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Abstract 14 

Super-resolution (SR), a technique for estimating a high-resolution (HR) image from a 15 

low-resolution image, has been used in meteorology for downscaling and resolution 16 

enhancement of observations. SR Gaussian process regression with a steering kernel 17 

(SRGP-SK) generates more accurate HR images than the original SR Gaussian process 18 

regression (SRGP), but it has not yet been applied to meteorological data. This study 19 

applied SRGP-SK to radar/rain gauge–analyzed precipitation for convective and 20 

stratiform cases and evaluated the results using the structural similarity index (SSIM) and 21 

radially averaged power spectral density (PSD). SRGP-SK achieved SSIM values 22 
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comparable to those of bicubic interpolation and higher than those of SRGP while 23 

reconstructing finer precipitation structures; it recovered variations down to a wavelength 24 

of 6 km, compared with 8 km for bicubic interpolation. This difference may correspond 25 

to an approximately threefold increase in the number of convective cells. Among the 26 

kernel functions compared, the Matérn 5/2 kernel yielded the highest geometric mean 27 

PSD ratio. Further investigation of this point could identify the statistical scaling 28 

characteristics of the precipitation field. This study evaluates only two precipitation cases; 29 

examining more cases is necessary before SRGP-SK can be applied more broadly. 30 

Keywords: Super-resolution; Gaussian process regression; Power spectral density; 31 

Kernel function 32 

 33 

1. Introduction 34 

Super-resolution (SR) is a technique for estimating a high-resolution (HR) image from 35 

a single low-resolution (LR) image or a set of LR images. In meteorology, SR is used for 36 

downscaling and resolution enhancement of observations. Recently, deep learning (DL) 37 

has become the mainstream approach to SR (Dong et al. 2015; Vandal et al. 2017; Geiss 38 

and Hardin 2020; Sekiyama et al. 2023). DL demonstrates high performance but has three 39 

limitations. First, it requires large training datasets. Second, quantifying predictive 40 

uncertainty is difficult without advanced techniques, such as Bayesian neural networks or 41 

deep ensemble methods (Lakshminarayanan et al. 2017). Third, the model’s physical 42 

interpretation is challenging (McGovern et al. 2019). In contrast, Gaussian process 43 

regression (GPR) offers several advantages: it is highly data efficient when an appropriate 44 

kernel function is assumed, provides predictions as probability distributions, enables 45 
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quantitative uncertainty assessment, and makes underlying assumptions explicit. 46 

He and Siu (2011) proposed SR Gaussian process regression (SRGP), a two-stage 47 

method in which the input image is first upsampled and deblurred to obtain an SR image 48 

with enhanced edges. However, owing to the complex structure of natural images, simple 49 

pixel features and isotropic radial basis function (RBF) kernels cannot accurately capture 50 

the relationships among image patches. 51 

To address this, Wang et al. (2021) proposed SRGP with a steering kernel (SRGP-SK), 52 

which employs a steering kernel function and an automatic relevance determination 53 

(ARD) kernel function. The steering kernel function improves clustering performance, 54 

and the ARD kernel function captures common structures among image patches within 55 

each cluster, enabling SRGP-SK to generate more accurate SR images than SRGP. 56 

However, SRGP-SK has not yet been applied to meteorology, and its advantages 57 

remain unproven. Here, we applied SRGP-SK to radar/rain gauge–analyzed precipitation 58 

(RA). Following Geiss and Hardin (2020), we used the radially averaged power spectral 59 

density (PSD) of the SR image to verify reconstruction of fine-scale precipitation 60 

structures. In addition, we investigated how reconstruction accuracy varies with kernel 61 

function. These analyses demonstrate the usefulness of SRGP-SK for meteorological SR 62 

and clarify the role of kernel choice in reconstruction. 63 

 64 

2. Method 65 

2.1 Outline of SRGP-SK 66 

SRGP-SK comprises training and test stages. In the training stage, 48 pairs of LR and 67 

HR training images {ܮ௧, ௧}௧ = 1்ܪ , obtained every 30 min during the two days preceding 68 
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the target time, are first acquired (Fig. 1(1)). Here, the running index ݐ = 1, 2, … , ܶ 69 

denotes the pair index. Subsequently, each ܮ௧ is interpolated by a factor of two to yield 70 ܮ௧̃ , whose size equals that of ܪ௧ . A high-frequency (HF) image ܪ௧̃  is obtained by 71 

subtracting the interpolated image ܮ௧̃  from ܪ௧ . Next, ܰ  training image patch pairs 72 

