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Introduction and Motivation 

Creeping faults in California exhibit both steady and episodic behaviors that consist of slow 

slip events (Wei et al., 2013). Growing evidence indicates that shallow fault creep can be triggered 

by nearby (e.g., Linde et al., 1996; Wei et al., 2011; Li & Bürgmann, 2021) or remote earthquakes 

(e.g., Tymofyeyeva et al., 2019), modulated by elevated pore pressure  (Khoshmanesh et al., 2018), 

and composed of aseismic slip transients in addition to the background steady creep (e.g., Bilham 

& Behr, 1992; Rousset et al., 2016). Variable creep behaviors contribute to regional strain and 

stress variations, and accelerations of creep rates may produce stress perturbations on faults and 

even trigger earthquakes. Due to limited observations of such low-amplitude near-fault signals, 

the governing factors for variable creep behaviors are still not well understood. Better 

quantification of the spatiotemporal fault creep will not only reveal its underlying mechanisms but 

also provide insight for seismic hazard assessment. 

Interferometric Synthetic Aperture Radar (InSAR) measures high-resolution large-scale 

ground deformation on a routine basis. With the launch of Sentinel-1, the satellite recurrence 

interval was reduced to 6-12 days globally, making it possible to monitor short-term transient 

deformation, such as afterslip (Wang & Burgmann, 2020), remotely triggered slow slip events 

(Tymofyeyeva et al., 2019), and shallow aseismic slip transients (Rousset et al., 2016). 

Theoretically, InSAR timeseries can reach sub-centimeter accuracy if the SBAS network is 

properly designed and atmospheric noise contributions are minimized (Ferretti et al., 2007). 

However, the detectability of the low amplitude transient signal is still largely limited by the 

contamination of atmospheric noises in SAR acquisitions. 

Traditional atmospheric correction methods include applying an empirical model between 

topography and atmospheric delay (e.g., linear, Elliott et al., 2008; quadratic, Wright et al., 2004; 

power-law, Bekaert et al., 2015), using an external auxiliary dataset to estimate the atmospheric 

delay (e.g., Moderate Resolution Imaging Spectroradiometer, MODIS, Le et al., 2005; European 

Centre for Medium-Range Weather Forecasts, ECMWF, Jolivet et al., 2011; Generic Atmospheric 

Correction Online Service, GACOS, Yu et al., 2018), and applying stacking or temporal smoothing 

methods (e.g., common scene stacking, Tymofyeyeva and Fialko, 2015; Kalman filter, Dalaison 

and Jolivet, 2020). Even though the aforementioned methods have proven effective for long-term 

interseismic rate estimation, it is still challenging to extract low-amplitude transient signals from 

InSAR timeseries. Enabled by the increasing volume of SAR acquisitions, deep learning 

algorithms have been applied to automatically identify earthquake and volcano deformations in 

InSAR images (e.g., Anantrasirichai et al., 2018, 2019; Sun et al., 2020; Brengman & Barnhart, 

2021). Moreover, Rouet-Leduc et al. (2021) developed an encoder-decoder neural network and 

showed its effectiveness in denoising InSAR timeseries.  

In this study, we aim to develop a neural network structure that is well designed for 

detecting shallow creep transients, based on the encoder-decoder structure proposed by Rouet-

Leduc et al. (2021). Specifically, we aim to evaluate a series of neural network structures trained 

with synthetic timeseries incorporating synthetic and real noise features, and finally apply the 

denoising method on the creeping North Anatolian Fault and Chaman Fault to identify transient 



creep signals. The development of a successful InSAR denoising method will refine our 

understanding of how strain and stress evolve on continental creeping faults over time. This work 

also benefits past (e.g. ERS, Envisat, ALOS) and planned future SAR missions (e.g. NISAR) by 

mitigating the atmospheric delay in radar measurements. 

