the proposed framework evolves into a responsible and trustworthy
solution for predictive maintenance in safety-critical systems.

5. Conclusions

This study presented and validated a vision-based deep learning framework for non-contact
vibration measurement using a Four-Output Regression (2+1)D CNN architecture combined with
optical flow preprocessing. The model demonstrated the ability to predict acceleration, velocity,
displacement, and frequency from video input with high accuracy, achieving an average MAPE
of 7.51 %. Computational efficiency was improved by Region of Interest (ROI) cropping and
multi-section frame extraction, reducing the required number of input frames from 30 to 15.
Dataset augmentation further improved performance under varied lighting conditions and
frequency ranges, reducing MAPE for frequency prediction by 35 %.

Despite these encouraging results, several deployment challenges persist. The model's reliance
on fiducial markers restricts its practical applicability, and its generalization to more complex
systems is limited by the current dataset, which is confined to single-object scenarios. Moreover,
the performance on embedded platforms remains untested, and robustness in uncontrolled
environments has yet to be fully established.

Future work will focus on expanding the dataset using industrial-scale equipment, integrating
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multi-sensor data for improved robustness, exploring marker-less tracking approaches, and
optimizing the model for edge-device deployment. These advancements are expected to support
the development of a scalable, non-invasive, and cost-effective solution for predictive
maintenance and structural health monitoring, offering a viable alternative to traditional
contact-based sensing systems.
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