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Abstract 

Advancements in machine-learning techniques are driving a paradigm shift in image 

processing. Flow diagnostics with optical techniques is not an exception. Considering the 

existing and foreseeable disruptive developments in flow-field measurement techniques, we 

elaborate this perspective, particularly focused to the field of Particle Image Velocimetry. The 

driving forces for the advancements in machine-learning methods for flow diagnostics in recent 

years are reviewed, and possible routes for further developments are highlighted. 
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1 Introduction 

Machine learning (ML) is a subfield of artificial intelligence that aims at using data to perform tasks without human 

intervention. Examples of such tasks are pattern identification, predictive analytics, data mining, and filtering. In recent years, 

ML techniques have had a disruptive effect on a wide variety of scientific and engineering fields. The widespread development 

of ML methods has led to remarkable advancements in several disciplines, disclosing new research pathways whose merit is 

clearly apparent. ML encompasses a range of techniques that can be classified into three groups: 

▪ Supervised learning, which generally is aimed at identifying the mapping between a set of input data with (discrete 

or continuous) output labels. Classification is a classic example of a task performed using supervised learning 

methods. An artificial neural network (ANN) can be trained using labeled data to identify the class to which an 

unlabeled input belongs. Supervised learning is also often used for regression tasks, in which the value of an output 

variable is determined based on statistical correlation with input parameters. 

▪ Unsupervised learning, which identifies relations between data without any form of supervision. Such techniques 

include association and clustering algorithms that group unlabeled input data based on similarities. Data 

compression and dimensionality-reduction techniques also belong to this group. These techniques leverage the 

concept that the information contained in input data typically lies in a low-dimensional space. Additionally, 

unsupervised learning techniques include generative models that generate samples after having observed the 

statistical distribution of training data. 

▪ Reinforcement learning, in which an agent learns, through its interactions with an environment, strategies to 

maximize rewards and minimize penalties according to a metric associated with a certain goal to be achieved.  
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Among others, the field of computer vision has significantly benefited from the advancements in ML in the past decade. ML 

techniques for tasks such as automatic pattern recognition and tracking, image segmentation, filtering and quality enhancement, 

and super-resolution are being continuously developed. These innovations have been flowing progressively through the wide 

scientific community working on flow-field measurement techniques, such as particle image velocimetry (PIV), flow 

visualization, schlieren imaging, particle image thermometry, and any other technique involving the optical measurement of 

field quantities. The merits of ML methods for flow diagnostics have rapidly become apparent, leading to the emergence of 

promising research pathways. 

This article summarizes the recent advancements in ML methods for flow-field measurements, focused on PIV, and 

highlights future developments in this discipline. Section 2 describes the techniques for image preprocessing. Section 3 focuses 

on data processing and conditioning techniques, specifically, direct extraction of velocity fields using ML (Section 3.1), 

resolution enhancement in space (Section 3.2) and time (Section 3.3), and data augmentation and filtering (Section 3.4). Section 

4 presents the concluding remarks. 

2 ML methods for PIV image preprocessing 

The accuracy of PIV depends on the quality of the images to be processed. In addition to eliminating undesired laser 

reflections and maximizing the contrast of the particles with respect to the background, the image quality can be significantly 

enhanced using preprocessing techniques. Image preprocessing is particularly relevant for near-surface measurements. The 

importance of image preprocessing in PIV has increased with the development of volumetric methods [1]. For example, in 

tomographic PIV [2] and Lagrangian particle tracking (LPT) [3] approaches, the background intensity must be minimized to 

reduce the probability of reconstruction artifacts. Traditional preprocessing techniques used in PIV include background 

removal—subtraction of a reference image obtained through e.g. low-pass filtering in space [4][5] or time [6], computation of 

the historical minimum [7], or ensemble averaging [8]—and level normalization to increase the contrast of the particles with 

respect to the background, such as through intensity capping [9] or min/max filtering [10].  

In recent years, the interest in automatic unsupervised image preprocessing has been increasing owing to the need to reduce 

human intervention and minimize the dependence on the user. Mendez et al. [11] proposed a method based on proper orthogonal 

decomposition (POD) of the PIV snapshots to leverage the difference in the space/time coherence of the background and 

particles. This method, known as eigenbackground subtraction, is based on the hypothesis that the images originate from the 

superposition of a low-rank contribution from large objects (i.e., the eigenbackground) and a sparse contribution from small 

moving objects. This unsupervised dimensionality-reduction technique was first introduced in the computer vision community 

to identify moving objects in videos [12]. In PIV images, the background (in particular, laser reflections) typically exhibits a 

high degree of spatial/temporal coherence, whereas the particles randomly seed the images. A low-rank approximation of the 

images, rearranged in the form of snapshot matrix (as in the POD snapshot method), provides an approximation of the 

background for each snapshot. Although the traditional methods also involve the statistical extraction of the background, the 

eigenbackground method inherits the characteristic of “learning from experience” typical of ML methods. Consequently, the 

approximation accuracy increases with the increase in the dataset size. 

Additionally, deep learning techniques have been introduced in PIV preprocessing for image masking. Vennemann and 

Rösgen [13] proposed different methods based on convolutional autoencoders to perform automatic dynamic image masking. 

An autoencoder is a type of ANN that consists of an encoder and a decoder and has a framework similar to that of nonlinear 

principal component analysis [14]. Figure 1 shows a schematic of the architecture. The encoder maps the input data onto a low-

dimensional latent space, and these data are used by the decoder to obtain an output (ideally) identical to the input. This 

architecture seeks to identify low-dimensional representations of the images to maximize the preservation of the relevant image 

content. Large coherent objects are retained, and the scattered particles are deleted, thereby identifying the background to be 

removed from the images. Autoencoder techniques provide a valuable solution for single-frame masking and can address 

moving backgrounds and semi-transparent objects with a competitive computational cost. 

Recent advancements in ML techniques have also facilitated the deblurring of and distortion removal from PIV images. 

Particle image blurring typically occurs in the presence of fast-moving particles with respect to the image exposure time and 

duration of the light pulse. Motion blurring leads to correlation peak broadening in the direction of motion, and in certain cases, 

asymmetry owing to changes in the index of refraction [15]. Oh et al. [16] recommended the deblurring of PIV images by using 

generative adversarial networks (GANs, [17]). GANs involve two competing networks: a generator and a discriminator that 

contest each other in a zero-sum game. In the method reported by Oh et al. [16] the generator is trained using synthetic images 

to generate deblurred images in a wide range of blurring conditions. This approach can reduce the uncertainty and number of 

outliers. Gao et al. [18] proposed an actuator-less distortion-correction method based on a multiple-input deep convolutional 
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neural network (CNN) and Hartmann–Shack sensing. The method can overcome the typical bandwidth limitations of actuators 

and reduce the uncertainty introduced by image distortion.  

Although ML-based contributions in preprocessing tasks for PIV are limited at present, advancements in computer vision in 

this field are expected to promote novel developments in this direction in the near future. Progress in this direction would extend 

the boundaries of PIV applicability, for instance, to industrial-flow measurements in which high image quality is typically 

difficult to achieve. 

 

 

 
Figure 1 Autoencoder architecture adopted by Vennemann and Rosgen [13]. Reprinted by permission from Springer Nature Customer Service 
Centre GmbH: Springer, Experiments in Fluids [13]. 

3 Data processing and conditioning 

This section describes the use of ML methods for PIV processing and potential for use in postprocessing. First, we review 

the main techniques being used to realize and enhance cross-correlation (CC) and particle tracking analysis using ML. Recent 

developments in the field of three-dimensional (3D) PIV are summarized. Subsequently, we spotlight the methods to enhance 

the spatial and temporal resolutions and increase the measurement accuracy a posteriori.  

3.1 PIV processing through ML methods 

3.1.1 Extraction of velocity fields using neural networks  
The recent interest in ML methods to directly extract velocity fields from particle image sequences has been fueled by 

advancements in artificial intelligence in computer vision. However, the idea of using ML methods such as neural networks 

(NNs) for PIV and particle tracking velocimetry (PTV) image analysis can be traced to literature dating back nearly 30 years. 

Early studies used NNs for two-frame particle tracking [19][20][21][22][23][24] and feature identification/classification [25]. 

Readers interested in the initial research involving the application of NNs to planar PTV can refer to the review paper by Grant 

and Pan [26]. Later, researchers focused on developing NNs and genetic algorithms for multi-pulse [27] and 3D PTV 

[28][29][30][31][32]. Interestingly, NNs were also used as classifiers for 3D particle tracking with colored particles [33] to 

reduce the number of ambiguities in particle reconstruction. 

