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 Abstract.  

Optical drift remains a fundamental limitation in high-precision three-dimensional metrology and fringe 

projection profilometry. Environmental fluctuations, thermal expansion of optomechanical components, 

and subtle mechanical vibrations introduce non-linear, time-varying distortions into the acquired fringe 

patterns. Traditional calibration methods rely on static parametric models or require tedious recalibration 

protocols, which fail to address dynamic drift during continuous operation. This paper proposes a novel 

self-supervised learning paradigm for optical drift compensation directly from the dynamics of projected 

fringe patterns, eliminating the need for ground-truth distortion maps or external hardware trackers. By 

analyzing the temporal evolution and spatial phase gradients of sequentially captured structured light, the 

proposed neural architecture learns to disentangle static geometrical topography from time-varying optical 

drift. We introduce a spatio-temporal coherence constraint that leverages the inherent phase consistency 

of stationary objects under dynamic thermal drift conditions. Through comprehensive experimentation 

using industrial-grade projection systems subjected to controlled thermal variations, the self-supervised 

approach demonstrates superior performance in stabilizing phase maps over extended operational periods. 

The methodology reduces absolute phase error by a significant margin compared to traditional polynomial 

drift compensation techniques. This research establishes a new benchmark for software-based stabilization 

in optical metrology, offering a scalable, purely data-driven solution for high-precision manufacturing, 

reverse engineering, and automated quality control applications. 

Keywords: Optical Metrology, Fringe Projection, Self-Supervised Learning, Drift Compensation 

1. Introduction 

1.1 Background And Motivation 

Three-dimensional optical metrology has fundamentally transformed modern manufacturing, 

quality assurance, and reverse engineering. Among the various non-contact measurement 

techniques, fringe projection profilometry stands out due to its high spatial resolution, rapid data 

acquisition capabilities, and full-field measurement characteristics. The fundamental principle of 

fringe projection involves casting a series of phase-shifted sinusoidal patterns onto a target object. 

The deformation of these patterns, modulated by the surface topography of the object, is 

subsequently captured by one or more imaging sensors. By employing phase unwrapping and 

system calibration techniques, the absolute three-dimensional coordinates of the object surface can 

be reconstructed with micrometer-level precision. However, this remarkable precision is highly 

contingent upon the strict temporal and spatial stability of the optomechanical components 
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constituting the measurement system [1, 2].  In realistic industrial environments, optical systems 

are continuously exposed to varying environmental factors, most notably temperature fluctuations, 

mechanical vibrations, and atmospheric turbulence. Over extended periods of operation, the 

continuous illumination from high-intensity projection units generates localized thermal gradients. 

These thermal gradients cause non-uniform expansion and contraction of optical lenses, digital 

micromirror devices, and mechanical mounting structures. This phenomenon, widely categorized 

as optical drift, manifests as an imperceptible yet highly disruptive shifting of the focal length, 

principal point, and distortion coefficients of the projection and imaging systems [3]. 

Consequently, the fringe patterns captured by the sensor exhibit time-varying phase shifts that are 

completely unrelated to the actual geometry of the target object. If left uncompensated, optical 

drift accumulates over time, leading to severe topological distortions, systematic measurement 

biases, and a catastrophic degradation of the metrological fidelity [4, 5].  Historically, mitigating 

optical drift has required exhaustive hardware interventions or rigid environmental controls. High-

end industrial scanners are often enclosed in thermally stabilized chambers or constructed using 

exotic, low-thermal-expansion materials such as Invar or specialized ceramics [6]. Alternatively, 

frequent recalibration protocols are enforced, interrupting the continuous measurement workflow 

to present standardized calibration artifacts to the system [7, 8]. Both approaches are highly 

inefficient. Hardware stabilization dramatically increases the capital cost and physical footprint of 

the measurement apparatus, rendering it unsuitable for inline inspection tasks or portable 

applications. Recalibration strategies severely bottleneck production throughput and rely on the 

assumption that the drift remains linear and predictable between calibration intervals, which 

empirical evidence consistently refutes [9, 10]. Consequently, there is an urgent and critical need 

for an intelligent, software-driven approach capable of dynamically compensating for optical drift 

in real-time without interrupting the measurement process or requiring specialized hardware 

modifications. 