{ ௡ܲ(௅), ௡ܲ(ு)}௡=1ே
 are randomly extracted from the image pairs {ܮ௧̃ , ௧̃}௧=1்ܪ . For each HF 73 

image patch ௡ܲ(ு) (7 × 7 pixels), its center pixel ݌௡(ு) is extracted to form the training 74 

dataset ࣞ = {࢞௡, ௡}௡=1ேݕ ≜ { ௡ܲ(௅), ௡(ு)}௡=1ே݌
 , where ࢞௡  represents the column-stacked 75 

vector of the interpolated LR training image patch ௡ܲ(௅) and ݕ௡ denotes the center pixel 76 

of the corresponding HF image patch ௡ܲ(ு) . The steering kernel coefficient (SK)) 77 

matrices are then used to represent each ௡ܲ(௅) and cluster ࣞ into (5 =) ܥ subsets based 78 

on Euclidean distance, that is, ࣞ = ∪ ࣞ௖஼௖=1 = ∪ {࢞௡(௖), ௡(௖)}௡=1ே೎஼௖=1ݕ , with ∑ ௖ܰ஼௖=1 = ܰ 79 

(= 5000) (Fig. 1(2)). Here, the running index ܿ = 1, 2, … ,  denotes the cluster index, 80 ܥ

and the running index ݊ = 1, 2, … , ௖ܰ  represents the sample index within subset ࣞ௖ . 81 

Finally, a GPR model is trained for each subset ࣞ௖. 82 

In the test stage, the LR test image ܵ is first interpolated by a factor of two to obtain 83 ܵ௅, and all image patches of ܵ௅ are extracted. As in the training stage, the SK) matrices 84 

are used to represent each target image patch and determine the closest cluster ࣞ௖. The 85 

corresponding GPR model is then used to predict the center pixel of the reconstructed 86 

image ܵு  (Fig. 1(3)). Finally, the center pixel of ܵு  is added to that of ܵ௅  to 87 

reconstruct the final SR image ܵ௦ through five iterations of back-projection (Fig. 1(4)). 88 

The SRGP-SK algorithm is summarized in Fig. 1. 89 

 90 
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2.2 SKC 91 

The steering kernel is an anisotropic kernel adapted to the local structure of an image. 92 

Following Wang et al. (2021), the local structure is characterized by applying singular 93 

value decomposition (SVD) to the local gradient matrix, from which the covariance 94 

matrix ࡾ between pixels in the image patch is constructed as follows: 95 ࡾ = థTࢁࡱథࢁߦ , (1) 96 

థࢁ = [ cos ߶ sin ߶− sin ߶ cos ߶] , (2) 97 

ࡱ = ߛ] 00 [1−ߛ . (3) 98 

Here, ࢁథ  and ࡱ  denote the rotation matrix and expansion matrix, respectively. 99 

Equation (1) is uniquely determined by three parameters: the local structure orientation 100 ߶, local structure strength ߛ, and shrinkage parameter ߦ. These parameters are obtained 101 

by applying SVD to the local gradient matrix, defined as follows: 102 

ࡳ = [ ⋮ ,݅)ℎ݌⋮ ݆) ,݅)௩݌ ݆)⋮ ⋮ ] . (4) 103 

Here, ࡳ is obtained by stacking the horizontal gradient ݌ℎ(݅, ݆) and vertical gradient 104 ݌௩(݅, ݆)  of pixel ݌(݅, ݆)  at position (݅, ݆)  in the image patch. Applying SVD to 105 ࡳ 

yields 106 ࡳ = Tࢂ઱ࢁ = ,1ߪ])diag ࢁ ,1࢜] ([2ߪ ࢜2]T, (5) 107 

where diag(⋅)  denotes a diagonal matrix whose diagonal elements are those of the 108 

argument vector, the columns of ࢁ are the left singular vectors of ࡳ, which are not used 109 

below, and the singular values satisfy 1ߪ  ≥ 2ߪ   ≥  0. The orientation ߶ is defined by 110 

the components of the right singular vector ࢜2 = ,(1)2ݒ] T[(2)2ݒ
  corresponding to the 111 