 

Neural Network Structure  

The autoencoder is a type of neural network that learns the key features of the input data 

and reconstructs the original input using its compressed representation. The denoising autoencoder 

(DAE) is one of its variations that adds noise into the original input and recovers the clean image 

through the encoder-decoder structure. The original introduction of DAE aimed to avoid 

overfitting and only learn robust features through deep neural networks. Currently, DAEs have 

been widely used in the image denoising community (e.g., applications in medical images, 

Gondara, 2016). We start with the autoencoder structure proposed by Rouet-Leduc et al. (2021) 

and modify the neural network design to optimize for the detection of transient fault creep events. 

 

Figure 1: The neural network 

structure of the denoising 

autoencoder that is adapted from 

Rouet-Leduc et al. (2021). It takes 

a batch of InSAR timeseries as 

input and outputs cumulative 

displacement over the same time 

period. A DEM is fed into the 

model as secondary input at the 

bottleneck. 

 

 

 

 

 

The detailed structure of the neural network adapted from Rouet-Leduc et al. (2021) is 

shown in Figure 1. The inputs of the DAE are a batch of InSAR timeseries consisting of 9 epochs. 

Through training, the DAE learns to differentiate between the spatiotemporal statistics of tectonic 

signal and atmospheric noise and output the noise-free cumulative displacement of the input 

timeseries. The DAE consists of 5 convolutional layers and 2 pooling layers in the encoder. Each 

pooling layer is reducing feature maps in the time domain, while keeping the spatial dimension 

unchanged. At the bottleneck, the topography is added as an extra feature map accounting for the 

topography-correlated atmospheric noises. A batch normalization layer is followed by the 

bottleneck. The DAE is further decoded with 4 convolutional layers to reconstruct the cleaned 

output. We use the rectified linear unit (ReLU) activation function after each convolutional layer. 



Each convolutional layer contains 64 3x3x2 filter kernels in the encoder and 64 3×3×1 kernels in 

the decoder, respectively. In total, more than 400k trainable parameters are included. 

 

Neural Network Training with Synthetic Datasets 

The extraordinary number of trainable parameters in the DAE requires substantial training 

datasets to sufficiently train the neural network. Given there is no ground-truth noise-free 

measurements from InSAR, we will use synthetic deformation timeseries with added noises as 

training sets. For the spatial characteristics of the transient fault creep, we generate surface 

deformation through the Okada dislocation model (Okada, 1992), assuming an elastic 

homogeneous halfspace. Fault parameters including location, length, width, depth, strike, dip and 

the amount of strike-slip are randomly drawn from a uniform distribution within a given range. 

Here we constrain the fault depth to be close to the surface and the fault plane to be near vertical 

(70°-90°), representing behaviors of continental creeping faults. The 3D displacements are further 

projected into the line of sight (LOS) direction using randomly generated heading and incidence 

angle that are reasonable for Sentinel-1 ascending and descending viewing geometries. 

For the generation of synthetic atmospheric noises, we assume the noises are composed of 

both spatial-correlated turbulence and topographic-correlated stratospheric delay. We simulate the 

spatially correlated Gaussian noise using the model proposed by Lohman & Simons (2005) and 

the topographic correlated noise model from Bekaert et al. (2015). For the topography-correlated 

tropospheric noise, the synthetic digital elevation models (DEMs) are randomly generated from 

isotropic 2D fractal surfaces with a power-law behavior (Hanssen, 2001).  

The synthetic InSAR timeseries is generated by projecting the spatial characteristics of the 

deformation into a sequence following particular temporal evolution pattern. That is, the 

deformation signals share the same spatial pattern over time with evolving amplitudes. We assume 

the temporal evolution of the shallow creep transients follows the cumulative distribution function 

of a Gaussian distribution (Rouet-Leduc et al., 2021). The onset and end times of the transients are 

randomly generated as well. Under the assumption that the atmospheric perturbations are random 

in time, we add the atmospheric noise components to each epoch of the InSAR timeseries with a 

random signal-to-noise ratio (SNR) ranging from 10-5 to 103. 