1.2 Proposed Paradigm And Contributions 

The advent of deep learning has introduced powerful data-driven solutions for complex image 

processing and computer vision tasks. In the domain of optical metrology, convolutional neural 

networks have been successfully deployed for phase unwrapping, noise reduction, and high 

dynamic range fringe analysis [11]. However, the application of deep learning to optical drift 

compensation remains largely unexplored, primarily due to the severe challenge of obtaining 

ground-truth data. Supervised learning algorithms require vast datasets comprising drifted fringe 

patterns paired with their perfectly aligned, drift-free counterparts. Acquiring such paired data in 

a physical environment is practically impossible, as the measurement of the ground truth is itself 

subject to the very drift one attempts to model [12, 13]. To circumvent this fundamental limitation, 

this paper introduces a purely self-supervised learning methodology that estimates and 

compensates for optical drift directly from the unconstrained dynamics of the fringe patterns. We 

hypothesize that optical drift exhibits distinct spatio-temporal signatures that can be 

mathematically disentangled from the static surface topography of the measured object. By 

continuously monitoring the temporal evolution of the phase maps, our proposed neural network 

architectures can learn the underlying manifold of the drift dynamics without ever being exposed 

to ground-truth calibration data.  The primary contribution of this research is the formulation of a 

self-supervised objective function based on spatio-temporal coherence. We enforce the principle 

that, for a static measurement scene, any temporal variation in the extracted phase must be 

attributed exclusively to optical drift or system noise. By employing a dual-stream convolutional 

architecture equipped with temporal attention mechanisms, we implicitly model the non-linear 

distortion fields generated by thermal and mechanical drift. Furthermore, we introduce a synthetic 

degradation module during the training phase that simulates high-frequency mechanical 

vibrations, forcing the network to focus on the low-frequency, persistent topological changes 
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characteristic of thermal drift. This research not only provides a robust, deployable solution for 

continuous fringe projection profilometry but also pioneers the use of self-supervised 

representation learning for dynamic error compensation in precision optical systems. 

2. Literature Review and Theoretical Background 

2.1 Evolution Of Structured Light Metrology 

The theoretical foundation of structured light metrology dates back several decades, initially 

relying on simple binary patterns and Moiré interferometry. The transition to digital fringe 

projection profilometry was catalyzed by the commercial availability of digital micromirror 

devices and high-speed complementary metal-oxide-semiconductor image sensors [14, 15]. 

Modern systems predominantly utilize phase-shifting algorithms, where a sequence of sinusoidal 

intensity distributions is projected with precise, predetermined phase delays. The N-step phase-

shifting algorithm, typically employing three to eight patterns, allows for the calculation of a 

wrapped phase map by computing the arctangent of the intensity variations at each pixel 

independently. This pixel-wise calculation renders the technique highly robust against variations 

in ambient illumination and surface reflectivity [16].  Despite these advancements, the translation 

of the wrapped phase into absolute three-dimensional coordinates relies heavily on the geometric 

calibration of the stereo vision setup, typically comprising a projector and a camera. The standard 

pinhole camera model, augmented with radial and tangential distortion coefficients, is widely 

adopted to map the two-dimensional phase coordinates to three-dimensional physical space. This 

calibration procedure establishes a strict geometric constraint, known as epipolar geometry, 

between the projection and imaging planes [17, 18]. The fundamental vulnerability of this 

framework is its assumption of absolute geometric rigidity. Any microscopic deviation in the 

relative pose, focal length, or lens distortion characteristics subsequent to the calibration procedure 

invalidates the calibrated parameters, introducing systematic errors into the final point cloud 

reconstruction. 

2.2 Characterization Of Optical Drift 

Optical drift in fringe projection systems is a complex, multi-physics phenomenon driven by the 

continuous interaction between electrical, thermal, and mechanical domains. The primary source 

of thermal drift is the high-power illumination module within the projector, typically utilizing 

light-emitting diodes or laser diodes. Despite active cooling mechanisms, the localized heat 

dissipation causes thermal gradients across the projector chassis, leading to the asymmetrical 

expansion of the projection lens assembly and the digital micromirror device substrate [19].  

Empirical studies have demonstrated that thermal drift exhibits a characteristic temporal profile. 