Akami et al., Super-Resolution of Precipitation Using Steering-Kernel GPR 6 

smaller singular value 2ߪ of ࡳ as follows: 112 

߶ = arctan ((2)2ݒ(1)2ݒ) . (6) 113 

The strength ߛ  is defined from the singular values ઱ = diag([1ߪ,  as 114  ࡳ of  ([2ߪ

follows: 115 

ߛ = 1ߪ + 2ߪఙߙ + ఙߙ , (7) 116 

where the regularization parameter ߙఙ = 1.0  improves numerical stability and 117 

suppresses pixel-noise effects. The shrinkage parameter ߦ is defined as follows: 118 

ߦ = 2ߪ1ߪ) + ܯ௥ߙ )12 , (8) 119 

where the regularization parameter ߙ௥ = 0.01  has the same effect as ߙఙ , and 120 ܯ 

denotes the number of pixels in the image patch. 121 

Once ࡾ is computed, the SK) matrix of each image patch is obtained. Let ݅0 and ݆0 122 

denote the row and column indices, respectively, of the center pixel ݌௡(௅)  in the 123 

interpolated LR training image patch ௡ܲ(௅), and let ࡾ௡(௅) be the corresponding covariance 124 

matrix. The SK) matrix ࢃ௡(௅) is then defined as follows: 125 

,݅)௡(௅)ࢃ ݆) = det(ࡾ௡(௅))22ߢߨ ⋅ exp {− ((݅0, ݆0)T − (݅, ݆)T)Tࡾ௡(௅)((݅0, ݆0)T − (݅, ݆)T)22ߢ } , (9) 126 

where ࢃ௡(௅)(݅, ݆)  denotes the element of ࢃ௡(௅)  in row ݅  and column ݆ , det(⋅) 127 

indicates the determinant of the argument matrix, and the global smoothing parameter is 128 

set to ߢ = 1.6. Because the SK) matrix numerically represents the local structure of each 129 

image patch, we used it as a feature vector for ݇-means clustering. 130 

 131 
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2.3 GPR 132 

In GPR, the center pixels ࢟(௖) = ,(௖)1ݕ} ,(௖)2ݕ … ,  ே೎(௖)}  corresponding to the training 133ݕ

image patches ࢄ(௖) = {࢞1(௖), ࢞2(௖), … , ࢞ே೎(௖)} are assumed to follow a multivariate Gaussian 134 

distribution. As in Wang et al. (2021), this assumption holds when the target image patch 135 

is added; that is, the training image patches ࢄ = {࢞1(௖), ࢞2(௖), … , ࢞ே೎(௖), ࢞∗} and the center 136 

pixels, including the target pixel, ࢟ = ,(௖)1ݕ} ,(௖)2ݕ … , ,ே೎(௖)ݕ  are jointly Gaussian, as 137  {∗ݕ

follows: 138 

[࢟(௖) ݕ∗ ] ~ࣨ (૙, ,(௖)ࢄ)ܭ] ((௖)ࢄ + ࡵ2ߛ ,(௖)ࢄ)ܭ ,∗࢞)ܭ(∗࢞ ((௖)ࢄ ݇(࢞∗, ࢞∗) ]) . (10) 139 

Here, ࡷ = ,(௖)ࢄ)ܭ ((௖)ࢄ +  denotes the covariance matrix of the training image 140 ࡵ2ߛ

patches, a square matrix of order ௖ܰ that includes the noise term ࢑ ;ࡵ2ߛ∗ = ,(௖)ࢄ)ܭ ࢞∗) 141 

represents the covariance (similarity) vector between the target pixel and training image 142 

patches; ݇∗∗ = ݇(࢞∗, ࢞∗) is the self-covariance (self-similarity) of the target pixel; the 143 

superscript ∗  indicates quantities associated with the target pixel; and ࡵ  denotes the 144 

identity matrix of order ௖ܰ. The posterior distribution of the target pixel ݕ∗, given the 145 

training dataset ࣞ௖ = {࢞௡(௖), ௡(௖)}௡=1ே೎ݕ
, can then be written as follows: 146 

,(௖)ࢄ | ∗ݕ ࢟(௖), ,(௖)1࢟−ࡷ⊤∗࢑)ࣨ~∗࢞ ݇∗∗ − .(∗1࢑−ࡷ⊤∗࢑ (11) 147 

For numerical stability, a small jitter term is added to the diagonal elements of 148 

covariance matrix ࡷ before )holesky decomposition. 149 

 150 

2.4 Kernel function 151 

An isotropic kernel, such as the RBF kernel commonly used in GPR, cannot capture 152 
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complex image structures. Therefore, we adopt the ARD kernel, which incorporates local 153 

structural information. With a separate length-scale parameter ߣ௡ for the ݊-th pixel, the 154 

