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Abstract

Reliable and accurate reconstruction for large-scale and complex physical
fields in real-time from limited observations has been a longstanding chal-
lenge. In recent years, sensors have been increasingly deployed in numerous
physical systems. However, the locations of these sensors can shift over time,
such as with mobile sensors, or when sensors are deployed and removed.
These sparse and randomly located sensors further exacerbate the difficulty
of reconstructing the physical field. In this paper, we present a new deep
learning model called Vision Transformer-based Autoencoder (ViTAE) for re-
constructing large-scale and complex fields. The proposed network structure
is based on a novel core design: vision transformer encoder and Convolutional
Neural Network (CNN) decoder. First, we split a two-dimensional field into
patches and developed a vision transformer encoder to transfer patches into
latent representations. We then reshape the linear latent representations to
patches before concatenation, along with a CNN decoder, to reconstruct the
field. The proposed model is tested in four different numerical experiments,
using generated synthetic data, spatially distributed PM2.5 data, Compu-
tational Fluid Dynamics (CFD) simulation data and National Oceanic and
Atmospheric Administration (NOAA) sea surface temperature data. The nu-
merical results highlight the strength of ViTAE-SL compared to Kriging and

state-of-the-art deep-learning models with significantly higher reconstruction
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accuracy, computational efficiency, and robust scaling behavior.

Keywords: spatial interpolation, field reconstruction, vision transformer,

autoencoder

1. Introduction

Advances in sensor technologies have enabled sensor deployments in physics
system at a large scale. However, the number of monitoring sites within
study areas is often relatively limited due to the high maintenance and setup
costs. Sparsely scattered sensors are unable to capture whole physical fields
in detail [I], and time-varying sensors further increase the difficulty of re-
constructing the physical field; therefore robust and efficient spatial inter-
polation models are needed to reconstruct physical fields from limited and
randomly localled sensor information. Spatial interpolation, which is pre-
dicting values of a spatial process in unmonitored areas from local sensor
observations, is a major challenge in physics systems. Traditional applica-
tions of spatial interpolation include physics systems, environmental science,
geophysics, astrophysics, atmospheric science, and fluid dynamics, and have
been extended to other fields such as computer vision, public health, and
biological sciences [2] 3], [4].

Kriging [5] [6] is a spatial interpolation method that offers linear unbiased
prediction based on observations. Functioning as a Gaussian process [7] gov-
erned by covariance, Kriging extrapolates values in unobserved areas through
a weighted average of observations. The computation of these weights neces-
sitates the estimation of spatial covariance functions, conventionally assumed
to be stationary within the framework of Kriging. However, real physical
fields often have non-Gaussian and non-stationary spatial covariance func-
tions [8, 9]. For example, the spatial covariance of PM2.5 concentrations
usually changes a lot from one place to another, such as between cities and
rural areas[I0]. Therefore, Kriging may not always be optimal in practical

real-world scenarios. In addition, kriging has limitations in handling large
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spatial datasets due to its computational intensity. Finding the inversion of
a N x N covariance matrix is needed to use Kriging. The number of ob-
servations, NV, determines the size of the matrix, and the computation takes
O(N?) time and O(N?) memory using the standard Cholesky decomposition
method. Due to these limitations, it is challenging to utilize Kriging for
real-time large-field reconstruction.

In recent years, deep learning (DIL) [11] and neural network (NNJ) [12]
have been extensively used in a wide spectrum of applications [13, [11]. [DIJ
has witnessed an explosion of architectures that are continuously evolving in
both size and complexity, improving their capacity and capabilities in many
different tasks [14} [15] [16], 17, 18], 19, 20, 21]. are effective for predictions
with complex features such as non-linearity and non-stationary. The use of
GPUs has made [NNk computationally efficient for analyzing large datasets.