Upon system initialization, there is a rapid, non-linear warm-up phase where the spatial drift rate 

is maximal. This phase typically lasts for several hours, during which the principal point of the 

projector can shift by several pixels, and the focal length can deviate significantly [20, 21]. 

Following this transient phase, the system reaches a quasi-steady thermal state, where the drift rate 

decreases but never fully stabilizes, fluctuating in response to subtle variations in ambient room 

temperature. Furthermore, the optical drift is spatially non-uniform. The displacement vectors at 

the center of the optical axis differ drastically from those at the periphery of the field of view, 

creating a complex, non-rigid deformation field that cannot be corrected by simple global 

translations or rotations [22]. Previous attempts to mathematically model this drift have relied on 

polynomial fitting or finite element analysis. Parametric drift compensation models attempt to 

establish empirical relationships between the internal temperature of the projector and the resulting 

coordinate shifts. However, these models require extensive profiling of each individual hardware 

unit and fail to generalize across different ambient conditions or operational duty cycles [23, 24]. 

Real-time calibration techniques using secondary reference targets placed within the field of view 

have also been proposed, but they consume valuable measurement volume and introduce occlusion 

artifacts into the scanning process. 
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2.3 Deep Learning In Fringe Analysis 

The application of deep convolutional neural networks to fringe projection profilometry has seen 

exponential growth over the past five years. Initial research focused on supervised learning to 

accelerate the phase unwrapping process. By training networks on vast datasets of paired wrapped 

and absolute phase maps, researchers successfully replaced traditional, computationally expensive 

spatial unwrapping algorithms with rapid, single-shot neural network inferences [25, 26]. 

Subsequent studies expanded the scope of deep learning to include fringe enhancement, denoising, 

and even the direct regression of three-dimensional depth maps from single raw fringe images.  

However, the vast majority of these deep learning architectures operate strictly within the 

supervised learning paradigm. They require enormous volumes of meticulously annotated training 

data. In the context of phase unwrapping, generating this ground truth is relatively straightforward 

through computational simulation or by utilizing highly robust, multi-frequency temporal phase 

unwrapping techniques on static targets [27]. Conversely, in the context of optical drift 

compensation, generating the necessary ground-truth distortion fields is a monumental challenge. 

Capturing the exact state of an optical system at a specific microsecond before thermal drift alters 

it is physically impossible. Any attempt to measure the drift introduces additional uncertainties, 

creating a cyclic dependency that frustrates supervised learning approaches [28, 29]. 

2.4 The Transition To Self-Supervised Paradigms 

To overcome the ground-truth bottleneck, the computer vision community has increasingly turned 

towards self-supervised learning, a paradigm where the supervisory signal is derived directly from 

the inherent structure or dynamics of the unlabelled data itself. In fields such as video action 

recognition, optical flow estimation, and depth-from-monocular-video, self-supervised techniques 

have achieved performance levels comparable to fully supervised methods [30].  In optical flow 

estimation, for instance, neural networks are trained to predict the displacement of pixels between 

consecutive video frames. Instead of relying on ground-truth flow fields, the networks are 

optimized using photometric consistency constraints. The predicted flow field is used to warp the 

first frame towards the second frame, and the loss function minimizes the photometric difference 

between the warped frame and the actual second frame [31, 32]. This concept of warping and 

consistency checking is highly analogous to the problem of optical drift compensation. If we treat 

the temporal sequence of phase maps as a dynamic video sequence where the only motion is caused 

by optical drift, we can theoretically adapt self-supervised optical flow principles to estimate and 

reverse the drift distortion field. However, fringe patterns present unique challenges, including 

phase wrapping ambiguities, high-frequency repetitive structures, and the presence of occlusion 

shadows, which necessitate the development of specialized neural architectures and domain-

specific loss functions. 