In the last five years, many frameworks have emerged based on the adaptation of ML algorithms to PIV, fostered by hardware 

improvement, availability of open codes, and introduction of new concepts in the computer vision community. We focus on 

the following three types of these frameworks:  

In the first category, NNs are trained to reproduce the outcome of CC. Lee et al. [34] proposed the use of cascaded deep 

CNNs (DNNs) [35] for PIV analysis. This architecture involves four levels, with the lowest level trained to estimate the bulk 

of the displacement and the higher levels used to extract the fine details. This approach also incorporates the discrete window 

offset. Rabault et al. [36] investigated the performance of CNNs and fully connected NNs in performing an “end-to-end” PIV 
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analysis. Both types of ANN were trained on synthetic images. These methods [34][36] achieved promising performances in 

terms of accuracy and spatial resolution, and the algorithms were computationally efficient when implemented over graphical 

processing units. However, CNNs cannot readily incorporate image deformation, which reduces their accuracy in the presence 

of velocity gradients. Recently, Morrell et al. [37] attempted to train Bayesian CNNs (BCNNs) to simultaneously extract the 

velocity fields and uncertainty. The authors tested different architectures that were simultaneously and separately fed image 

interrogation regions and CC maps. The BCNNs fed only CC maps outperformed the other configurations. This study 

represented the first implementation of probabilistic NNs in PIV and provided a promising pathway for ML-based PIV analysis 

with directly embedded uncertainty estimation. Notably, the abovementioned approaches require a large number of training 

images, potentially covering all conditions that may be encountered in the experimental application. Training is typically 

performed using synthetic images, which raises concerns regarding the generalizability of these methods. This problem can 

potentially be alleviated by creating vast standardized datasets. 

 

 

 

 
Figure 2 Top: Architecture of the FlowNetS network. Bottom: Comparison of ground truth field and optical flow estimation based on 
FlowNetS, PIV-NetS-noRef, and PIV-NetS for the test cases of the wake of a cylinder at Reynolds number Re = 40, 150 and isotropic 
turbulence. Reprinted by permission from Springer Nature Customer Service Centre GmbH: Springer, Experiments in Fluids [40]. 

 

The second category involves optical flow methods based on CNNs. Optical flow [38] techniques leverage the apparent 

motion of brightness patterns in image sequences and additional regularization constraints (e.g., smoothness) to obtain velocity 
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fields. Readers interested in these techniques can refer to the review paper by Heitz et al. [39] on fluid flow measurement with 

optical flow. Cai et al. [40] proposed a modified version of FlowNetS, a CNN-based optical flow model introduced by 

Dosovitskiy et al. [41], to estimate dense velocity fields estimation from PIV images. The algorithm, known as PIV-NetS, is 

trained offline with synthetic images. Figure 2 shows the architecture of FlowNetS and examples of velocity fields reconstructed 

using the proposed optical flow method trained on synthetic data. Cai et al. [42] introduced a modified version of LiteFlowNet 

[43], a more efficient version of FlowNet, for the same purpose. To avoid the requirement of large labeled datasets for training, 

Zhang et al. [44], inspired by the studies of Yu et al. [45] and Meister et al. [46], proposed an unsupervised version of 

LiteFlowNet, named UnLiteFlowNet, in which the training is based on photometric loss (i.e., the difference between the two 

frames and corresponding forward–backward warped images), smoothness, and consistency (the forward flow must be the 

inverse of the backward flow obtained by implementing the sequence backward in time). The main challenges associated with 

CNN-based methods pertain to their generalization and robustness in the presence of noise. To address these issues, Gao et al. 

[47] combined the capabilities of CNNs in achieving high resolution with the robustness of CC against noise. The method, 

referred to as CC-FCN, embodies two inputs, i.e., the particle images and low-resolution field obtained by CC. Lagemann et 

al. [48] proposed an NN-based approach known as recurrent all-pairs field transforms (RAFT) [49]. RAFT is composed of 

three parts: a feature encoder that extracts features on a pixel scale; a correlation layer that produces a four-dimensional 

correlation volume for all pairs of pixels; and (3) an update operator based on convolutional gated recurrent units that iteratively 

updates the flow field. Overall, the abovementioned optical flow approaches based on deep learning have achieved encouraging 

results with enhanced performance metrics in recent years.  

The third category pertains to particle tracking, which has long attracted the interest of researchers as a potential application 

of ML methods. Grayver and Noir [50] explored the use of an ensemble of CNNs to extract the displacement and azimuth of 

streaks in particle streak velocimetry. This approach is particularly relevant, given the increasing use of LEDs for illumination, 

which often leads to streaky particle images owing to the larger exposure time. Furthermore, advancements in recurrent NNs 

(RNNs) in tasks such as time-series forecasting, speech, and handwriting recognition have fostered novel particle-tracking 

concepts. Architectures based on long short-term memory (LSTM) RNNs have been proposed [51][52] to predict particle 

positions given the past trajectory. Liang et al. [53] introduced an architecture based on a modified version of the end-to-end 

scene flow estimator FlowNet3D [54]. FlowNet3D contains three modules: hierarchical point feature learning based on 

PointNet++ [55], flow embedding based on two consecutive views of the point cloud, and upsampling and refinement. The 

authors modified the original algorithm to incorporate a convection architecture to iteratively enhance particle matching and 

refine the flow field.  

In general, advances in computer vision are showing potential to improve PIV-based image analysis, especially the 

emergence of deep NN end-to-end motion estimators that use image sequences. Although NNs have been mainly used for 

feature matching in the last two decades, architectures based on CNNs have fueled innovation in the last five years, and 

continuous progress in computer vision is expected to promote the development of novel algorithms. Nevertheless, the 

significant challenges of blending ML methods with particle-based measurements must be addressed. The most relevant barrier 

to be overcome is the generalization of these approaches: How can the robustness of ML-based algorithms in experiments be 

enhanced if the training is based solely on synthetic images? A potential solution is to incorporate physical laws in the process 

to enhance the flow prediction. Moreover, probabilistic NNs that can directly estimate the uncertainty in addition to the velocity 

fields represent an interesting pathway. 

3.1.2 Three-dimensional PIV with NNs  
Recently, researchers have attempted to embed robust image-processing tools from the computer vision domain to extend 

PIV to 3D. The reconstruction of 3D particle distributions and/or flow features from a finite set of two-dimensional projections 

of particle images is a challenging task that is typically realized using robust object identification and/or unambiguous mapping 

to 3D. The exploitation of ML methods has opened promising avenues in this domain. The most recent approaches can be 

divided into the following three categories.  

The first category aims to enhance the reconstruction of particles in the classic multi-camera arrangement used in 

tomographic PIV and LPT. Gim et al. [56] proposed the use of a shallow neural network to reconstruct 3D particle positions 

for particle tracking instead of performing traditional line-of-sight-based particle triangulation. The main advantage ise the 

reduced computational cost. Using algebraic reconstruction techniques in tomography, Gao et al. [57] introduced a 3D CNN to 

regularize the output intensity distribution of a multiplicative line-of-sight framework [58]. This network is trained to minimize 

the backprojection error, and it can outperform two-frame reconstruction based on a spatial-filtered version [59] of the 

multiplicative algebraic reconstruction technique (MART, [60]). Liang et al. [61] indicated that the MART tomographic 
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reconstruction can be filtered using an encoder–decoder CNN to suppress ghost particles and regularize the reconstructed 

particle shape. 

The second category pertains to the feature-based 3D reconstruction of particle images, for instance, in astigmatism PIV 

[62][63] and holographic PIV [64][65]. König et al. [66] used a cascaded DNN for particle detection and position estimation 

in astigmatism PIV. Although the DNN exhibits a higher error for the depth position than classical evaluation methods in 

synthetic test cases, the uncertainty is comparable to that in the experimental results. The authors argued that classical 

techniques tend to perform worse when the experimental conditions are inconsistent with the assumptions incorporated in such 

methods, whereas DNNs directly use the particle images for training. Several other approaches have been proposed to address 

problems related to particle overlap and low intensity [67]. Barnkob et al. [68] systematically compared the particle image 

model functions (based on shape or edge detection), normalized CC between measured particle images, and reference templates 

from optical calibration and DNNs to decode the depth position of particles from the defocusing patterns. The results showed 

that DNN-based methods are not adequately mature, but the fast-paced progress of ML may change this landscape in the near 

future. In the case of holographic PIV, most of the efforts have been focused on exploiting the existing CNN architectures to 

reconstruct particle images from holograms. In recent studies [69][70], U-net, a CNN architecture for medical image 

segmentation [71][72], was used to accomplish this task. The abovementioned methods can outperform state-of-the-art 

conventional reconstruction methods for holograms. However, the flow-field estimation capabilities of these approaches remain 

to be assessed. 

In the third category, physical constraints are introduced in the reconstruction process. Most recent approaches use physics-

informed NNs (PINNs, [73]) that are trained to minimize a loss function based on the residual of the governing equations of 

the problem. The potential of PINNs in regularizing the tomographic reconstructions of scalar quantities from a limited set of 

projections [74][75] has been demonstrated, and these architectures are expected to undergo significant development in the 

near future. Given the widespread use of PINNs to increase the data reach instead of enhancing the tomographic reconstruction 

quality, Section 3.4.2 further discusses their implications. 

In summary, the influence of ML techniques on 3D PIV is gradually becoming significant. The robust feature extraction 

capabilities of existing architectures and simplicity in adding constraints (based on either the consistency of projections or 

physics-based regularization) are expected to drive future research in this direction.  