Deep neural networks [11] have emerged as hopeful methods to recon-
struct physical field from sparse measurements in an efficient manner [22,
23, 24, 19, 25]. Most neural networks require structure data, such as grid
data. However, practical measurements are typically uneven or unstructured,
such as air quality monitoring [26], hydrology measurement [27], and oceano-
graphic observations [23]. Although graph neural network (GCN]) [28] and
multi-layer perception (MLP]) [II] have the ability to process unstructured
data, their scalability is limited due to the high computational cost. Further-
more, these methods require fixed numbers and positions of measurements as
input data and cannot accommodate time-varying sensors, rendering them
impractical in real-world physical field reconstruction, where the numbers
and positions of sensors typically change over time [29)].

To address these two bottlenecks, Fukami et al. [30] employed Voronoi
tessellation to convert observations into a structured grid format that is com-
patible with convolutional neural network ([CNNJ) and then utilized to
reconstruct the field from the structured grid. However, convolutions typi-

cally operate on a small patch of field to extract features but do not encode
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the relative position of different features. This makes it difficult for
to explore spatial dependencies for large field reconstruction [31], especially
when the observations are very sparse. For example, air pollution monitoring
sites are often sparsely distributed in large areas, making the reconstruction
of air pollution maps on a fine scale a longstanding challenge [32].

The introduction of Vision Transformers (VIT]) [33]has the potential to
address this challenge. Transformers, originally proposed by Vaswani et
al.(2017) [14], have emerged as a prominent technique in the field of Natural
Language Processing (NLPI) due to their ability to capture long-range depen-
dencies and learn contextual relationships effectively. Besides the advanced
structure of transformers, the training strategy is also crucial for the success
of this models: They involve removing a portion of the text and learn-
ing to predict the removed content. This strategy, known as auto-encoding,
is applied in various fields, such as computer vision and flow problems, and
demonstrates encouraging outcomes [34, [35]. For example, He et al. [30]
showed that by employing masked autoencoders (AEs) to remove random
sections of the input image and then rebuild those missing sections, it is
possible to rebuild images that appear realistic, even when more than 90%
of the image is masked. Rebuilding images from random visible patches is
conceptually similar to field reconstruction from observations.

While the ViTImodel and the autoencoder (AEl) method [36] have achieved
success in image reconstruction, as far as we know, there is no prior research
on field reconstruction by VTl There are two problems that hinder the

application of these methods in the field reconstruction task:

e [VIT] typically predicts masked image patches using visible patches.
Compared to image patches with values on each pixel, the observa-
tions in this study are sparse in each patch. Setting the patch size of
1 x 1 pixel in [VIT] will lead to high computational cost, which makes

the model applicable only to small resolution fields.

e [ViT|predicts each patch separately. Concatenating the predicted patches

4
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can result in heterogeneous and inconsistent reconstructions [36].

This paper proposes using [VIT] and [AEl for large physical field reconstruc-

tion from sparse and time-varying observations.

2. Contribution of the present work

Inspired by the success of V1T] and [AE]l methods, we introduce a new deep
learning model called Vision Transformer-based autoencoder and spatial in-
terpolation learner (VITAE-SI]) for reconstructing large-scale and complex
fields. More precisely, the proposed framework consists of a [VIT] as the en-
coder and a[CNNlas the decoder. In order to tackle the challenges mentioned
earlier, we propose a method that involves incorporating sparse sensor data
into a Transformer. This is achieved by mapping the observations in the grid
field and masking the unmonitored grids. The next step involves splitting
the observations field into patches and feeding them into the transformer
encoder to obtain features. These features are then reshaped into patches
and concatenated together. To bridge the gap between patches and make
the reconstruction field more consistent, we use the decoder to pre-
dict grid values based on concatenated patches. Following this structure,
our [ViTAE-ST] is capable of fast and accurate field construction using time-
varying and unstructured observations. Four test cases, including synthetic
data and real-world applications, are implemented in this study to compare
the performance of the proposed VTTAE-ST] against state-of-the-art field re-
construction methods.