3. System Architecture and Data Acquisition 

3.1 Hardware Configuration And Environmental Control 

To thoroughly investigate the dynamics of optical drift and generate the necessary datasets for self-

supervised training, a highly controlled yet industrial-representative hardware configuration was 

established. The fringe projection profilometry system comprises a high-speed digital light 

processing projector and a monochromatic machine vision camera. The projector operates at a 

native resolution of standard high definition and utilizes a blue-light-emitting diode illumination 

source to minimize the effects of ambient lighting and optimize the modulation transfer function 

of the optical lenses. The camera features a global shutter complementary metal-oxide-

semiconductor sensor, synchronized precisely with the projector's trigger signals via a hardware 

timing controller. The components are rigidly mounted on a customized invar-alloy baseplate to 

minimize structural deformation. To induce and monitor controlled optical drift, the entire 

measurement apparatus is housed within a programmable environmental chamber. This chamber 

allows for the precise regulation of ambient temperature and humidity profiles, simulating various 
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industrial operating conditions ranging from cold factory floors to heat-intensive foundries. 

Furthermore, multiple highly sensitive thermocouple sensors are attached to critical components 

of the projector and camera, including the lens barrels, the digital micromirror device heat sink, 

and the external chassis, continuously logging the thermal state of the system during data 

acquisition. 

 
Figure 1Comprehensive Schematic of the Hardware Architecture and Data Acquisition Pipeline 

3.2 Fringe-Pattern Temporal Dynamics 

The self-supervised learning methodology relies heavily on analyzing the temporal dynamics of 

the captured fringe patterns over extended periods. To build a comprehensive dataset, a diverse 

array of static metrology artifacts, including precision-machined step gauges, freeform ceramic 

sculptures, and standard calibration spheres, are sequentially placed within the measurement 

volume. For each object, the environmental chamber is programmed to execute specific thermal 

cycling profiles, varying the ambient temperature over periods ranging from several hours to 

multiple days. During these thermal cycles, the projector continuously outputs a specialized 

sequence of phase-shifted sinusoidal patterns. Instead of capturing images only when a 

measurement is requested, the system operates in a continuous streaming mode, capturing 

thousands of sequential measurements. Because the target objects remain absolutely stationary on 

an active vibration-isolation optical table, any temporal variation in the extracted phase maps can 

be definitively attributed to system-level optical drift and inherent sensor noise.  

The data acquisition pipeline processes the raw intensity images in real-time. First, temporal phase-

shifting algorithms are applied to compute the wrapped phase maps. Subsequently, a multi-

frequency hierarchical unwrapping algorithm generates the continuous, absolute phase 

distributions. These unwrapped phase maps, heavily burdened by the evolving thermal drift, are 

paired with their corresponding temporal timestamps and thermal telemetry data, forming a 

massive, unlabelled spatio-temporal dataset. By observing the phase variations at specific pixel 

coordinates over time, we note that the drift manifests as a low-frequency, non-rigid deformation 

field that slowly warps the spatial coordinates of the phase information, presenting a perfect 

opportunity for self-supervised manifold learning. 

3.3 Mathematical Formulation Of Drift Dynamics 

In an ideal, zero-drift scenario, the phase value at a specific pixel coordinate in the camera plane 

depends solely on the spatial geometry of the object and the rigid geometric calibration parameters. 

However, in the presence of continuous optical drift, the effective mapping between the projector 
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space and the camera space becomes a function of time. We represent this dynamic relationship 

by introducing a time-varying displacement vector field. This vector field describes the apparent 

microscopic movement of the projected phase values across the camera sensor, caused by the 

physical distortion of the optical components. The objective of our self-supervised methodology 

is to train a neural network to estimate this time-varying displacement vector field for any given 

frame, using only a designated anchor frame as a reference. The anchor frame is typically acquired 

immediately after the initial cold-start calibration. As the system temperature increases and the 

drift accumulates, the captured phase maps diverge from the anchor frame. By accurately 

predicting the dense displacement field, we can perform an inverse spatial warping operation on 

the drifted phase map, effectively realigning its phase values with the original anchor state and 

thereby neutralizing the optical drift. The critical challenge lies in formulating a network training 

strategy that can optimize this prediction without having access to the true, underlying 

displacement field. 

4. Self-Supervised Compensation Methodology 

4.1 Network Architecture Design 

The core of the proposed methodology is a deep convolutional neural network designed 

specifically for dense pixel-level regression tasks. The architecture is heavily inspired by advanced 

optical flow estimation networks, utilizing a multi-scale, pyramidal feature extraction paradigm. 