3.2 Spatial resolution enhancement through ML 

Standard PIV techniques exhibit limited resolution owing to the spatial averaging of the particle data. Thus, super-resolution 

is a research hotspot in the PIV community. Super-resolution capabilities can increase the dynamic range and enable the 

complete resolution of the turbulent scales. This requirement becomes stricter as the Reynolds number increases [76]. Recent 

years have witnessed significant progress in super-resolution has made giant leaps in the last years thanks to deep learning, thus 

such progresses are expected to flow (and are currently flowing) to the PIV field. The critical concern in this case, which differs 

fundamentally from those of conventional spatial interpolations, is the involvement of fine-scale information in the learning 

database. In early studies, POD was widely used to transfer the information from a precursor database to new complemented 

flow vectors. With the development of artificial-intelligence techniques, ML has emerged as a power train, not only because of 

the algorithmic flexibility but also its ability to enhance the flow dynamic features.  

PIV super-resolution reconstruction typically relies on building a database containing rich small-scale information. POD or 

ML techniques can create a mapping between this database and the flow measurements to be enhanced. Gunes and Rist [77] 

developed a direct numerical simulation (DNS)-based technique for the super-resolution reconstruction of stereo-PIV 

measurements in a transitional boundary layer flow. The main hypothesis was that the POD modes computed using the DNS 

data exhibit a high spatial resolution and contain abundant fine-scale flow structures. The time-varying mode coefficients were 

determined by cross-projecting the instantaneous PIV measurements onto the POD modes. Notably, this approach requires 

precise DNS data with a consistent flow configuration. Furthermore, the availability of comprehensive DNS data may raise 

questions regarding the need for conducting PIV experiments. Considering these aspects, He and Liu [78] used high-resolution 

(HR) pulsed PIV data instead of DNS data to establish the super-resolution database. The coefficients were computed by 

projecting the low-resolution (LR) time-resolved (TR) PIV fields onto the HR POD modes. This approach can be applied in 

most flow conditions by increasing the resolution to the standard double-pulse (shortened to “pulsed” henceforth) PIV level 

without the loss of high sampling frequency, after performing the HR pulsed PIV and LR TR-PIV on the same flow.  
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Figure 3 Top: Schematic of the multiple temporal paths convolutional neural network (MTPC). Bottom: Comparison of the low-resolution, 
bicubic interpolations, static convolutional neural network (SCNN), MTPC, and DNS results of turbulent channel flow with the resolution 
upsampling factor r = 4. Reprinted from [81], with the permission of AIP Publishing. 

POD approaches must transfer the small-scale information between HR and LR fields during cross-projection. In this case, 

part of the small scales may be lost even if least-squares fine-to-coarse mapping is performed [78]. By establishing a dataset 

using the method described above, ML techniques can be used to achieve super-resolution using different frameworks, for 

example, GANs [17]. As mentioned above, GANs consist of (generally DNNs): generator G and discriminator D. Agent G is 

fed by LR fields and trained to generate HR fields that are as similar as possible to the ground truth (typically, a simultaneously 

measured HR dataset), whereas D is trained to distinguish the generated HR fields from the original fields. After sufficient 

training, D cannot distinguish the output results from the ground truth, which means that G can generate high-fidelity HR fields. 

Deng et al. [79] proposed a general strategy using the super-resolution GAN (SRGAN, [80]) and enhanced SRGAN, with deep 

NNs to enhance the system performance by allowing complex mappings. The generator is trained using the LR fields and their 

corresponding HR counterparts to learn the relationship between these entities. Unlike this static CNN (SCNN) approach, in 

which only the individual instantaneous LR snapshots is used as the input, a multiple temporal paths CNN (MTPC) [81] can 

simultaneously consider spatial and temporal information by using a time series of LR velocity fields as the input. The 
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hypothesis behind this approach is that the turbulent processes are nonlocal in both time and space. Figure 3 schematically 

illustrates the MTPC and a comparison of the LR, bicubic interpolations, SCNN, MTPC, and DNS fields of a turbulent channel 

flow at a resolution upscaling factor equal to 4. The MTPC consists of three temporal paths and a weight path. Each temporal 

path consists of a feature extraction module and reconstruction module, and the weight path concatenates all the features 

extracted in the temporal paths as the input of the reconstruction module. Liu et al. [81] reported that the MTPC cannot exactly 

reproduce the spatial structures with a kinetic energy several orders of magnitude smaller than the total energy or and showed 

the limits in recovering precisely recover all the physical properties associated with the anisotropic turbulence.  

Recently, Fukami et al. [82] incorporated sparse sensor data in a CNN by using a Voronoi tessellation to obtain a structured 

representation. This process can in principle be applied to vector data extracted by PTV. In these approaches, the CNN estimator 

requires complete HR fields for training. 

 

 

 

Figure 4 Process flow of the data-enhanced PTV proposed by Cortina-Fernandez et al. [83]. Reprinted from [83] with permission from Elsevier. 

Although ML-based super-resolution methods have achieved promising results, labeled HR data are required for training. 

which is the widest source of criticism and the largest limitation for their application and generalization ability. In practice, the 

training database already contains all the data that we want to produce using either POD reconstruction [77] or ML techniques 

[79][81][82]. Therefore, subsequent research is expected to be focused on eliminating the requirement of labeled LR–HR pairs, 

and several encouraging results have already been obtained. Cortina-Fernandez et al. [83] leveraged gappy POD for super-

resolution reconstruction, using a principle similar to that of ensemble PTV. The process flow of this algorithm is shown in 

Figure 4. The original LR fields are used to compute a POD temporal basis. The POD coefficients are cross-projected onto the 

PTV fields obtained on the same images to obtain the HR POD spatial modes. Super-resolution is thus realized by the 

reconstruction based on the POD time coefficients from the LR dataset and HR POD spatial modes. The novelty of this approach 

is that an HR dictionary is not required in advance, and super-resolution is achieved through direct construction based on the 

PIV snapshots and particle images. This framework endows flexibility in application to measurement data in settings in which 

benchmarks are not available. This strategy can also be applied with ML techniques. Güemes et al. [84] proposed a randomly 

seeded super-resolution GAN (RaSeedGAN) to produce HR fields, with the input and output being LR flow fields and sparse 
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PTV measurements, respectively. The principle is that the particles directly sample the HR field with minimal spatial filtering, 

and thus, the PTV data provide incomplete (a.k.a. gappy) views of the underlying HR fields.  

Although ML has emerged as a promising tool in image and multimedia super-resolution processing in recent years 

[85][86][87][88], its application to fluid mechanics remains challenging. ML super-resolution techniques have been preliminary 

applied in the turbulence community, but large databases are required for training. Moreover, the weak generalization properties 

of ML models bring certain resistance to wide application. The use of existing and easily accessible data in the training process 

instead of a full set database can help introduce new paradigms in the fluid measurement community.  

3.3 Temporal resolution enhancement (TRE) 

TRE is a key aspect in PIV measurements owing to the limited sampling frequency of the hardware. TRE is analogous to the 

frame interpolation procedure, which is commonly used in computer vision and video processing [89][90][91][92]. However, 

achieving TRE in flow measurement scenarios is challenging owing to the high dimensionality of turbulence and its direct link 

to physical constraints, as TRE is not simply aimed at achieving reasonably realistic time dynamics but instead reflecting real 

physics laws.  

TRE is typically achieved by introducing an advection model [93][94][95]. Nearly all data-driven TRE strategies are based 

on flow reconstruction using high-frequency probe signals. In recent approaches, ML methods have been used to estimate the 

time dynamics, with roots pertaining to linear stochastic estimation (LSE, [96]) and extended POD (EPOD, [97]). We briefly 

describe LSE as a solid start for ML, which has experienced rapid development in the last five years.  

The nonlocal properties of turbulent flows represent the foundation of LSE for TRE. Discrete probes, which are inexpensive 

and can realize high-frequency-sampling measurements, capture not only the temporal information but also (partially) the 

spatial information in flow fields. In POD-based approaches, LSE was typically performed over single-/multipoint 

measurements and POD coefficients of the synchronized PIV measurements to estimate the time-varying LSE-POD coefficients 

[98][99][100]. The spatiotemporally varying low-order flow field was reconstructed using the first most energetic POD mode 

and estimated coefficients. This process was later improved by using the multi-time-delay LSE-POD approach and Kalman 

smoother [101][102][103]. This approach relies on the coupling mechanism between the time-accurate information of the 

pointwise quantity and flow fields and is suitable for flows with compact POD spectra, such as periodic or quasi-periodic flows. 

The resultant time-resolved flow fields are built targeting the energetic large-scale flow structures represented by the leading 

POD modes. Notably, this approach is prone to overfitting as it amplifies the singular eigenvalues with small amplitudes. 

Recently, Podvin et al. [104] proposed a new variant of the LSE technique in which overfitting is prevented through the direct 

mapping of the POD amplitudes from the measurement space to the state space. This method has been successfully applied in 

the flow reconstruction of a turbulent boundary layer.  