The subsequent sections of the paper are structured in the following
manner: Section [3] introduces the construction and properties of VTTAE-ST]
model. Section {4| showcases four case studies that demonstrate the efficacy
of ViTAE-SI] Section 5| summarizes our primary findings and proposes po-

tential areas for future research.
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3. Methodology

Our objective is to reconstruct a two-dimensional global field variable
Q € R"™*™ from a vector of local sensor measurements s € R", locations
ry € R%4 = 1,...,n. Here, n, and n, respectively denote the number
of grid points in the horizontal and vertical directions on a high-resolution
field, and n indicates the number of local sensor measurements. [ViTAE-SIJ
is an autoencoding approach that reconstructs the original field-given obser-
vations. To handle the sparse observations and learn efficient representations
from them, we adopt a [ViT}based encoder that allows us to operate on the
observations. After that, a lightweight decoder is used to reconstruct
the full grid field from the latent representations. Figure [1] illustrates the
flowchart of the proposed approach. In what follows, we introduce the [V1T}
based encoder and decoder, which are the two key components in the

present approach.

EReEEonNE—,

Linear Decoder and Reshape

WMMM —=—f |

Transformer Encoder l

Patch + Position PD
I Embedding @5 4 @5 4 @5 @5 @5 Convolutional Decoder —>—>

Ci + BN + LReLU
Linear Projection of Flattened Patches o <

7
Pixel | o —»Eiiﬁﬁi@i@ L= -Lg(I,Pp)+ - Lg(I,Pg) Image

Figure 1: Model overview of ViTAE-SL. We split the grid field into fixed-size patches,
linearly embed each of them, add position embeddings, and feed the resulting sequence of
vectors to a standard Transformer encoder. After that, we used a[CNNldecoder to predict
the grid values from the encoder’s latent.
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ViT-based encoder. First, we transform observations into grid fields based

on their location to allow use of V1Tl defined as:

n x; for any location xg;

0 otherwise.

n is the number of observations, where z; denotes the value of the i-th
observation. We start by spliting the grid field I € R™*™ into patches
x, € RV*(FuxPu) “wwhere P, x P, is the resolution of each patch. N is the
corresponding number of split patches and is also the input sequence length
of V1Tl Using a patch embedding projection E, the patches are mapped to
the embedding of dimensions D = P, x P,. Then, positional embeddings
E,,s are added and fed into a series of Transformer blocks to obtain latent
representations.

The processing of encoder can mathematically be formulated as:

Zo = [XplE;XPQE; e ;xpNE] +E, E€ R Pu)x D E,0s € RV*P

z;, = MSA (LN (z¢_1)) + z¢_1, ¢(=1...L @
z; = MLP (LN (z))) + z, ¢(=1...L

y =LN (z%)

The Transformer encoder consists of L layers of multiheaded self-attention
(MSA) and multilayer perceptron (MLP) blocks. Layernorm (LN) is applied
before every block, and residual connections are applied after every block.
y is the output of the encoder. The length of y is equal to the number of
grids in a patch. We reshape the vectors into patches and concatenate these
patches to form a field-shaped representation, which is used as the input to a
CNN-based decoder. Additionally, a convolution layer is applied to produce
Pr € R"™*™ based on the field-shaped representation.
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CNN-based decoder. The[CNNlbased decoder consists of sequences of convo-
lutional layers, batch normalization, and activation layers. Batch normaliza-
tion is applied after each convolutional layer to normalize the output before
passing it through the activation layers. The parameters of the [CNNlbased
decoder are shown in [3] The [CNNtbased decoder receives the field-shaped
representation produced by the encoder as input, and the output of the de-

coder is the predicted field Pp € R"**"v that corresponds to the entire field
Q.
P} =Conv2D (P,_,W,), ¢=1...L 3
P, =ReLU(P)), ¢=1...L

where W denotes weights (filters) of [CNNl The output of each filter
operation is passed through an activation function which is chosen to be the
rectified linear unit (ReLU).

Reconstruction target. Our [VITAE-SIJ reconstructs the field by predicting
the values for each grid. The loss function computes the mean squared error
(MSE]) between the reconstructed Pg, Pp and original fields @ in pixel space.

Lg denotes the mean squared error. The loss is defined as:

L=MX L (Q,Pp)+ X Lr(Q,Pg) (4)

Where A\; and Ay are the weights for balancing the multiple objectives.