ARD anisotropic distance is defined as follows: 155 

ݎ = √∑௡=1ே೎ (࢞௡(௖) − ࢞௡(௖)′)2 ௡2ߣ/ , (12) 156 

where ࢞௡(௖)′
 denotes another column-stacked vector in subset ࣞ௖. 157 

Building on this, each kernel is expressed as a function of the ARD anisotropic distance 158 ݎ. For the exponential kernel, 159 ݇1/2(ݎ) = 2(௖)1ߠ exp(−ݎ) + ߜ2(௖)3ߠ (࢞௡(௖) − ࢞௡(௖)′) ; (13) 160 

for the Matérn 3/2 kernel, 161 ݇3/2(ݎ) = 2(1(௖)1ߠ + (ݎ3√−)exp (ݎ3√ + ߜ2(௖)3ߠ (࢞௡(௖) − ࢞௡(௖)′) ; (14) 162 

for the Matérn 5/2 kernel, 163 ݇5/2(ݎ) = 2(1(௖)1ߠ + ݎ5√ + (ݎ5√−)exp (2/3ݎ5 + ߜ2(௖)3ߠ (࢞௡(௖) − ࢞௡(௖)′) ; (15) 164 

and for the RBF kernel, 165 ݇∞(ݎ) = 2(௖)1ߠ exp(−2/2ݎ) + ߜ2(௖)3ߠ (࢞௡(௖) − ࢞௡(௖)′) . (16) 166 

These kernels differ only in terms of the smoothness imposed on the function. Here, 167 1ߠ(௖)2
  denotes the signal variance, 3ߠ(௖)2

  is the noise variance, and ߜ  represents the 168 

Kronecker delta. The length-scale parameter ߣ௡ acts as a relevance parameter: a smaller 169 ߣ௡ makes the kernel more sensitive to the ݊-th pixel, assigning greater importance to it. 170 

Notably, the hyperparameter values differ among subsets. 171 

For each subset ࣞ௖, 1ߠ(௖) and 3ߠ(௖) denote the standard deviations of the signal and 172 

the noise, respectively, and are initialized as follows: 173 
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(௖)1ߠ = std ({࢞௡(௖)}௡=1ே೎ ) , (17) 174 

(௖)3ߠ = std ௡=1ே೎{௡(௖)ݕ}) ) , (18) 175 

where std(⋅) denotes the standard deviation of the argument data, and {࢞௡(௖)}௡=1ே೎
 and 176 

௡=1ே೎{௡(௖)ݕ}
 represent the training image patches and corresponding center pixels in subset 177 

ࣞ௖ (Wang et al. 2021). 178 

The length-scale parameter ߣ௡(௖)  is initialized from the average SK) matrix ࢃ௖ , 179 

obtained by averaging the normalized SK) matrices of all image patches in subset ࣞ௖, 180 

as follows: 181 

௡(௖)ߣ = √ ௡௡[௖ࢃ]1 , ݊ = 1,2, … , ௖ܰ, (19) 182 

where [ࢃ௖]௡௡ denotes the ݊-th diagonal component of ࢃ௖. All hyperparameters 1ߠ(௖), 183 

 ௡(௖)  are then optimized for each subset ࣞ௖  by maximizing the marginal 184ߣ and , (௖)3ߠ

likelihood. 185 

 186 

2.5 PSD 187 

This study used PSD to compare the reconstruction accuracy of bicubic interpolation, 188 

SRGP, and SRGP-SK. PSD indicates how well each method reconstructs fine-scale 189 

precipitation structures and reveals artifacts. The PSD is defined as follows: 190 