Hosseini et al. [105] proposed a multi-time-delay embedding, assuming explicitly that the temporal information collected by 

the probes contains spatial information in the case of advection-dominated flows. This procedure is known in meteorology as 

multichannel singular spectrum analysis [106]. Discetti et al. [107] extended this work by introducing a robust truncation 

criterion to remove the uncorrelated part of the signal from the reconstructed flow fields. This LSE approach can manage 

turbulent flows without any dominant shedding frequency and reduce the time jittering in the rebuilt history of the time 

coefficients.  

Notably, a connatural limitation still exists in the LSE when the number of high-frequency probes is considerably smaller 

than the degree-of-freedom of the flow fields. This aspect limits the number of POD modes that can be used in the LSE 

reconstruction and may induce errors in amplitude computation. This limitation becomes significant when the flow is broadband 

and the leading POD modes contain a small amount of kinetic energy. Therefore, He and Liu [108] used a data assimilation 

technique to recover the high-order dynamic features of the separated flow from the reduced-order noisy LSE reconstruction. 

This model-based data-driven prediction strategy combined the measurement data and predictive model and could reproduce 

dynamic information that was initially absent in the measurement data. Recently, Chen et al. [109] have demonstrated that TRE 

based on a combination of fast probes and non-time-resolved PIV can enable the estimation of derivative quantities such as the 

pressure field. 
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Figure 5 Top: Architecture of the LSTM-based POD model. Bottom: Time-series of the coefficients in different POD modes calculated using 
different LSTM model structures. Coefficients of mode (a) 1, (b) 5, (c) 10, (d) 25, (e) 40, and (f) 50 [110]. Reprinted from [110], with the 
permission of AIP Publishing. 

With the rapid spreading of ML methods, numerous studies on TRE based on DNN architectures have been conducted in the 

last three years. Unlike LSE and EPOD, which are linear techniques, ML can introduce nonlinear mappings, enabling the 

exploitation of the relation between the time-resolved probe data and non-time-resolved field data. Deng et al. [110] 

reconstructed the time-resolved turbulent flow from high-frequency discrete point measurements and non-time-resolved PIV 

data by using an LSTM NN. An LSTM [111] is a type of RNN designed to prevent the NN output for a given input from either 

decaying or exploding as it cycles through the feedback loops. LSTMs outperform other RNN architectures by alleviating the 

vanishing gradient problem. Figure 5 shows the architecture of the LSTM-based POD model built to learn the relationship 

between the downsampled velocity signals and POD coefficients of the PIV data. The time-resolved POD coefficients were 

estimated by feeding the LSTM with high-frequency velocity signals. The results demonstrated that the LSTM-based POD 

model can realize time-series reconstruction by successfully recovering the temporal evolution of the POD coefficients for even 

high-order POD modes. Giannopoulos and Aider [112] used a fully connected focused time-delay neural network (FTDNN) 

for reduced-order system identification using local upstream probes. FTDNN is a standard feedforward architecture including 

a tapped constant time-delay in the input. This model predicts the global instantaneous flow fields without requiring time-

consuming full-field decompositions and intrusive measurement devices. Jin et al. [113] noted that the time sequence of the 

velocity contained information regarding the spatial distribution of velocity. In other words, the time sequence of the velocities 

in the spatial domain could be replaced by a time series of the velocity to alleviate the ill-conditioned problem in TRE 

reconstruction. Consequently, bidirectional RNNs with gated recurrent units were designed to learn the time-resolved POD 

coefficients of the first few modes based on both PIV and probe measurement data. This approach achieved higher accuracy 

than the extended POD, especially in cases involving large Reynolds numbers and high-order coefficients. 
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Overall, both LSE and ML techniques for TRE rely on dimensionality reduction of the flow-field features to simplify training. 

At present, POD is the most commonly used approach. ML-based dimensionality-reduction architectures, such as convolutional 

autoencoders, are promising candidates to enhance the robustness of TRE based on probe data. Owing to the nonlinear 

properties of NNs, ML techniques generally yield more accurate results than LSE, but their training process is computationally 

intensive and requires large databases. Alternative POD-based TRE strategies can be established using least-squares regression 

or compressed sensing [114], but with similar high-order mode truncation. Model-based assimilation can be performed using 

the advection equation [115] or Navier–Stokes (N–S) equations [108]. These approaches are expected to recover rich turbulent 

structures without sharp truncation. Future work can be focused on developing novel ML-based TRE approaches, for example, 

by combining data assimilation with predictive models.  

 

3.4 PIV data enhancement  

Data enhancement includes data augmentation, i.e. the process of artificially increasing the amount of data by generating 

new data from existing data, and data improvement by reducing the error and noise of the original dataset. This section describes 

the ML methods for flow-field filtering, outlier correction, and increasing the data reach by enforcing physical constraints.  

3.4.1 Filtering and outlier correction 

The flow fields measured by PIV/PTV contain both systematic and random errors. Systematic errors attributable to the finite 

spatial resolution represent an intrinsic limitation of the processing algorithm and can be alleviated by using advanced 

processing techniques. Random errors can be mitigated through filtering, albeit at the expense of the spatial resolution. Another 

source of error is the presence of outliers, which are vectors that are significantly different from the surrounding vectors,  

resulting from the local failure of the image processing algorithm. Although median validation is am established process for 

isolated outlier removal, the removal of cluster of outlier vectors represents a challenge.  

To address random errors, data-driven methods have been widely used for the feature-oriented filtering of PIV data. POD, 

as a valuable tool for noise reduction, exploits the truncation when discarding the high-order mode in the reconstruction. In this 

context, determining the threshold for the truncation is important. Several criteria for mode selection have been proposed based 

on POD truncation [116][117][118][119], such as singular value decay, signal-to-noise ratio, and intrinsic errors of PIV 

measurements. The objective is to minimize the PIV noise while retaining the kinetic energy of the real velocity fluctuations 

in the flow. POD-based filtering approaches outperform the commonly used constant energy rejection criterion in POD 

reconstruction (for example, using the leading POD modes containing 95% of the total kinetic energy) and standard frequency-

based filtering. However, the spatial modes selected for reconstruction are sensitive to noise, as they are computed from the 

original noisy data. In this context, filtering processes directly imposed on the PIV algorithm or fusions of flow governing 

equations [120] are more promising alternatives to address random errors.  

Outlier detection is widely performed using the statistics of the surrounding vectors, such as the local mean and local median 

[121][122]. However, these methods may lead to misdetections when spurious vectors are present in the neighborhood. Raben 

et al. [123] introduced a gappy POD procedure to replace the identified outliers. In this process, reconstruction was performed 

using a large number of modes, and the stopping criterion was based on the field smoothness. Wang et al. [124] proposed a 

POD-based outlier correction method (POD-OC) to dynamically approximate the original pure velocity field. This method 

reconstructed a reference velocity field using low-order POD modes to detect and correct outliers. POD-OC could not only 

efficiently identify the scattered spurious vectors but also detect and correct the clustered vectors. Although POD provides a 

principled approach to decompose a high-dimensional fluid flow into a hierarchy of orthogonal modes, the least-squares 

regression underlying these approaches is susceptible to outliers and gappy data.  

Scherl et al. [125] proposed a robust principal component analysis (RPCA) for the model decomposition of corrupt fluid 

flows. Figure 6 schematically illustrates the RPCA filtering framework applied to corrupt flow-field data to remove noise and 

outliers in the flow past a cylinder. The RPCA uses sparse optimization to separate a data matrix into a low-rank matrix 

containing correlated structures and a sparse matrix containing spurious entries and is thus a promising method for outlier 

detection and correction in PIV measurements.  
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Figure 6 Top: Schematic of RPCA filtering applied to corrupt flow-field data. L is the low-rank matrix containing correlated structures, while 
S is the matrix containing sparse entries. Bottom: RPCA filtering removes noise and outliers in the flow past a cylinder (black circle) from 
DNS (left) with 10% of the velocity field measurements corrupted with salt-and-pepper noise and PIV measurements (right). All frames 
show the resultant vorticity fields. As the parameter λ decreases, the RPCA filtering becomes more aggressive, eventually incorrectly 
identifying coherent flow structures as outliers [125]. Reprinted from [125] under CC BY 4.0 license. 

The limited use of DNN architectures for postprocessing of PIV data can be explained by the wider margin of improvements 

that can be achieved by directly embedding ML in the processing stage. The large number of solutions explored in this direction 

(Section 3.1) are a direct consequence of the availability of off-the-shelf solutions for image processing tools in the computer 

vision domain. Although advancements in data regularization are foreseeable, we envision stronger efforts in developing data 

augmentation techniques based on physical principles, as described in the following section.  

3.4.2 Increasing the data reach 

In complex geometries, harsh flow conditions, and difficult optical access for laser illumination and image acquisition, 

PIV/PTV measurements may be severely flawed. Data corruption can manifest as data gappiness (for instance, because of non-

uniform seeding or illumination source shadows) or the measurement of flow features that are highly discrepant with physical 

laws.  