4. Test cases and results

In this section we thoroughly demonstrate the performance of present
VITAE-ST] for field reconstruction with extensive numerical experiments un-

der different circumstances. Our examples include:
e Simulation data produced by Gaussian covariance models

e China air quality dataset
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e Fluid dynamics data of unsteady wake flow
e NOAA global sea surface temperature

These datasets have different characteristics in terms of structured or un-
structured field, time varying data and observation noise as shown in Table[I]
The performance of the field reconstruction methods: VITAE-ST] Kriging
and Voronoi tessellation-assisted convolutional neural network (VCNNI) have
been evaluated on both structured and unstructured data. For example,
the unsteady wake flow is based on two-dimensional irregular meshes. How-
ever, all observations used in this study are unstructured. The first test
case consists of simulation data generated by Gaussian covariance model and
the observable points are randomly selected and time-varying. Spatially dis-
tributed air quality observations come from the Chinese regulatory monitor
stations [37] which change over time. Unsteady wake flow has fixed but very
sparse observations. As for the National Oceanic and Atmospheric Admin-
istration (NOAA) sea surface temperature data, we select different numbers
of observations as the train and test dataset, which are time-varying. These
datasets are chosen to evaluate the performance of VTTAE-SII for handling

sparse, unstructured and time-varying data.

Table 1: Different test cases performed in this paper

unstructured unstructured time-varying observation
Test case

field observation sensors noise
simulation data X v v X
Air quality v v v v
Unsteady wake flow v v X X
NOAA v v v X
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4.1. Test case 1: Simulation data

In this section, we evaluate the performance of ViTAE-S[]against Kriging
and in stationary simulation data.

In order to replicate a physically uniform field, the simulation field data
are created using the gstool [38], with a Gaussian covariance kernel with a
correlation scale length of L € (40,80). This means that the correlation
between two points in the field only depends on their spatial distance, which
is ideal for the Kriging method. These simulations are commonly used to
compare different field reconstruction methods [39).

After creating the grid field, grid points are randomly selected as obser-
vations. Unlike and VTTAE-ST], the Kriging method requires prior
knowledge of the covariance kernel. Numerical experiments on Kriging are
conducted using two kernel functions: Gaussian and Exponential, both with
the exact correlation length used for data generation. The latter is used to
simulate situations where the kernel function is misjudged, as in real-world
scenarios, the exact covariance kernel is often difficult to determine [40)].

Figure [2| illustrates the computational time of Kriging (using the Gaus-
sian kernel) for reconstructing various field sizes based on different numbers
of observations. It’s observed that as the field size and the number of ob-
servations increase, the computational time for Kriging grows exponentially.
This poses computational challenges for large-scale field reconstruction with
Kriging. For instance, when the field size exceeds 256 and the number of
observations is more than 0.1%, Kriging requires thousands of seconds to fit
and predict.

In order to compare the performance of [VITAE-SI] against [VCNN| and
Kriging, we conducted experiments on a field size of 512 x 512. The number
of observations used for training was set to 0.5%, 1%, 2%, and 5% of the
total number of grid points in the field. For each observation ratio, we
generated 10,000 field snapshots and randomly selected observations from

each snapshot, resulting in time-varying observation placement. We used an

10



23 80/10/10 split for training, validation, and testing datasets.

Duration of GPy Kriging Fitting
Field Size
—t— 16
—t— 32
—t— 54
- 128
== 256
512

,_.
o
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,_.
o

Duration in Seconds (logl0)
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o
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<

0.01 005 01 0.2
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Figure 2: Execution time of Kriging for different size of the field.

224 We use the original [VTT] setup [33] for the [ViTlbased encoder design and
»s employ “Lite”, “Base”, and “Large” models as summarized in Table [2| In the
26 following sections, we’ll use abbreviated notation to denote the model size and
27 the input patch size. For instance, ViTAE-large/16 represents combination
2s of the “Large” version of [ViT]in Table 2] and in Table [3] with 16 x 16
20 input patch size.

Model Layers Hidden Size D Heads Channel Patch Size

ViT-Lite 8 32 8 16 16
ViT-Base 8 64 8 32 16
ViT-Large 8 128 8 64 16

Table 2: Details of Vision Transformer encoder variants.