 

Evaluation on Synthetic Timeseries 

The performance of the DAE strongly depends on the SNR of the input timeseries. We 

evaluate the performance of the trained DAE on synthetic InSAR timeseries with varying SNR 

(10-5-103). We use the structural similarity index measure (SSIM), which is a matrix to evaluate 

similarity between images, as the accuracy of the neural network. SSIM=0 indicates a poor match 

between images, while SSIM=1 indicates a perfect match. An evaluation of the denoising accuracy 

(SSIM) with varying SNR is shown in Figure 2a. The trained DAE significantly improves the 

detection accuracy compared with timeseries analysis without correction. 



 
Figure 2: (a) Performance of the denoising neural network model. Each point represents the average 

performance via the structural similarity index measure (SSIM) of a batch of InSAR timeseries for their 

corresponding SNR (batch size=64). The neural network model improves the detectability of timeseries 

analysis over a wide range of SNR (10-3−102). (b) Examples of synthetic and DAE recovered InSAR 

cumulative displacement with SNR of 0.1, 0.01 and 0.001. The 1st-9th columns show the noisy InSAR 

timeseries, the 10th column shows the DAE recovered cumulative displacement, and the last column shows 

the ground-truth noise-free displacement. The SSIM between recovered and noise-free cumulative 

displacements are 0.68, 0.16, and 0.03 for the timeseries with SNR of 0.1, 0.01, and 0.001, respectively. 

 

The DAE denoised timeseries show improved performance over a wide range of SNR (103-

102). The DAE denoised timeseries achieve decent accuracy (SSIM=0.4) until SNR=0.1 whereas 

the noisy timeseries without denoising have an SSIM close to 0 and only reached the same 

accuracy with SNR=1. In general, the DAE enhances the detectability of shallow fault creep 

transient signals by at least 10 times. Figure 2b shows examples of synthetic noisy and DAE 

recovered InSAR timeseries and cumulative displacement with SNR of 0.1, 0.01, and 0.001. For 

low SNR InSAR timeseries (SNR<0.01, Figure 2b), more than 90% of the atmospheric noises are 

effectively removed regardless of the accuracy, suggesting the DAE’s promising potential for both 

signal recovery and noise removal. 

 

Evaluation on Real Timeseries 

To further evaluate the performance of the DAE, we apply the trained neural network on 

InSAR timeseries on the North Anatolian Fault and the Chaman Fault. Both faults have segments 

exhibiting aseismic fault creep behaviors that are well-documented by InSAR observations (Cakir 



et al., 2005; Kaneko et al., 2013; Cetin et al., 2014; Fattahi and Amelung, 2016; Rousset et al., 

2016; Barnhart, 2017; Aslan et al., 2019; Dalaison et al., 2021). 

The North Anatolian Fault 

Located in northern Turkey, the 1200-km-long North Anatolian Fault (NAF) is the major 

active right-lateral fault accommodating the motion between the Anatolian and Eurasian plates at 

a rate of ~25 mm/yr (McClusky et al., 2000). Over the last decade, present-day deformation on the 

NAF has been well-documented by geodetic InSAR and GPS measurements (e.g., Cakir et al., 

2005; Kaneko et al., 2013; Cetin et al., 2014; Rousset et al., 2016; Aslan et al., 2019; Weiss et al., 

2020). At least two creeping sections have been identified on the NAF, including a 60-km-long 

section near the 1999 Mw7.6 Izmit earthquake rupture (Cakir et al., 2012) and the 80-km long 

Ismetpasa segment that hosts the 1944 Mw7.3 and 1951 Mw6.9 earthquakes (Cakir et al., 2012; 

Rousset et al., 2016). At the Ismetpasa creeping segment, Rousset et al. (2016) observes an 

aseismic transient slip episode using the timeseries analysis of the Cosmo-SkyMed (CSK) InSAR 

data between August-September 2013. The transient episode has ~2 cm of slip burst, which is 

equivalent to ~1 year of the tectonic loading (Rousset et al., 2016). 