Several data-driven methods for repairing gappiness are based on mode decompositions such as gappy POD [123] and data 

fusion [126]. These approaches establish a global modal base that can be used for the gappy flow reconstruction using mode 

coefficients computed from the local flows. Bui-Thanh et al. [127] applied gappy POD to the flow around an airfoil and showed 

that the flow field could be successfully reconstructed from snapshots with 30% data missing. However, the gappy POD 

assumes that the missing portions are randomly distributed in different snapshots, and thus, it cannot be applied in situations in 

which the missing region is fixed (e.g., in the presence of a shadow owing to illumination obstruction). Data fusion [126] can 

address these fixed missing regions by acquiring multiple datasets with different camera layouts. Among the recent trends in 

reconstruction based on ML, its application to field repairing is particularly interesting. Morimoto et al. [128] proposed a CNN 

model to estimate the velocity fields from particle images with missing regions. Figure 7 presents an overview of the ML-based 

experimental flow data estimation. The authors used artificial particle images as the input data (mimicking the PIV images), 

and the output data were the velocity fields. Notably, labeled data for training were provided through DNS, and thus, the method 

could be applied only low Reynolds number flows. The CNN model estimated the velocity fields with considerably denser data 
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than those processed using the conventional CC method and could obtain finer and hidden structures of the flow field that could 

not be resolved using the conventional CC method.  

 

 
Figure 7 Overview of the machine-learning-based experimental flow data estimation. (a) Preparation of training data set. The artificial 
particle image (API) at time instant qr is generated by randomly distributing particles. The API with time increment q‘ can be obtained using 
the velocity data uDNS. (b) Schematic of the API used for the input to the machine-learning model, q = qr + q‘. (c) Training of machine-learning 
model F for full data. Reprinted from [128], with the permission of AIP Publishing.   

 
Figure 8 Architecture of a PINN. The inputs are space coordinates X = (x;y;z) and time t, and the outputs are velocity U = (u;v;w), and pressure 
p. The physical laws are represented by incompressible N–S equations and expressed using automatic differentiation operators [132]. 
Reprinted from [132], with the permission of AIP Publishing.  

 

ML techniques have also brought new impetus for PIV data augmentation by enforcing physical constraints. PINNs [73] are 

architectures trained to estimate the flow quantities by adding the known differential equations directly into the loss function 

during training. PINNs can predict solutions located between experimental data points and do not need labeled data. Therefore, 
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the performance of these architectures is expected to be superior to those of simple DNN flow estimators. PINNs have been 

used to reconstruct the velocity and pressure distributions from flow visualizations [129] or to solve the incompressible N–S 

equations based on the velocity–pressure and velocity–vorticity forms [130][131]. Cai et al. [75] used PINNs to infer the full 

3D velocity and pressure fields from snapshots of 3D temperature fields obtained by tomographic background-oriented 

schlieren imaging. The PINNs could integrate the governing equations and temperature data, similar to adjoint-based data 

assimilation methods [120]. Wang et al. [132] used a PINN to reconstruct dense velocity fields with considerably lower noise 

levels than those of sparse tomography PIV data and to predict the pressure fields. Figure 8 shows a classical architecture of 

PINNs for velocity and pressure reconstruction with space coordinates and time. Although PINNs cannot replace traditional 

methods at present owing to the large training cost and limited accuracy, they represent a novel data assimilation approach and 

have received increasing attention in the fluid community.  

4 Discussion and conclusions 

This perspective summarizes the advancements in data-driven and ML methods to enhance flow-field measurements. Recent 

years have witnessed widespread emergence of approaches based on ML techniques. This progress is expected to continue in 

subsequent years given the potential impact of ML in several branches of science and technology, and especially the growing 

interest of the fluid measurement community. The characteristic time between the innovation chain of computer vision and 

fluid flow measurements through optical techniques has been significantly shortened. 

In our perspective, we envision the following challenges in the future development of ML methods of fluid flow 

measurements: 

▪ Alleviating the need for labeled training data. Several approaches for fundamental tasks such as spatiotemporal 

resolution enhancement, image processing, and data corruption mitigation require labeled training data, which 

cannot be acquired in most practical cases. When these data are available, the need for advanced processing is 

reduced or eliminated. Efforts to develop unsupervised or semi-supervised approaches have been made, and we 

expect further research in this direction. Fluid-targeted design of processing techniques based on ML is expected 

to have more disruptive potential than the direct application of ML tools to fluid measurements.  

▪ Improving generalizability and robustness. ML methods are often criticized for their poor capability of generalizing 

beyond the training dataset or training conditions. This issue is not novel for developers of PIV/PTV algorithms. 

The generation of synthetic images that are representative of the real experimental conditions has been a 

longstanding challenge. For ML-based methods the problem has transformed to the development of robust test 

cases and establishment of novel standards to be accepted and shared by the community. Joint efforts such as the 

PIV Challenge [133] might play an important role in this direction in the future.  

▪ Understanding and quantifying the resolution and accuracy limitations. The backbone of PIV and PTV is a 

consolidated elegant theory that allows the prediction of the resolution limits with analytical tools. In the recent 

decade, the uncertainty estimation of PIV has reached a mature state, with an arsenal of techniques now available 

for direct use and uncertainty propagation. ML methods introduce a novel degree of complexity, which necessitates 

the development of tools to estimate the limits of the processing algorithms. Physical consistency is expected to be 

a key player in this process. 

▪ Bridge the gap between measurement and data analysis. Although measurement science in fluid mechanics has 

been traditionally targeted to obtain high-fidelity as-complete-as-possible data for flow characterization, the 

portfolio of ML tools opens the scenario to different approaches, directly targeting to data reduction embedded in 

the process.  

5 Acknowledgments 

Stefano Discetti acknowledges funding from the European Research Council (ERC) under the European Union’s Horizon 

2020 research and innovation programme (grant agreement No 949085). Yingzheng Liu acknowledges financial support from 

the National Natural Science Foundation of China (11725209).  

6 References 

[1] Discetti, S. and Coletti, F., 2018. Volumetric velocimetry for fluid flows. Measurement Science and Technology, 29(4), p. 042001. 

[2] Scarano, F., 2012. Tomographic PIV: principles and practice. Measurement Science and Technology, 24(1), p. 012001. 

[3] Schanz, D., Gesemann, S. and Schröder, A., 2016. Shake-the-box: Lagrangian particle tracking at high particle image densities. 

Experiments in Fluids, 57(5), pp. 1-27. 



Measurement Science and Technology Discetti & Liu  

 

 15  
 
 

[4] Willert, C., 1997. Stereoscopic digital particle image velocimetry for application in wind tunnel flows. Measurement Science and 

Technology, 8(12), p. 1465. 

[5] Adatrao, S. and Sciacchitano, A., 2019. Elimination of unsteady background reflections in PIV images by anisotropic diffusion. 

Measurement Science and Technology, 30(3), p. 035204. 

[6] Sciacchitano, A. and Scarano, F., 2014. Elimination of PIV light reflections via a temporal high pass filter. Measurement Science and 

Technology, 25(8), p. 084009. 

[7] Gui, L., 1997. Evaluation of low image density recordings with the MQD method and application to the flow in a liquid bridge. Journal 

of Flow Visualization & Image Processing, 4, pp. 333-343. 

[8] Wereley, S.T., Gui, L. and Meinhart, C.D., 2002. Advanced algorithms for microscale particle image velocimetry. AIAA Journal, 40(6), 

pp. 1047-1055. 

[9] Shavit, U., Lowe, R.J. and Steinbuck, J.V., 2007. Intensity capping: a simple method to improve cross-correlation PIV results. 

Experiments in Fluids, 42(2), pp. 225-240. 

[10] Meyer, K.E. and Westerweel, J., 2000. Advection velocities of flow structures estimated from particle image velocimetry measurements 

in a pipe. Experiments in Fluids, 29(1), pp. S237-S247. 

[11] Mendez, M.A., Raiola, M., Masullo, A., Discetti, S., Ianiro, A., Theunissen, R. and Buchlin, J.M., 2017. POD-based background 

removal for particle image velocimetry. Experimental Thermal and Fluid Science, 80, pp. 181-192. 

[12] Oliver, N.M., Rosario, B. and Pentland, A.P., 2000. A Bayesian computer vision system for modeling human interactions. IEEE 

Transactions on Pattern Analysis and Machine Intelligence, 22(8), pp. 831-843. 

[13] Vennemann, B. and Rösgen, T., 2020. A dynamic masking technique for particle image velocimetry using convolutional autoencoders. 

Experiments in Fluids, 61(7), pp. 1-11. 

[14] Kramer, M.A., 1991. Nonlinear principal component analysis using autoassociative neural networks. AIChE Journal, 37(2), pp. 233-

243. 

[15] Elsinga, G.E., van Oudheusden, B.W. and Scarano, F., 2005, August. The effect of particle image blur on the correlation map and 

velocity measurement in PIV. In Optical Diagnostics (Vol. 5880, pp. 291-302). SPIE. 