230 For the [CNNtbased decoder, we use a sample convolutional neural net-
2 work; the configurations of each decoder for “Lite”, “Base”, and “Large”
22 models are shown in Table 3l The[CNNFbased decoder is trained to estimate



233 the whole simulation field based on intermediate features from ViT-based

encoder.

Model Layers Channel D filter size

CNN-Lite 5 16 3
CNN-Base 5 32 3
CNN-Large 5 64 3

Table 3: Details of [CNNI] decoder variants.

234

235 As shown in Figure [3] the field reconstruction from the VITAE-ST] closely
2% resembles the ground truth (GT]) without prior knowledge.

GT (512, 512) Kriging/exp Kriging/RBF ViTAE Pred

Lol - -_

- - - -
- - . -

Observations GT-Kriging/exple 0.175 GT-Kriging/rbf|e 0.152 GT-ViTAE|e 0.154
1.0 1.0 1.0
0.5 0.5 0.5
0.0 0.0 0.0
-0.5 -0.5 0.5

-1.0 -1.0 -1.0

Figure 3: 512 x 512 Gaussian field reconstruction results of ViTAE-SI] and Kriging , 0.5%
sampling rate compare to the

27 Figure [3] also reports the relative error defined as:

€ — ||Qref - C)reconstruct”g7 (5)
”Qref ||2
23 where || - || denotes the Ly norm, and Qref and Qreconstruct are the reference

239 and reconstructed fields, respectively. The relative error metric is commonly

12



20 used in field reconstruction and prediction tasks [41, 42]. In our study, we
2n compared Kriging’s reconstruction results with Gaussian and exponential co-
22 variance kernels, referred to as Kriging/RBF and Kriging/exp, respectively.
23 Figure 3| clearly shows that the Kriging/RBF model greatly outperforms the
20 Kriging/exp model, suggesting that Kriging is vulnerable when the covari-
us  ance kernel is not accurately specified. However, VITAE-SL created recon-
25 struction results that were nearly as precise as those of Kriging/RBF without
2z any prior information. Besides, VITAE-SI]is much more efficient than Krig-
2«5 ing, as shown in Table 5] For example, WTTAE-S[}Hite/16 runs 10° faster
29 than Kriging when the field size is 512 and the ratio of observation grids is
20 5%.

Model €

Kriging/RBF 0.2243 0.2221  0.2218 0.2215
Kriging/Exp 0.2553  0.2552  0.2550  0.2379
VCNN 0.2324 0.2259 0.2216 0.2160
ViTAE-lite/16 0.2431 0.2346  0.2290  0.2242
ViTAE-base/16 0.2280 0.2369 0.2250 0.2234
ViTAE—large/lG 0.2255 0.2228 0.2213 0.2202

Sampling Percent  0.5% 1% 2% 5%

Table 4: Gaussian field reconstruction result of VITAE-ST] [VCNN] and Kriging.

Model Execution time (s)
Kriging/RBF 21 59 191 1491
Kriging/Exp 31 76 253 1586

VCNN 0.035 0.035 0.035 0.035

ViTAE-lite/16 0.0105 0.0104 0.0105 0.0106
ViTAE-base/16  0.0128 0.0127 0.0128 0.0128
ViTAE-large/16  0.0150 0.0154 0.0151 0.0153

Sampling Percent  0.5% 1% 2% 5%

Table 5: Execution time in seconds of the Gaussian field reconstruction for [VITAE-SI]
[VCNN] and Kriging.

251 We also compare [VITAE-ST] with the [VCNNI [30]. Table [4] shows the
22 online computational time and the e values for VTTAE-SI], [VCNN| and Krig-

13
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ing for different numbers of observations in 512 x 512 field reconstruction.
These results show that ViTAE-SI] outperforms [VCNN| when observations
are sparse (less than 2% in this case), demonstrating the strength of VITAFE-ST]

in handling sparse observations.