We test our trained DAE on the CSK timeseries from Rousset et al. (2016) spanning the 

period of the transient creep episode in 2013. Figure 3a-c shows the performance of the DAE on 

the timeseries on the NAF from 2013-09-06 to 2013-10-23. The atmospheric noises are effectively 

removed on the recovered cumulative displacement. The comparisons between fault-perpendicular 

velocity profiles (Figure 3c) show that the DAE is capable of removing the atmospheric noises 

over the region and enhancing the ability of InSAR to detect shallow fault creep. 
 

Figure 3: Performance of the DAE neural network model on the (a-c) NAF and the (d-f) Chaman Fault. 

(a) Input CSK InSAR timeseries from Rousset et al. (2016). (b) Input DEM, original and DAE recovered 

cumulative displacement at the last scene (2013-10-23). (c) Comparisons of profiles between original and 

recovered displacement. Locations of profiles are labeled in (b). (d)Input Sentinel-1 InSAR timeseries from 
Kang Wang (pers. commun.). (e) Input DEM, original and DAE recovered cumulative displacement at the 



last scene (2016-07-29). (f) Comparisons of profiles between original and recovered displacement. 
Locations of profiles are labeled in (b). 

 

The Chaman Fault 

 The ~1000-km-long Chaman fault zone in Afghanistan and Pakistan is the western 

boundary between India and Eurasia plates. At the complex transpressional plate boundary region, 

the tectonic plate motion is accommodated by both 23-36 mm/yr left-lateral strike-slip motion and 

0-18 mm/yr convergence (DeMets et al., 2010; Kreemer et al., 2014; Dalaison et al., 2021). The 

Chaman Fault takes up ~30% of the strike-slip motion and slips at ~12 mm/yr (Dalaison et al., 

2021). Spatially variable shallow fault creep has been identified on the Chaman Fault ranging from 

0-12 mm/yr from InSAR observations (e.g., Fattahi and Amelung, 2016; Barnhart, 2017; Dalaison 

et al., 2021), accompanied by moderate size (M5-6) earthquakes along the fault. 

For the Chaman Fault, we use the Sentinel-1 InSAR timeseries spanning 2015-2021 (Kang 

Wang, pers. commun.). Figure 3d-f shows the performance of the DAE on the timeseries on the 

Chaman Fault from 2016-01-19 to 2016-07-29. Again, the atmospheric noises are effectively 

removed from the cumulative displacement. However, we do not observe significant fault creep 

on the velocity profiles (Figure 3f). Note that the input Sentinel-1 timeseries are taken from a time 

period without known slow slip transients, and the approximately north-south geometry of the 

Chaman Fault also leads to only a small portion of the fault motion is being projected onto the 

InSAR LOS direction. It is possible that the SNR on the Chaman Fault is more than an order 

smaller than that observed on the east-west trending NAF during the transient episode. In addition, 

the steep topographic contrast along the Chaman Fault trace insert difficulties for the DAE to 

distinguish between fault creep signal and the topographic-correlated atmospheric noise. 

 

Conclusion 

We adopt the deep neural network structure called denoising autoencoder (DAE) from 

(Rouet-Leduc et al., 2021) and train the DAE using 106 synthetic InSAR timeseries with simulated 

spatially correlated and topographic-correlated atmospheric noises. The performance of the DAE 

is strongly dependent on the SNR of the input timeseries. The DAE show improved accuracy over 

a wide range of SNR (10-5-103). We further evaluate the performance of the DAE on InSAR 

timeseries on the creeping North Anatolian Fault (NAF) and Chaman Fault. The DAE effectively 

removes atmospheric noises of the InSAR timeseries and recovers the creep transient episodes on 

the NAF. However, the creep signal on the Chaman Fault is not fully recovered. This is possibly 

due to the low SNR on the Chaman Fault creep and the steep topography co-located with the fault 

trace. The performance of the DAE can be further improved by incorporating InSAR timeseries 

with real noise taken from short-term interferograms using the transfer learning strategy. 
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