PSD = ,2|{௦̂ܵ}2ܨ| (20) 191 

where the overbar denotes radial averaging in Fourier space, 2ܨ{⋅} represents the two-192 

dimensional Fourier transform, and ܵ௦̂ is the SR image generated by each method (Geiss 193 
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and Hardin 2020). 194 

 195 

3. Data and Target Region 196 

We used the RA product provided by the Japan Meteorological Agency (JMA). RA is 197 

a 1-km-grid, 1-h accumulated precipitation product produced by merging radar 198 

reflectivity with rain gauge observations from networks operated by JMA (including the 199 

Automated Meteorological Data Acquisition System), the Ministry of Land, 200 

Infrastructure, Transport, and Tourism, and local governments (Makihara 1996; Nagata 201 

2011). The product is available every 30 min. This study focused on two representative 202 

cases: convective precipitation ()ONV) over Hiroshima Prefecture at 21:00 UT) on July 203 

6, 2018 and stratiform precipitation (STRA) over Okinawa Prefecture at 00:00 UT) on 204 

June 2, 2011. We selected the )ONV case because it produced record-breaking heavy 205 

rainfall (Tsuguti et al. 2019) and the STRA case because it exhibited a high rainfall rate 206 

for stratiform precipitation (Oue et al. 2015). The target regions cover 32.7501–207 

35.2499°N and 130.6250–134.3750°E for )ONV and 26.2501–28.7499°N and 208 

126.1250–129.8750°E for STRA (Fig. 2). 209 

 210 

4. Results 211 

We evaluated the SR images objectively using the structural similarity index measure 212 

(SSIM) and subjectively by visual inspection. For )ONV, SRGP-SK achieved 213 

reconstruction accuracy comparable to that of bicubic interpolation in terms of SSIM. The 214 

SR image reconstructed by SRGP-SK also showed high sharpness and fine-scale 215 

precipitation structures, particularly in the region enclosed by the black frame (Fig. 3). 216 
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For STRA, SRGP-SK achieved reconstruction accuracy comparable to that of bicubic 217 

interpolation in terms of SSIM. The SR image reconstructed by SRGP-SK also exhibited 218 

high sharpness and fine-scale precipitation structures, as in )ONV (Fig. 4). 219 

We compared the radially averaged PSD [Eq. (20)] to evaluate SR images in Fourier 220 

space. For )ONV, SRGP-SK preserved more power than the other methods at 221 

wavelengths shorter than the LR Nyquist wavelength of the interpolated LR training 222 

image, corresponding to fine-scale precipitation structures. Moreover, no features 223 

indicative of artifacts were observed. Notably, the PSD curve for SRGP-SK nearly 224 

overlapped that of the ground truth up to the LR Nyquist wavelength, whereas the other 225 

methods lost power even at long wavelengths (Fig. 5a). For STRA, features similar to 226 

those in )ONV were observed (Fig. 5b). Notably, SRGP-SK reconstructed fine-scale 227 

precipitation structures down to a wavelength of 6 km, whereas bicubic interpolation 228 

reconstructed them only down to a wavelength of 8 km for both cases. 229 

Table 2 lists the objective measures (SSIM and geometric mean PSD ratio) used to 230 

evaluate SRGP-SK with different kernel functions across the two cases. For )ONV, the 231 

exponential kernel performed best on SSIM, whereas the Matérn 3/2 kernel performed 232 

best on the geometric mean PSD ratio. For STRA, the exponential kernel again performed 233 

best on SSIM, whereas the Matérn 5/2 kernel performed best on the geometric mean PSD 234 

ratio. The optimal kernel differed between measures because SSIM assesses whether 235 

identical structures appear at the same location as in the ground truth, whereas the 236 

geometric mean PSD ratio assesses whether each scale contains the same amount of 237 

precipitation structure as the ground truth. Accordingly, a high SSIM but low geometric 238 

mean PSD ratio indicates that overall locations are reconstructed but fine-scale 239 

precipitation structures are underestimated. )onversely, a low SSIM but high geometric 240 
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mean PSD ratio indicates that plausible textures are placed at incorrect locations. 241 

Furthermore, all kernel functions yielded comparable geometric mean PSD ratios for 242 

)ONV, whereas marked differences emerged for STRA. 243 

 244 

5. Discussion 245 

SRGP-SK generated accurate SR images for )ONV and STRA (Figs. 3 and 4) because 246 

it employs the steering kernel to cluster image patches and the ARD kernel, which assigns 247 

an independent length-scale parameter to each input variable. In contrast, SRGP produced 248 

less accurate SR images because it cannot fully exploit prior information in natural images 249 