4.2. Test case 2: Chinese air quality
To evaluate the performance of [VITAE-SI] in real-world physical field

reconstruction problems, we first applied our approach to the PM2.5 con-
centration dataset in China. The ChinaHighPMC [37] dataset consists of
daily air pollutants at ground level PM2.5 for China with 1km resolution.
These data are extracted and combined from different resources, including
ground-based measurements, satellite remote sensing products, atmospheric
reanalysis, and model simulations. In particular, we utilise the 5km, 10km
and 20km resolution grid fields for the Chinese area, so the corresponding
shapes of the entire field are 714 x 1229, 357x615 and 184 x312. Unstructured
observations from monitor stations [43] are projected in the grid field. Since
sensors are affected by ambient factors, noise is included in these observation
values. When there are several monitor stations in one grid cell, the value is
calculated as the average observation values. The daily air quality field and
corresponding observations span from 2013 to 2020 and the total number of
snapshots is 2992. We randomly selected 80% of the snapshots as training
data sets, 10% are used as validation dataset and 10 % for testing dataset.
The average number of observations is 1173, resulting in 0.13%, 0.52% and
2.08% against the total number of grid points in 5km, 10km and 20km resolu-
tion grid fields.Table [ shows the model parameters of the ViTFbased encoder
and Table [7] shows the corresponding parameters of the [CNNlbased decoder.

VITAE-STlis compared with the Kriging method and the VCNNI Kriging
has been previously applied in a similar circumstance [44]. The performance
of VITAE-ST] spatial data recovery for air pollution in China is shown in Fig-
ure[dl The reconstructed field by VITAE-SI]shows great agreement with the
reference data in the test dataset. The advantage of ViTAE-SI]is in partic-

14
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Model Layers Hidden Size D Heads Channel Patch Size

ViT-Lite/32 8 32 8 16 32
ViT-Base/32 8 64 8 32 32
ViT-Large/32 8 128 8 64 32

Table 6: Vision Transformer encoder Parameters used in the study case of Chinese air
quality.

Model Layers Channel D filter size

CNN-Lite 5 16 3
CNN-Base 5 32 3
CNN-Large 5 64 3

Table 7: [CNN] decoder parameters used in the study case of Chinese air quality data.

ular significant when comparing the contours of reconstruction. Table |8 and
Table[9]show the online computational time and metrics of ViITAE-STJ,
and Kriging in the China air quality field reconstruction task, which demon-
strate that VTTAE-SI]spends much less time than kriging with a much better
performance. Moreover, in terms of reconstruction accuracy, ViTAE-ST] out-
performs when the observations are sparse (i.e., 0.13% and 0.52%).
In fact, by construction, VTITAE-ST] is powerful in capturing chaotic local
patterns in real-world field reconstruction task. To further evaluate the re-
construction performance, two image similarity metrics Peak Signal-to-Noise
Ratio (PSNRJ) and Structural Similarity Index Measure (SSIM)) [45] are em-
ployed to compare the reconstructed field against the original one. These
metrics are widely used for similarity measures robust to rotation and trans-
lation [46]. As shown in Figure [d] VTTAE-ST] also has a higher [PSNR] and
scores compared to Kriging and [VCNN|l These results speak to the
significant advantage of ViTAE-SIlin a real-world field reconstruction prob-

lem.

15



299

300

301

302

303

304

305

306

GT (714, 1229) Observations

-
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Figure 4: China air quality reconstruction results of WTTAF-SI] and Kriging and com-
parison to the

4.3. Test case 3: unsteady wake flow
To compare [ViTAE-SI] with the state-of-the-art [VCNN] in the case of

unstructured grids and extremely sparse observations, we consider the two-
dimensional unsteady laminar cylinder wake data. This test case was used
in [30] for demonstrating the capability of . The training data set
is prepared with a direct numerical simulation, which numerically solves the
incompressible Navier—Stokes equations. In this study, we aim to reconstruct

the vorticity field and we consider the same data that were used in [30]. The

16
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311
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314

315

316

317
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319

320

Model € Execution time (s)

Kriging 0.8599  0.8195  0.5520 117.5
VCNN 0.3978  0.3527 0.3261 0.0063
ViTAE-lite 0.3571  0.3389  0.3245 0.0053
ViTAE-base 0.3570 0.3434 0.3129 0.0058
ViTAE-large 0.3566 0.3371 0.3205 0.0061
Monitor Percent 0.13%  0.52%  2.08% 0.13%

Table 8: Performance in terms of Loss and execution time of ViTAE-SL, VCNN and
Kriging for different observation density of China air quality reconstruction.