[16] Oh, J.S., Lee, H. and Hwang, W., 2021. Motion blur treatment utilizing deep learning for time-resolved particle image velocimetry. 

Experiments in Fluids, 62(11), pp. 1-16. 

[17] Goodfellow, I., Pouget-Abadie, J., Mirza, M., Xu, B., Warde-Farley, D., Ozair, S., Courville, A. and Bengio, Y., 2014. Generative 

adversarial nets. Advances in Neural Information Processing Systems, 27. 

[18] Gao, Z., Radner, H., Büttner, L., Ye, H., Li, X. and Czarske, J., 2021. Distortion correction for particle image velocimetry using 

multiple-input deep convolutional neural network and Hartmann-Shack sensing. Optics Express, 29(12), pp. 18669-18687. 

[19] Teo, C.L., Lim, K.B., Hong, G.S. and Yeo, M.H.T., 1991, October. A neural net approach in analyzing photograph in PIV. In 

Conference Proceedings 1991 IEEE International Conference on Systems, Man, and Cybernetics (pp. 1535-1538). IEEE. 

[20] Cenedese, A., Romano, G.P., Paglialunga, A. and Terlizzi, M., 1992. Neural net for trajectories recognition in a flow. In Sixth 

International Symposium on Applications of Laser Techniques to Fluid Mechanics (pp. 27-1). 

[21] Grant, I. and Pan, X., 1995. An investigation of the performance of multi layer, neural networks applied to the analysis of PIV images. 

Experiments in Fluids, 19(3), pp. 159-166. 

[22] Knaak, M., Rothlubbers, C. and Orglmeister, R., 1997, June. A Hopfield neural network for flow field computation based on particle 

image velocimetry/particle tracking velocimetry image sequences. In Proceedings of International Conference on Neural Networks 

(ICNN’97) (Vol. 1, pp. 48-52). IEEE. 

[23] Labonté, G., 1999. A new neural network for particle-tracking velocimetry. Experiments in Fluids, 26(4), pp. 340-346. 

[24] Chen, P.H., Yen, J.Y. and Chen, J.L., 1998. An artificial neural network for double exposure PIV image analysis. Experiments in Fluids, 

24(5), 373-374. 

[25] Carosone, F., Cenedese, A. and Querzoli, G., 1995. Recognition of partially overlapped particle images using the Kohonen neural 

network. Experiments in Fluids, 19(4), pp. 225-232. 

[26] G Grant, I. and Pan, X., 1997. The use of neural techniques in PIV and PTV. Measurement Science and Technology, 8(12), p. 1399. 

[27] Hassan, Y.A. and Philip, O.G., 1997. A new artificial neural network tracking technique for particle image velocimetry. Experiments 

in Fluids, 23(2), pp. 145-154. 

[28] Pereira, F., Stüer, H., Graff, E.C. and Gharib, M., 2006. Two-frame 3D particle tracking. Measurement Science and Technology, 17(7), 

p. 1680.  

[29] Ouellette, N.T., Xu, H. and Bodenschatz, E., 2006. A quantitative study of three-dimensional Lagrangian particle tracking algorithms. 

Experiments in Fluids, 40(2), pp. 301-313. 

[30] Ohmi, K. and Sapkota, A., 2006, July. Particle tracking velocimetry using cellular neural network. In the 2006 IEEE International Joint 

Conference on Neural Network Proceedings (pp. 3963-3969). IEEE. 

[31] Ohmi, K., 2008. SOM-based particle matching algorithm for 3D particle tracking velocimetry. Applied Mathematics and Computation, 

205(2), pp. 890-898. 

[32] Ohmi, K., Panday, S.P. and Sapkota, A., 2010. Particle tracking velocimetry with an ant colony optimization algorithm. Experiments 

in Fluids, 48(4), pp. 589-605. 

[33] Bendicks, C., Tarlet, D., Roloff, C., Bordás, R., Wunderlich, B., Michaelis, B. and Thévenin, D., 2011. Improved 3-D particle tracking 

velocimetry with colored particles. Journal of Signal and Information Processing, 2(02), p. 59. 



Measurement Science and Technology Discetti & Liu  

 

 16  
 
 

[34] Lee, Y., Yang, H. and Yin, Z., 2017. PIV-DCNN: cascaded deep convolutional neural networks for particle image velocimetry. 

Experiments in Fluids, 58(12), pp. 1-10. 

[35] Sun, Y., Wang, X. and Tang, X., 2013. Deep convolutional network cascade for facial point detection. In Proceedings of the IEEE 

Conference on Computer Vision and Pattern Recognition (pp. 3476-3483). 

[36] Rabault, J., Kolaas, J. and Jensen, A., 2017. Performing particle image velocimetry using artificial neural networks: a proof-of-concept. 

Measurement Science and Technology, 28(12), p. 125301. 

[37] Morrell, M.C., Hickmann, K. and Wilson, B.M., 2021. Particle image velocimetry analysis with simultaneous uncertainty quantification 

using Bayesian neural networks. Measurement Science and Technology, 32(10), p. 104003. 

[38] H Horn, B.K. and Schunck, B.G., 1981. Determining optical flow. Artificial intelligence, 17(1-3), pp. 185-203. 

[39] Heitz, D., Mémin, E. and Schnörr, C., 2010. Variational fluid flow measurements from image sequences: synopsis and perspectives. 

Experiments in Fluids, 48(3), pp. 369-393. 

[40] Cai, S., Zhou, S., Xu, C. and Gao, Q., 2019. Dense motion estimation of particle images via a convolutional neural network. Experiments 

in Fluids, 60(4), pp. 1-16. 

[41] Dosovitskiy, A., Fischer, P., Ilg, E., Hausser, P., Hazirbas, C., Golkov, V., Van Der Smagt, P., Cremers, D. and Brox, T., 2015. Flownet: 

Learning optical flow with convolutional networks. In Proceedings of the IEEE International Conference on Computer Vision (pp. 

2758-2766). 

[42] Cai, S., Liang, J., Gao, Q., Xu, C. and Wei, R., 2019. Particle image velocimetry based on a deep learning motion estimator. IEEE 

Transactions on Instrumentation and Measurement, 69(6), pp. 3538-3554. 

[43] Hui, T.W., Tang, X. and Loy, C.C., 2018. Liteflownet: A lightweight convolutional neural network for optical flow estimation. In 

Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition (pp. 8981-8989). 

[44] Zhang, M. and Piggott, M.D., 2020, June. Unsupervised learning of particle image velocimetry. In International Conference on High 

Performance Computing (pp. 102-115). Springer, Cham. 

[45] Yu, J.J., Harley, A.W. and Derpanis, K.G. 2016, October. Back to basics: Unsupervised learning of optical flow via brightness 

constancy and motion smoothness. In European Conference on Computer Vision (pp. 3-10). Springer, Cham. 

[46] Meister, S., Hur, J. and Roth, S., 2018, April. Unflow: Unsupervised learning of optical flow with a bidirectional census loss. In 

Proceedings of the AAAI Conference on Artificial Intelligence (Vol. 32, No. 1).  

[47] Gao, Q., Lin, H., Tu, H., Zhu, H., Wei, R., Zhang, G. and Shao, X., 2021. A robust single-pixel particle image velocimetry based on 

fully convolutional networks with cross-correlation embedded. Physics of Fluids, 33(12), p. 127125.  

[48] Lagemann, C., Lagemann, K., Mukherjee, S. and Schröder, W., 2021. Deep recurrent optical flow learning for particle image 

velocimetry data. Nature Machine Intelligence, 3(7), pp. 641-651. 

[49] Teed, Z. and Deng, J., 2020, August. Raft: Recurrent all-pairs field transforms for optical flow. In European Conference on Computer 

Vision (pp. 402-419). Springer, Cham. 

[50] Grayver, A.V. and Noir, J., 2020. Particle streak velocimetry using ensemble convolutional neural networks. Experiments in Fluids, 

61(2), pp. 1-12. 

[51] Mallery, K., Shao, S. and Hong, J., 2020. Dense particle tracking using a learned predictive model. Experiments in Fluids, 61(10), pp. 

1-14. 

[52] Yao, Y., Smal, I., Grigoriev, I., Akhmanova, A. and Meijering, E., 2020. Deep-learning method for data association in particle tracking. 

Bioinformatics, 36(19), pp. 4935-4941. 

[53] Liang, J., Cai, S., Xu, C., Chen, T. and Chu, J., 2021. DeepPTV: particle tracking velocimetry for complex flow motion via deep neural 

networks. IEEE Transactions on Instrumentation and Measurement, p. 5010616. 

[54] Liu, X., Qi, C.R. and Guibas, L.J., 2019. Flownet3D: Learning scene flow in 3D point clouds. In Proceedings of the IEEE/CVF 

Conference on Computer Vision and Pattern Recognition (pp. 529-537). 

[55] Qi, C.R., Yi, L., Su, H. and Guibas, L.J., 2017. Pointnet++: Deep hierarchical feature learning on point sets in a metric space. Advances 

in Neural Information Processing Systems, 30, p. 5105-5114. 