The network takes as input a concatenated tensor comprising the temporal anchor phase map and 

the currently acquired, drifted phase map. To provide additional contextual information, the 

modulation intensity map and the background intensity map, derived from the phase-shifting 

algorithm, are also included in the input tensor. The feature extraction module employs a standard 

encoder-decoder structure with symmetric skip connections. The encoder gradually reduces the 

spatial resolution of the input tensors while increasing the number of feature channels, capturing 

robust, high-level abstract representations of the phase topography and the localized drift 

signatures. We incorporate deformable convolutional layers within the encoder to better 

accommodate the complex, non-rigid transformations associated with thermal lens distortion. 

These layers dynamically adjust their receptive fields based on the local image content, allowing 

the network to focus on highly deformed regions with greater precision. The decoder module 

subsequently upsamples the extracted feature maps back to the original image resolution. At each 

decoding stage, a residual displacement field is predicted and added to the accumulated 

displacement estimation from the previous, lower-resolution stage. This hierarchical refinement 

strategy ensures that the network accurately captures both the large-scale, global translation 

induced by thermal expansion and the microscopic, localized distortions caused by lens 

aberrations. The final output of the network is a two-channel tensor representing the estimated 

horizontal and vertical displacement vectors for every pixel in the field of view. 
Table 1Architectural specifications of the self-supervised drift estimation neural network, detailing layer configurations and 

spatial resolutions at various stages of the feature pyramid. 

Network Component Layer Specifications Activation Function Output Resolution 

Initial Encoder Block Dual $3\times3$ 

Convolution, Stride 1 

Leaky Rectified Linear Full Resolution 

Feature Pyramid Level 

1 

Deformable Conv, 

Stride 2 

Leaky Rectified Linear Half Resolution 

Feature Pyramid Level 

2 

Deformable Conv, 

Stride 2 

Leaky Rectified Linear Quarter Resolution 

Bottleneck Temporal 

Attention 

Multi-Head Self-

Attention 

Softmax Quarter Resolution 
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Decoder Upsampling 

Blocks 

Transposed Conv, 

Stride 2 

Leaky Rectified Linear Half/Full Resolution 

Final Displacement 

Head 

$1\times1$ Convolution Linear Full Resolution 

4.2 Spatio-Temporal Coherence Loss 

The innovation of this approach resides in the formulation of the self-supervised loss function, 

which guides the network's training process without ground-truth labels. The primary component 

of the objective function is the photometric consistency loss, adapted for continuous phase maps. 

Once the network predicts the dense displacement field, we utilize a differentiable spatial 

transformer network module to warp the current drifted phase map backward along the predicted 

vectors. In an ideal scenario where the network perfectly estimates the drift, the backward-warped 

phase map should perfectly match the anchor phase map, assuming the measured object remains 

static. The photometric consistency loss calculates the absolute difference between the warped 

phase map and the anchor phase map, penalizing any discrepancies. However, relying solely on 

photometric consistency is insufficient for fringe-pattern analysis. Phase maps contain vast regions 

of uniform gradients and repetitive structures, which can lead to the aperture problem, where the 

network predicts erroneous displacement vectors that satisfy the photometric consistency but 

represent physically impossible deformations. To mitigate this, we introduce a spatial smoothness 

penalty. This constraint enforces the assumption that optical drift, driven by gradual thermal and 

mechanical changes, manifests as a spatially smooth, low-frequency deformation field. The 

smoothness penalty minimizes the local spatial gradients of the predicted displacement field, 

preventing the network from generating chaotic, high-frequency vector variations that are 

characteristic of noise rather than true drift. Furthermore, we implement a temporal coherence 

constraint to leverage the continuous nature of our acquired sequences. Since thermal drift evolves 

smoothly over time, the displacement fields predicted for consecutive frames should be highly 

correlated. We incorporate a temporal recurrent module that penalizes abrupt changes in the 

estimated displacement vectors between successive time steps. This temporal constraint acts as a 

powerful regularizer, forcing the network to learn the underlying manifold of the thermal drift 

dynamics and rejecting high-frequency noise spikes or momentary environmental disturbances. 

By jointly optimizing the photometric consistency, spatial smoothness, and temporal coherence, 

the network converges upon highly accurate drift estimations entirely in a self-supervised manner. 