(Xie et al. 2013). Moreover, the SSIM values of bicubic interpolation and SRGP-SK were 250 

comparable because bicubic interpolation was used for downsampling and upsampling in 251 

this study. 252 

SRGP-SK exhibited a higher PSD than the other methods at wavelengths shorter than 253 

the LR Nyquist wavelength (Fig. 5). This result can be explained as follows: First, 254 

because bicubic interpolation does not reconstruct HF components absent from the LR 255 

image, it exhibited low PSD at wavelengths shorter than the LR Nyquist wavelength. 256 

Second, because SRGP fits a single GPR jointly to image patches with different structures, 257 

its length-scale parameter is optimized to reflect the average smoothness of the entire 258 

dataset. )onsequently, the predicted HF image power decreased, and SRGP exhibited a 259 

relatively low PSD at wavelengths shorter than the LR Nyquist wavelength. In contrast, 260 

SRGP-SK trains GPR models separately for clusters of similar image patches, allowing 261 

the length-scale parameter to adapt to each cluster’s local structure; accordingly, SRGP-262 

SK exhibited high PSD at wavelengths shorter than the LR Nyquist wavelength. 263 
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Moreover, because the steering kernel suppresses smoothing across edges, the PSD at 264 

wavelengths longer than the LR Nyquist wavelength nearly matched that of the ground 265 

truth. 266 

Bicubic interpolation reconstructed precipitation structures down to a wavelength of 8 267 

km, whereas SRGP-SK reconstructed them down to a wavelength of 6 km. As area scales 268 

with the square of wavelength, this implies that the smallest identifiable precipitation 269 

structure area is reduced to approximately half. This difference in the shortest resolvable 270 

wavelength has direct implications for representing convection. Although the significance 271 

of this 2-km difference is challenging to interpret, we provide an illustrative example. 272 

Miyamoto et al. (2013) performed global subkilometer simulations and examined the 273 

dependence of the number of convective cells on grid spacing. Although the model grid 274 

spacing and resolvable wavelength presented here are not directly comparable, the 275 

difference between 8 km and 6 km corresponds to an approximately threefold increase in 276 

the number of convective cells, from 7.54 × 103  to 2.38 × 104 . )urrently, no firm 277 

evidence indicates that the 2-km improvement in the resolvable wavelength offered by 278 

SRGP-SK is practically advantageous, but its potential importance cannot be ruled out. 279 

For STRA, the geometric mean PSD ratio differed markedly among the kernel 280 

functions (Table 2), attributable to the sparsity of precipitation structures at wavelengths 281 

shorter than the LR Nyquist wavelength. Because such precipitation structures are almost 282 

absent from the LR image, the SR image is weakly constrained by the LR image in this 283 

band, and the PSD is dominated by each algorithm’s intrinsic extrapolation behavior. 284 

)onsequently, differences among kernel functions are reflected primarily in the PSD 285 

within this band. Among the tested kernels, the Matérn 5/2 kernel yielded the highest 286 

geometric mean PSD ratio for STRA. This result suggests that kernel smoothness affects 287 
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the reconstructed spectrum. However, the kernel function in SRGP-SK defines the 288 

covariance between input image patches, thereby encoding the prior assumption that 289 

similar interpolated LR image patches yield similar center pixels of the corresponding HF 290 

image patches. Therefore, its interpretation in terms of the precipitation field remains 291 

difficult. 292 

 293 

6. Conclusion 294 

We applied SRGP-SK to RA and showed that it achieved higher reconstruction 295 

accuracy than SRGP. SRGP-SK also reconstructed precipitation structures down to 296 

shorter wavelengths than bicubic interpolation. Assessing the practical value of this 297 

insight will require evaluating the number of convective cells in the SR images, which is 298 

left for future work. 299 

We further showed that the Matérn 5/2 kernel yielded the highest geometric mean PSD 300 

ratio. Realizing the potential of this result requires a framework in which the kernel 301 

function is defined in physical space, as in Wang et al. (2015). In such a framework, the 302 

spectral density of the kernel function corresponds analytically to the precipitation field 303 

spectrum, substantially improving kernel interpretability. Owhadi (2023) demonstrated 304 

that the residual obtained by substituting an approximate solution of Gaussian process 305 

hydrodynamics into the vorticity equation decreases markedly when the kernel function 306 

is consistent with the power law of the velocity increment. )onversely, this implies that 307 

the statistical scaling characteristics of the precipitation field could be identified by 308 

estimating the kernel function that minimizes the error. However, this approach requires 309 

the kernel function to be defined in physical space and characterizes only second-order 310 
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statistics. Finally, examining more cases is necessary before SRGP-SK can be applied 311 

more broadly. 312 
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List of Figure Captions 396 