Model SSTMI [PSNRI
Kriging 0.7788  0.8195 0.8517  24.0098  25.0369  25.8168
VCNN 0.9385  0.9340 0.9321  29.7478  30.3167  30.4041

ViTAE-lite 0.9421 0.9330 0.9271  30.8184  30.8221  30.4489
ViTAE-base 0.9451 0.9366  0.9377  30.9079  30.7691  30.8588
ViTAE-large 0.9471 0.9399 0.9304 30.9466 30.9628 30.6220

Monitor Percent 0.13%  0.52%  2.08% 0.13% 0.52% 2.08%

Table 9: Performances of VITAE-SL, VCNN and Kriging for different observation density
of China air quality reconstruction.

shape of the entire field is 192 x 112. The data span approximately 4 vortex
shedding periods and the total number of snapshots is 5000. We randomly
selected 80% of the snapshots as training data sets, 10% are used as vali-
dation dataset and 10% for testing dataset. The number of sensors is set
to 8 with fixed input sensor locations for both training and testing. Here
we use the same model parameters as in Section Figure [5] illustrates an
example of the reconstruction fields in the testing dataset using and
VITAE-ST] with the position of sensors. As shown in Figure [5] the vorticity
fields reconstructed by ViTAE-SIJ are close to the It can be seen from
the reconstructed vorticity field that shows considerable reconstruc-
tion error due to the small number of sensors; however, [ViTAE-SI] provides
significantly more accurate reconstruction over the whole field in this exam-
ple. Table[10]illustrates the averaged value of three different metrics, namely
¢, [PSNRI] and [SSIM] over the testing dataset. Consistent with our analysis
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Figure 5: Unsteady wake flow reconstruction results of [ViTAE-ST] and [VCNN] compared
to the

of Figure [f, VITAE-SI] also outperforms in all three metrics. Both
ViTAE-ST] and run less than 0.01s in this reconstruction task. We
here did not compare our results against Kriging, due to its poor performance
with such sparse observations. This study shows that interpolation schemes,
such as Kriging, and CNN-based methods, such as [VCNN| are unable to
reconstruct the fine-grained features of fields accurately if the observations
are extremely sparse (e.g., 0.06% in this study). However, the proposed
VITAE-ST] model is able to deliver a fast and accurate reconstruction of the
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348

349

350

vorticity field of dimension using only 8 sensors.

Model € [PSNRI [SSIM| Execution time (s)
VCNN 0.0230 64.55  0.9988 0.0016
ViTAT-lite/8  0.0112  70.63  0.9988 0.0043
ViTAE-base/8  0.0050 77.56  0.9999 0.0050
ViTAE-large/8 0.0023 84.37 0.9988 0.0052

Table 10: Unsteady wake flow reconstruction performances of VITAE-SI] and [VCNNI

4.4. Test Case 4: NOAA global sea surface temperature
To show the capacity of VTTAE-ST]in global physical field reconstruction,

we used NOAA sea surface temperature data collected from satellite and
ship-based observations. Data are made up of weekly observations of sea
surface temperature with a spatial resolution of 360 x 180. To make a
fair comparison against [30], we use the same data set in [30]. 1040
snapshots span from 1981 to 2001 are used to train the models and the test
snapshots are taken from 2001 to 2018. In this test case, sensors are supposed
to be randomly placed over the field. The number of sensors for training is
set t0 Nsensor,train = 10, 20, 30, 50, 100 and for the test data, we also consider
unseen cases with 70 and 200 sensors such that ngensortest = 10, 20, 30, 50,
70, 100, 200.