4.3 Dynamic Masking And Occlusion Handling 

A critical challenge in phase map warping is the handling of shadows, occlusions, and object 

boundaries. Areas with low signal-to-noise ratio, such as deep holes or reflective surfaces, yield 

highly noisy phase values that can disrupt the self-supervised loss calculation. If the network 

attempts to enforce photometric consistency in these invalid regions, it will generate massive 

gradients that destabilize the entire training process. To address this, we implement a dynamic 

temporal masking strategy. We compute a reliability map for every frame based on the modulation 

intensity of the fringe patterns. Pixels with modulation values below a strictly defined empirical 

threshold are flagged as invalid. During the loss calculation, the photometric consistency and 

spatial smoothness penalties are strictly masked, meaning the network is only penalized for errors 

occurring in high-quality, reliable measurement regions. This masking strategy is crucial for 

allowing the network to generalize to complex object geometries without being derailed by 

localized measurement artifacts.  

5. Experimental Results and Validation 

5.1 Experimental Protocol And Baselines 

To rigorously evaluate the performance of the proposed self-supervised optical drift compensation 

framework, an extensive series of validation experiments were conducted. The testing dataset 

comprised novel thermal cycling profiles and previously unseen geometric targets to ensure the 
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network had not simply memorized the training data. The primary evaluation metric is the absolute 

phase error, defined as the root mean square difference between a drift-compensated phase map 

and its corresponding ideal anchor phase map. A lower absolute phase error directly translates to 

higher geometric accuracy in the final three-dimensional point cloud reconstruction. 

The self-supervised methodology was benchmarked against two established baseline techniques. 

The first baseline represents the uncompensated state, demonstrating the severe degradation of 

measurement accuracy when optical drift is ignored. The second baseline is a state-of-the-art 

parametric polynomial compensation model. This traditional approach utilizes extensive pre-

calibration data to construct a complex polynomial function mapping the internal temperature 

sensor readings directly to global phase shifts. While representing the current industry standard for 

software-based compensation, the polynomial model struggles with non-linear, localized lens 

distortions and complex hysteresis effects. 

5.2 Quantitative Performance Analysis 

The experimental results overwhelmingly demonstrate the superiority of the self-supervised neural 

framework across all tested operational scenarios. Figure 2 provides a visual representation of the 

phase error distribution across a complex target object before and after compensation, highlighting 

the dramatic reduction in systemic artifacts. 

 
Figure 2Visual Comparison of Phase Error Distributions 

During a continuous, eight-hour thermal stress test where ambient temperatures were deliberately 

fluctuated by fifteen degrees Celsius, the uncompensated system exhibited a catastrophic 

accumulation of drift. The absolute phase error steadily climbed, reaching a peak deviation 

equivalent to nearly a full millimeter of depth error in physical space. This magnitude of error 

renders the optical metrology system entirely useless for high-precision industrial inspection.  

The traditional polynomial compensation model mitigated the error significantly during the initial, 

predictable heating phase. However, as the system entered the complex quasi-steady state and the 

environmental chamber began introducing rapid temperature fluctuations, the polynomial model 

failed to track the dynamic non-linear distortions. The empirical relationship between the point-

source temperature sensors and the full-field optical distortion broke down, leading to substantial 

residual errors and localized topographical warping.  In stark contrast, the self-supervised 

methodology maintained an exceptionally tight tolerance throughout the entire duration of the 

rigorous stress test. By continuously analyzing the fringe-pattern dynamics and extracting the true 
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deformation field directly from the raw optical data, the neural network effectively isolated and 

neutralized both global thermal expansion and localized optical aberrations.  
Table 2: Comprehensive quantitative evaluation of phase error accumulation over an eight-hour thermal cycling experiment, 

comparing the proposed self-supervised methodology against established baselines. 

Compensation 

Strategy 

Initial Phase Error 

(rad) 

Peak Transient 

Error (rad) 

Steady-State Error 

(rad) 

Root Mean Square 

Error 

Uncompensated 

System 

$0.005$ $0.185$ $0.142$ $0.125$ 

Polynomial 

Regression 

$0.005$ $0.062$ $0.048$ $0.045$ 

Self-Supervised 

Model 

$0.005$ $0.015$ $0.012$ $0.011$ 

The quantitative data presented in Table 2 clearly validates the efficacy of the proposed approach. 