 397 

Fig. 1. Flowchart of the SR procedure based on SRGP-SK: (1) RA images at times other 398 

than the target time are collected to construct the training dataset. (2) The training 399 

dataset is clustered by ݇-means using the SK) matrix as the feature vector, yielding 400 

GPR models adapted to local image structures. The red and blue crosses denote 401 

cluster centers; the red cluster comprises center pixels of HF image patches, the blue 402 

cluster comprises interpolated LR target image patches, and the diagonal line 403 

represents the decision boundary. (3) Each target image patch is assigned to a cluster, 404 

and the center pixel of the corresponding HF image patch is predicted from the 405 

collocated interpolated LR target image patch using the GPR model of that cluster. 406 

The inset shows the graphical model: squares denote pixels of the interpolated LR 407 

target image patch; circles denote the unknown Gaussian field; the horizontal line 408 
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represents a set of fully connected nodes; ݂  denotes a function following a 409 

Gaussian process; the subscript ݊ = 1, 2, … , ௖ܰ represents the sample index; and 410 

the superscript ∗ denotes quantities associated with the target pixel. (4) The HR 411 

image is generated from the LR image using SRGP-SK. 412 

 413 

 414 

Fig. 2. Target regions of this study. The red square denotes the target region for the )ONV 415 

case (over Hiroshima Prefecture at 21:00 UT) on July 6, 2018), and the blue square 416 

denotes that for the STRA case (over Okinawa Prefecture at 00:00 UT) on June 2, 417 
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2011). The )ONV case region covers 32.7501–35.2499°N and 130.6250–418 

134.3750°E, and the STRA case region covers 26.2501–28.7499°N and 126.1250–419 

129.8750°E. The RA grid spacing is 0.012500° in longitude and 0.008333° in 420 

latitude, resulting in nonrounded coordinate values. Both regions comprise 300 × 421 

300 pixels, forming square images. 422 

 423 

 424 

Fig. 3. )omparison of 2× SR results for the )ONV case: (a) ground truth, (b) bicubic 425 

interpolation, (c) SRGP, and (d) SRGP-SK. The SSIM with respect to the ground 426 

truth is shown above each reconstruction (panels b–d). The inset in the upper-left 427 

corner of each panel shows a magnified view of the region enclosed by the black 428 

frame. 429 
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 430 

 431 

Fig. 4. )omparison of 2× SR results for the STRA case: (a) ground truth, (b) bicubic 432 

interpolation, (c) SRGP, and (d) SRGP-SK. The SSIM with respect to the ground truth 433 

is shown above each reconstruction (panels b–d). The inset at the upper-left corner of 434 

each panel shows a magnified view of the region enclosed by the black frame. 435 

 436 



SOLA, XXXX, Vol.X, XXX-XXX, doi: 10.2151/sola.XXXX-XXX 

23 

23 

 437 

Fig. 5. Radially averaged PSD of the ground truth, bicubic interpolation, SRGP, and 438 

SRGP-SK: (a) PSD for the )ONV case (over Hiroshima Prefecture at 21:00 UT) 439 

on July 6, 2018) and (b) PSD for the STRA case (over Okinawa Prefecture at 00:00 440 

UT) on June 2, 2011). The vertical axis represents PSD [(mm/hr)²], and the 441 

horizontal axis represents wavelength [km]. Both axes are logarithmic, and the 442 

horizontal axis is reversed. The ground truth comprises 300 × 300 pixels, and the 443 

vertical black line marks the Nyquist wavelength of the interpolated LR training 444 

image (150 × 150 pixels) input to SRGP-SK: 4.15 km for the )ONV case and 4.31 445 

km for the STRA case. The blue, yellow, red, and green lines indicate the PSD of the 446 

ground truth, bicubic interpolation, SRGP, and SRGP-SK, respectively. The higher 447 