[56] Gim, Y., Jang, D.K., Sohn, D.K., Kim, H. and Ko, H.S., 2020. Three-dimensional particle tracking velocimetry using shallow neural 

network for real-time analysis. Experiments in Fluids, 61(2), pp. 1-8. 

[57] Gao, Q., Pan, S., Wang, H., Wei, R. and Wang, J., 2021. Particle reconstruction of volumetric particle image velocimetry with the 

strategy of machine learning. Advances in Aerodynamics, 3(1), pp. 1-14. 

[58] Atkinson, C. and Soria, J., 2009. An efficient simultaneous reconstruction technique for tomographic particle image velocimetry. 

Experiments in Fluids, 47(4), pp. 553-568. 

[59] Discetti, S., Natale, A. and Astarita, T., 2013. Spatial filtering improved tomographic PIV. Experiments in Fluids, 54(4), pp. 1-13. 

[60] Herman, G.T. and Lent, A. (1976). Iterative reconstruction algorithms. Computers in Biology and Medicine, 6(4), pp. 273-294. 

[61] Liang, J., Cai, S., Xu, C. and Chu, J., 2020. Filtering enhanced tomographic PIV reconstruction based on deep neural networks. IET 

Cyber‐Systems and Robotics, 2(1), pp. 43-52.  

[62] Chen, S., Angarita-Jaimes, N., Angarita-Jaimes, D., Pelc, B., Greenaway, A.H., Towers, C.E., … and Towers, D.P., 2009. Wavefront 

sensing for three-component three-dimensional flow velocimetry in microfluidics. Experiments in Fluids, 47(4), pp. 849-863. 

[63] Cierpka, C., Segura, R., Hain, R. and Kähler, C. J., 2010. A simple single camera 3C3D velocity measurement technique without errors 

due to depth of correlation and spatial averaging for microfluidics. Measurement Science and Technology, 21(4), p. 045401. 

[64] Hinsch, K.D., 2002. Holographic particle image velocimetry. Measurement Science and Technology, 13(7), p. R61. 



Measurement Science and Technology Discetti & Liu  

 

 17  
 
 

[65] Katz, J. and Sheng, J., 2010. Applications of holography in fluid mechanics and particle dynamics. Annual Review of Fluid Mechanics, 

42, pp. 531-555. 

[66] König, J., Chen, M., Rösing, W., Boho, D., Mäder, P. and Cierpka, C., 2020. On the use of a cascaded convolutional neural network 

for three-dimensional flow measurements using astigmatic PTV. Measurement Science and Technology, 31(7), p. 074015. 

[67] Franchini, S. and Krevor, S., 2020. Cut, overlap and locate: a deep learning approach for the 3D localization of particles in astigmatic 

optical setups. Experiments in Fluids, 61(6), pp. 1-15. 

[68] Barnkob, R., Cierpka, C., Chen, M., Sachs, S., Mäder, P. and Rossi, M., 2021. Defocus particle tracking: a comparison of methods 

based on model functions, cross-correlation, and neural networks. Measurement Science and Technology, 32(9), p. 094011. 

[69] Shimobaba, T., Takahashi, T., Yamamoto, Y., Endo, Y., Shiraki, A., Nishitsuji, T., … and Ito, T., 2019. Digital holographic particle 

volume reconstruction using a deep neural network. Applied Optics, 58(8), pp. 1900-1906. 

[70] Shao, S., Mallery, K., Kumar, S.S. and Hong, J., 2020. Machine learning holography for 3D particle field imaging. Optics Express, 

28(3), pp. 2987-2999. 

[71] Ronneberger, O., Fischer, P. and Brox, T., 2015, October. U-net: Convolutional networks for biomedical image segmentation. In 

International Conference on Medical Image Computing and Computer-Assisted Intervention (pp. 234-241). Springer, Cham. 

[72] Çiçek, Ö., Abdulkadir, A., Lienkamp, S. S., Brox, T. and Ronneberger, O., 2016, October. 3D U-Net: learning dense volumetric 

segmentation from sparse annotation. In International conference on Medical Image Computing and Computer-Assisted Intervention 

(pp. 424-432). Springer, Cham. 

[73] Karniadakis, G.E., Kevrekidis, I.G., Lu, L., Perdikaris, P., Wang, S. and Yang L., 2021. Physics-informed machine learning. Nature 

Reviews Physics, 3, pp. 422-440 

[74] Molnar, J.P. and Grauer, S.J., 2022. Flow field tomography with uncertainty quantification using a Bayesian physics-informed neural 

network. Measurement Science and Technology, 33, p. 065305. 

[75] Cai, S., Wang, Z., Fuest, F., Jeon, Y.J., Gray, C. and Karniadakis, G.E., 2021. Flow over an espresso cup: inferring 3-D velocity and 

pressure fields from tomographic background oriented Schlieren via physics-informed neural networks. Journal of Fluid Mechanics, 

915, A102. 

[76] Westerweel, J., Elsinga, G.E. and Adrian, R.J., 2013. Particle image velocimetry for complex and turbulent flows. Annual Review of 

Fluid Mechanics, 45, pp. 409-436. 

[77] Gunes, H. and Rist, U., 2007. Spatial resolution enhancement/smoothing of stereo-particle-image-velocimetry data using proper-

orthogonal-decomposition-based and kriging interpolation methods. Physics of Fluids, 19(6), pp. 9-16. 

[78] He, C. and Liu Y., 2017. Proper orthogonal decomposition-based spatial refinement of TR-PIV realizations using high-resolution non-

TR-PIV measurements. Experiments in Fluids, 58, p. 86.  

[79] Deng, Z., He, C., Liu, Y. and Kim, K.C., 2019. Super-resolution reconstruction of turbulent velocity fields using a generative adversarial 

network-based artificial intelligence framework. Physics of Fluids, 31, p. 125111.  

[80] Ledig, C., Theis, L., Huszár, F., Caballero, J., Cunningham, A., Acosta, A., … and Shi, W., 2017. Photo-realistic single image super-

resolution using a generative adversarial network. In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition 

(pp. 4681-4690). 

[81] Liu, B., Tang, J., Huang, H. and Lu, X.Y., 2020. Deep learning methods for super-resolution reconstruction of turbulent flows. Physics 

of Fluids, 32(2), p. 025105. 

[82] Fukami, K., Maulik, R., Ramachandra, N., Fukagata, K. and Taira, K., 2021. Global field reconstruction from sparse sensors with 

Voronoi tessellation-assisted deep learning. Nature Machine Intelligence, 3(11), pp. 945-951 

[83] Cortina-Fernández, J., Sanmiguel Vila, C, Ianiro, A. and Discetti, S., 2021. From sparse data to high-resolution fields: ensemble particle 

modes as a basis for high-resolution flow characterization. Experimental Thermal and Fluid Science, 120, p. 110178. 

[84] Güemes, A., Vila, C.S. and Discetti, S., 2022. Super-resolution GANs of randomly-seeded fields. arXiv preprint arXiv:2202.11701.  

[85] Hayat, K., 2018. Multimedia super-resolution via deep learning: a survey. Digital Signal Processing, 81, pp. 198-217. 

[86] Dong, C., Loy, C.C., He, K. and Tang, X., 2014, September. Learning a deep convolutional network for image super-resolution. In 

European Conference on Computer Vision (pp. 184-199). Springer, Cham. 

[87] Dong, W., Lei, Z., Shi, G. and Wu, X., 2011. Image deblurring and super-resolution by adaptive sparse domain selection and adaptive 

regularization. IEEE Transactions on Image Processing, 20(7), pp. 1838-1857. 

[88] Yang, J., Wright, J., Huang, T. and Ma, Y., 2010. Image super-resolution via sparse representation. IEEE Transactions on Image 

Processing, 19(11), pp. 2861-2873.  

[89] Lee, W.H., Choi, K. and Ra, J.B., 2013. Frame rate up conversion based on variational image fusion. IEEE Transactions on Image 

Processing, 23(1), pp. 399–412 

[90] Niklaus, S., Mai, L. and Liu, F., 2017. Video frame interpolation via adaptive convolution. In Proceedings of the IEEE Conference on 

Computer Vision and Pattern Recognition (pp. 670-679).  

[91] Bao, W., Lai, W.S., Zhang, X., Gao, Z. and Yang, M.H., 2018. MEMC-Net: motion estimation and motion compensation driven neural 

network for video interpolation and enhancement. arXiv preprint arXiv:1810.08768 

[92] Chi, Z., Mohammadi Nasiri, R., Liu, Z., Lu, J., Tang, J. and Plataniotis, K.N., 2020, August. All at once: Temporally adaptive multi-

frame interpolation with advanced motion modeling. In European Conference on Computer Vision (pp. 107-123). Springer, Cham.  

[93] Schneiders, J.F., Dwight, R.P. and Scarano, F., 2014. Time-supersampling of 3D-PIV measurements with vortex-in-cell simulation. 

Experiments in Fluids, 55(3), pp. 1-15. 