An example of global sea surface temperature reconstruction using 10 sen-
sors in the testing dataset is displayed in Figure[6] A significant advantage of
the proposed [VITAE-SI] model can be clearly observed with a considerably
lower reconstruction error. The values of € as defined in () are also indi-
cated in Figure[6] As shown in Figure[d] the model fails to accurately
reconstruct the details of the temperature fields when the number of sensors
is severely limited (10 trained sensors in this case). In fact, the field recon-

structed by [VCNN] also exhibits some non-realistic discontinuities due to the

small number of sensors. On the other hand, the proposed VITAE-ST] is
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Figure 6: NOAA field reconstruction performance of VITAE-ST] and [VCNNI for trained 10
input observations, compared to the

capable of delivering smooth and accurate reconstruction of the temperature
field.

In this test case, we also aim to evaluate the impact of the number of sen-
sors on the performance of VCNN| and VITAE-ST] in terms of reconstruction
accuracy. We plot the evolution of the € error of both training and testing

data against the number of sensors in Figure [7] As shown by the dashed
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Figure 7: NOAA field reconstruction performances of [VITAF-ST] and [VCNN] for various
input observations.

blue line, when the number of sensors is over 30 for the test data, ViTAE-STJ
achieves a reasonably good reconstruction with the e error being less than
0.1. However, as shown by the dashed red line, requires more than
200 sensors to obtain the same accuracy. In fact, the training of VTTAFE-ST]
(solid blue line) also converges much faster compared to (solid red

line).

5. Conclusion and Future Works

Spatial interpolation from sensor observations has been a longstanding
challenge in physics systems. In order to address this problem, the paper
proposes a novel [ViTlbased autoencoder which is an efficient spatial inter-
polation learner. The proposed novel method ViTAE-ST] relies an attention
mechanism in [VIT] to specify the sensor location and the global spatial de-
pendence of the sensor measurements. The use of [VTT] splits the input sensor
data to patches and translates patches into latent variables by a transformer

block, which relying entirely on an attention mechanism to draw global de-
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pendencies. Then the use of decoder converts the latent variables to
patches before concatenation. This process then enables the applications of
to derive grid field reconstruction. The Vision Transformer encoder
allows more parallelization and this requires significantly less computational
time, which is crucial for large physical field reconstruction tasks. The
decoder also contributes to the physical field reconstruction consistency. The
proposed method combines the advantages of both [VIT] and [CNN|, which
make it outperform Kriging and the state-of-the-art [VCNNL

The numerical results presented in the four test cases in this paper clearly
suggests that the novel VTITAE-ST]significantly outperforms the interpolation-
based Kriging method and the [CNNFbased method. In particular,
compared to Kriging, ViTAE requires no prior knowledge of the spatial dis-
tribution and reduces considerably the computational cost. The advantage of
ViTAE-ST] compared to [VCNNI is more significant when the data are sparse
and unstructured, showing a great capacity of capturing spacial dependancy.
In summary, these experiments demonstrate that [VTITAE-SI] is capable of
dealing with nonstationarity, nonlinear relationships, and non-Gaussian field
reconstruction from scattered observations.

This work has provided a new perspective on [DIl in spatial prediction
and could be applied to a wide range of studies of complex physics systems.
In the future, the proposed method could be extended to a multivariate sys-
tem to explore relationships and correlations between heterogeneous data.
For example, this proposed method could be applied to integrate various
types of measurements, such as low-cost air quality sensors, emission inven-
tion, traffic flow, and meteorological measurements, to enhance air quality
field predictions. In this sense, it goes beyond spatial interpolation methods.
This perspective allows researchers to explore the wealth of sensors mea-
surements using data-driven technique, and will support scientific endeavor
across a wide range of studies in physics system, spatio-temporal statistics

and geostatistics.
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Code and data availability

The code has been implemented using python and available at https:
//github.com/fanhongweifd/ViTAE-for-field-reconstruction. All ex-
periments are finished with the same RTX 3080 GPU.
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Acronyms

(DL [|deep learning]
(NN |neural network]

[AE  |lautoencoderl

NLP | |Natural Language Processing]
lconvolutional neural networkl

[Structural Similarity Index Measure]

[Peak Signal-to-Noise Ratiol

ViT 1 [Vision Transformersd

[ViTAE-ST] [Vision Transformer-based autoencoder and spatial

[interpolation learner|
MLP ] multi-layer perception|
GCN | |eraph neural network]
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