PSD of SRGP-SK (green line) at wavelengths shorter than the LR Nyquist 448 

wavelength indicates that SRGP-SK preserves fine-scale precipitation structures 449 

much better than the other methods (yellow and red lines). SRGP-SK also preserves 450 

nearly all power at wavelengths longer than the LR Nyquist wavelength (the region 451 

between the vertical axis and the black line), remaining closest to the ground truth 452 

among the reconstructions. 453 

 454 
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List of Table Captions 455 

Table 1. Algorithm of the SRGP-SK method. 456 

Input: LR/HR training image pairs {ܮ௧, ௧}௧=1்ܪ , SR magnification factor ݏ, and LR 

test image ܵ 

Output: SR image ܵ௦ generated by SRGP-SK 

 

Training stage: 

1. Apply bicubic interpolation to each LR training image ܮ௧  to generate an 

interpolated LR training image ܮ௧̃ with the same size as the HR training image ܪ௧. 

2. Generate an HF image ܪ௧̃ by subtracting ܮ௧̃ from ܪ௧. 

3. Randomly sample ܰ training image patch pairs { ௡ܲ(௅), ௡ܲ(ு)}௡=1ே
 from {ܮ௧̃, ௧̃}௧=1்ܪ . 

4. Generate training dataset ࣞ = {࢞௡, ௡}௡=1ேݕ ≜ { ௡ܲ(௅), ௡(ு)}௡=1ே݌
  by extracting the 

center pixel ݌௡(ு) from each HF image patch ௡ܲ(ு). 
5. )ompute the SK) matrix for each interpolated LR training image patch ௡ܲ(௅) and 

cluster the training dataset ࣞ  into ࣞ = ∪ ࣞ௖஼௖=1 = ∪ {࢞௡(௖), ௡(௖)}௡=1ே೎஼௖=1ݕ  . As the 

sample number ௖ܰ  in subsets ܿ = 1, 2, … , ∑ , ܰ sums to the total sample number  ܥ ௖ܰ஼௖=1 = ܰ holds. 

6. Initialize the hyperparameters for each subset ࣞ௖ following Eqs. (17)–(19). 

7. Train a GPR model for each subset ࣞ௖. 

 

Test stage: 



SOLA, XXXX, Vol.X, XXX-XXX, doi: 10.2151/sola.XXXX-XXX 

25 

25 

8. Apply bicubic interpolation to the LR test image ܵ with SR magnification factor ݏ 

to generate an interpolated LR test image ܵ௅. 

9. Initialize the reconstructed image as ܵு = ܵ௅. 

10. Extract an interpolated LR target image patch ࢞∗ from ܵ௅. 

11. Search for the nearest neighbor subset ࣞ௖ based on the SK) matrix of ࢞∗. 

12. Predict the target pixel ݕ∗ using the GPR model of that subset. 

13. Add the center pixel of the interpolated LR target image patch cen(࢞∗)  to the 

target pixel ݕ∗ to obtain the SR pixel ݏ∗, where cen(⋅) denotes the center pixel of 

its argument image patch. 

14. Replace the corresponding pixel in ܵு with ݏ∗. 

15. Apply iterative back-projection to ܵு to obtain the SR image ܵ௦. 

 457 

Table 2. SSIM and geometric mean PSD ratio [%] for different kernel functions across 458 

the two precipitation cases. Exp, Matérn3, Matérn5, and RBF denote the exponential, 459 

Matérn 3/2, Matérn 5/2, and RBF kernels, respectively. The geometric mean PSD 460 

ratio is obtained by calculating the ratio of the geometric mean PSD values of SRGP-461 

SK and the ground truth at wavelengths shorter than the LR Nyquist wavelength. 462 

The best score in each row is highlighted in bold. 463 

Case 

SSIM 

Exp Matérn3 Matérn5 RBF 

CONV 0.9607 0.9583 0.9584 0.9605 

STRA 0.9594 0.9545 0.9475 0.9547 

Case Geometric mean PSD ratio [%] 
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Exp Matérn3 Matérn5 RBF 

CONV 28.28 28.84 27.85 25.86 

STRA 13.36 25.08 39.34 16.27 
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