Measurement Science and Technology Discetti & Liu  

 

 18  
 
 

[94] Laskari, A., de Kat, R. and Ganapathisubramani, B., 2016. Full-field pressure from snapshot and time-resolved volumetric PIV. 

Experiments in Fluids, 57(3), pp. 1-14. 

[95] Schneiders, J.F., and Scarano, F., 2016. Dense velocity reconstruction from tomographic PTV with material derivatives. Experiments 

in Fluids, 57(9), pp. 1-22. 

[96] Adrian, R.J., and Moin, P., 1988. Stochastic estimation of organized turbulent structure: homogeneous shear flow. Journal of Fluid 

Mechanics, 190, pp. 531-559. 

[97] Borée, J., 2003. Extended proper orthogonal decomposition: a tool to analyse correlated events in turbulent flows. Experiments in 

Fluids, 35(2), pp. 188-192. 

[98] Hudy, L.M., Naguib, A. and Humphreys, W.M., 2007. Stochastic estimation of a separated-flow field using wall-pressure-array 

measurements, Physics of Fluids, 19, p. 135  

[99] Tinney, C.E., Coiffet, F., Delville, J., Hall, A.M., Jordan, P. and Glauser, M.N., 2006. On spectral linear stochastic estimation. 

Experiments in Fluids, 41(5), pp. 763-775. 

[100] Tinney, C.E., Ukeiley, L.S. and Glauser M.N., 2008. Low-dimensional characteristics of a transonic jet. Part 2. Estimate and far-field 

prediction. Journal of Fluid Mechanics, 615, pp. 53-92.  

[101] Durgesh, V. and Naughton, J.W., 2010. Multi-time-delay LSE-POD complementary approach applied to unsteady high-Reynolds-

number near wake flow. Experiments in Fluids, 49, p. 571. 

[102] Tu, J.H., Griffin, J., Hart, A., Rowley C.W., Cattafesta, L. and Ukeiley, L.S., 2013. Integration of non-time-resolved PIV and time-

resolved velocity point sensors for dynamic estimation of velocity fields. Experiments in Fluids, 54(2), p. 1429. 

[103] Kerhervé, F., Roux, S. and Mathis, R., 2017. Combining time-resolved multi-point and spatially-resolved measurements for the 

recovering of very-large-scale motions in high Reynolds number turbulent boundary layer. Experimental Thermal and Fluid Science, 

82, pp. 102-115..  

[104] Podvin, B., Nguimatsia, S., Foucaut, J.M., Cuvier, C. and Fraigneau, Y., 2018. On combining linear stochastic estimation and proper 

orthogonal decomposition for flow reconstruction. Experiments in Fluids, 59, p. 58. 

[105] Hosseini, Z., Martinuzzi, R.J., and Noack, B.R. (2015). Sensor-based estimation of the velocity in the wake of a low-aspect-ratio 

pyramid. Experiments in Fluids, 56(1), p. 13. 

[106] Ghil, M., Allen, M.R., Dettinger, M.D., Ide, K., Kondrashov, D., Mann, M.E.,…and Yiou, P., 2002. Advanced spectral methods for 

climatic time series. Reviews of Geophysics, 40(1), p. 3-1. 

[107] Discetti, S., Raiola, M. and Ianiro, A., 2018. Estimation of time-resolved turbulent fields through correlation of non-time-resolved field 

measurements and time-resolved point measurements. Experimental Thermal and Fluid Science, 93, pp. 119-130. 

[108] He, C. and Liu, Y., 2020. Time-resolved reconstruction of turbulent flows using linear stochastic estimation and sequential data 

assimilation. Physics of Fluids, 32(7), p. 75106. 

[109] Chen, J., Raiola, M. and Discetti, S., 2022. Pressure from data-driven estimation of velocity fields using snapshot PIV and fast probes. 

Experimental Thermal and Fluid Science, 136, p. 110647. 

[110] Deng, Z., Chen, Y., Liu, Y. and Kim, K.C., 2019. Time-resolved turbulent velocity field reconstruction using a long short-term memory 

(LSTM)-based artificial intelligence framework. Physics of Fluids, 31(7), p. 075108 

[111] Graves, A. 2012. Long short-term memory. Springer Berlin Heidelberg. 

[112] Giannopoulos, A. and Aider, J.L., 2020. Prediction of the dynamics of a backward-facing step flow using focused time-delay neural 

networks and particle image velocimetry data-sets. International Journal of Heat and Fluid Flow, 82, p. 108533 

[113] Jin, X., Laima, S., Chen, W.L. and Li, H., 2020. Time-resolved reconstruction of flow field around a circular cylinder by recurrent 

neural networks based on non-time-resolved particle image velocimetry measurements. Experiments in Fluids, 61(4), p. 114. 

[114] Chen, Z., Zhou, K., Yang, F., Wen, X. and Liu, Y., 2021. Temporally resolved reconstruction of sweeping jet flow field based on sub-

Nyquist-rate PIV data. Measurement Science and Technology, 32(12), p. 125303. 

[115] Krishna, C.V., Wang, M., Hemati, M.S. and Luhar, M., 2020. Reconstructing the time evolution of wall-bounded turbulent flows from 

non-time-resolved PIV measurements. Physical Review Fluids, 5(5), p. 054604. 

[116] Epps, B.P. and Techet, A.H., 2010. An error threshold criterion for singular value decomposition modes extracted from PIV data. 

Experiments in Fluids, 48(2), pp. 355-367. 

[117] Raiola, M., Discetti, S. and Ianiro, A., 2015. On PIV random error minimization with optimal POD-based low-order reconstruction. 

Experiments in Fluids, 56(4), pp. 1-15. 

[118] Brindise, M.C. and Vlachos, P.P., 2017. Proper orthogonal decomposition truncation method for data denoising and order reduction. 

Experiments in Fluids, 58(4), pp. 1-18. 

[119] Epps, B.P. and Krivitzky, E.M., 2019. Singular value decomposition of noisy data: noise filtering. Experiments in Fluids, 60(8), p. 126.  

[120] He, C., Wang, P., Liu, Y. and Gan, L., 2022 Flow enhancement of tomographic particle image velocimetry measurements using 

sequential data assimilation. Physics of Fluids, 34, p. 035101.  

[121] Westerweel, J., 1994. Efficient detection of spurious vectors in particle image velocimetry data. Experiments in Fluids, 16(3-4), pp. 

236-247. 

[122] Westerweel, J. and Scarano, F., 2005. Universal outlier detection for PIV data. Experiments in Fluids, 39(6), pp. 1096-1100. 

[123] Raben, S.G., Charonko, J.J. and Vlachos, P.P., 2012. Adaptive gappy proper orthogonal decomposition for particle image velocimetry 

data reconstruction. Measurement Science and Technology, 23(2), p. 025303. 



Measurement Science and Technology Discetti & Liu  

 

 19  
 
 

[124] Wang, H.P., Gao, Q., Feng, L.H., Wei, R.J. and Wang, J.J., 2015. Proper orthogonal decomposition based outlier correction for PIV 

data. Experiments in Fluids, 56(2), p. 43. 

[125] Scherl, I., Strom, B., Shang, J.K., Williams, O., Polagye, B.L. and Brunton, S.L., 2019. Robust principal component analysis for modal 

decomposition of corrupt fluid flows. Physical Review Fluids 5, p. 054401 

[126] Wen, X., Li, Z., Peng, D., Zhou, W. and Y Liu., 2019. Missing data recovery using data fusion of incomplete complementary data sets: 

a particle image velocimetry application. Physics of Fluids, 31(2), p. 025105.  

[127] Bui-Thanh, T., Damodaran, M. and Willcox, K., 2004. Aerodynamic data reconstruction and inverse design using proper orthogonal 

decomposition. AIAA Journal, 42, p. 1505. 

[128] Morimoto, M., Fukami, K. and Fukagata, K., 2021. Experimental velocity data estimation for imperfect particle image using machine 

learning. Physics of Fuilds, 33, p. 087121.  

[129] Raissi, M., Yazdani, A. and Karniadakis, G.E., 2020. Hidden fluid mechanics: learning velocity and pressure fields from flow 

visualizations. Science, 367, pp. 1026–1030.  

[130] Rao, C., Sun, H. and Liu, Y., 2020. Physics-informed deep learning for incompressible laminar flows. Theoretical and Applied 

Mechanics Letters, 10, pp. 207-212.  

[131] Jin, X., Cai, S., Li, H. and Karniadakis, G.E., 2021. NSFnets (Navier-Stokes flow nets): Physics-informed neural networks for the 

incompressible Navier-Stokes equations. Journal of Computational Physics, 426, p. 109951.  

[132] Wang, H., Liu, Y. and Wang, S., 2022. Dense velocity reconstruction from particle image velocimetry particle tracking velocimetry 

using a physics-informed neural network. Physics of Fluids, 34, p. 017116.  

[133] Kähler, C.J., Astarita, T., Vlachos, P.P., Sakakibara, J., Hain, R., Discetti, S.,... and Cierpka, C., 2016. Main results of the 4th 

International PIV Challenge. Experiments in Fluids, 57(6), pp. 1-71. 

 