The self-supervised model reduced the peak transient phase error by over ninety percent compared 

to the uncompensated baseline and outperformed the traditional polynomial regression model by 

a factor of four. The remarkable stability of the steady-state error indicates that the network is 

highly robust against continuous, long-term operational drift, effectively enabling continuous, 

uninterrupted high-precision metrology without the need for periodic recalibration procedures. 

5.3 Ablation Studies 

To fully understand the contribution of each component within the self-supervised architecture, 

comprehensive ablation studies were performed. Removing the temporal coherence constraint 

resulted in a highly unstable network that frequently over-fitted to momentary high-frequency 

noise in the phase maps, leading to jittery and inconsistent drift compensations between 

consecutive frames. This confirms that modeling the long-term temporal manifold is critical for 

isolating the slow-moving thermal drift from instantaneous sensor noise. 

Similarly, disabling the dynamic masking module during training caused catastrophic failures 

when the network attempted to resolve drift vectors in deep shadow regions or along sharp object 

boundaries. The erroneous gradients generated by these invalid regions corrupted the global 

feature extraction, leading to warped and distorted phase reconstructions. The inclusion of the 

modulation-based reliability mask proved essential for maintaining the integrity of the self-

supervised loss calculation in the presence of complex, realistic measurement scenes. 

6. Discussion and Conclusion 

6.1 Interpretations And Implications 

The development and validation of this self-supervised optical drift compensation methodology 

represent a significant paradigm shift in the field of three-dimensional structured light metrology. 

Historically, the pursuit of ultimate metrological precision has been tightly coupled with the 

engineering of highly rigid, thermally invariant, and consequently, massively expensive hardware 

systems [33, 34]. Alternatively, software-based solutions have relied heavily on rigid, pre-

computed parametric models that struggle to generalize across the chaotic realities of industrial 

environments [35]. By framing the problem of optical drift as a dynamic representation learning 

task, this research demonstrates that profound systemic errors can be dynamically mapped and 

eliminated using purely data-driven, software-based techniques [36, 37]. The ability to train a 

highly accurate compensation network entirely without ground-truth calibration data eliminates 

the most significant barrier to the widespread adoption of deep learning in precision metrology. 

The proposed self-supervised pipeline can be deployed on any standard commercial fringe 

projection system, utilizing its natural operational data to continuously refine and adapt its internal 

representations of optical drift [38]. This creates the potential for highly robust, self-calibrating 
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measurement systems that actively learn and adapt to their specific installation environments over 

time, dramatically extending their operational lifespan and reducing maintenance overheads. 

6.2 Limitations And Future Directions 

While the proposed methodology exhibits remarkable performance, several limitations provide 

avenues for future research. Currently, the system relies on the assumption that the measurement 

target remains perfectly static during the drift estimation phase. If the target object undergoes 

physical deformation or mechanical shifting simultaneously with the optical drift, the network 

cannot easily distinguish between the two sources of phase variation. Future work will explore the 

integration of multi-view stereo constraints or auxiliary sensor data, such as inertial measurement 

units, to disentangle object motion from optical system drift. 

Furthermore, the computational complexity of the dense optical flow-inspired network requires 

significant graphical processing unit resources, which may challenge deployment on low-power, 

embedded smart-camera architectures [39, 40]. Investigating network pruning, quantization, and 

the development of lightweight architectural variants will be crucial for pushing this technology 

directly to the edge, enabling real-time, on-sensor drift compensation. 

6.3 Conclusion 

In conclusion, this paper has successfully demonstrated a pioneering self-supervised learning 

framework for the dynamic compensation of optical drift in fringe projection profilometry. By 

exploiting the inherent spatio-temporal coherence of continuous structured light measurements, 

the proposed neural architecture accurately estimates and inverses the complex, non-linear 

deformation fields caused by thermal and mechanical instability. Through extensive experimental 

validation, the self-supervised approach proved vastly superior to traditional parametric 

compensation models, reducing absolute measurement errors by an order of magnitude during 

rigorous thermal stress testing. This purely data-driven solution completely circumvents the 

intractable problem of acquiring ground-truth optical distortion maps, offering a highly scalable, 

continuous stabilization mechanism. This research significantly advances the capabilities of high-

precision optical metrology, paving the way for the next generation of intelligent, self-calibrating 

inspection systems capable of operating flawlessly in the most demanding industrial environments. 
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