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Abstract 
Passive seismic tomography has proven to be a valuable alternative in areas where active seismic 
methods face significant challenges. In this study, we investigate the application of Full Waveform 
Inversion (FWI) – a modern, high-resolution tomographic technique – as a potential passive seismic 
approach for the Dehdasht embayment, Southwest, Iran. Prior to applying FWI to the real dataset from 
Dehdasht, we test a proposed multi-scale workflow on a synthetic model that closely resembles the study 
area. Through this workflow, we examine key factors affecting the FWI performance, including source 
and receiver configurations, presence of noise in data and inaccuracies in source location. 
Encouragingly, with a receiver spacing comparable to Dehdasht acquisition network and a sufficient 
number of sources – particularly in Vs model– we are able to reconstruct high-resolution subsurface 
features such as hydrocarbon trap, high-velocity bedrock and shallow syncline structure. Even with the 
addition of substantial level of random noise, the results demonstrate that our proposed workflow is 
robust and capable of producing clear subsurface tomographic image. However, simulations 
incorporating erroneous source locations reveal that significant source misplacement can lead to 
divergence and instability in FWI process. As a result, before applying FWI to the real dataset of 
Dehdasht, special attention must be given to source relocation or accurate source modeling. At the end, 
we propose a hierarchical processing workflow to ensure the convergence toward a reliable high-
resolution tomographic model of the Dehdasht embayment.. 
 
Keywords: Passive Seismic Tomography, Full Waveform Inversion, Hydrocarbon Tarp, Synthetic 
Modeling, Dehdasht Region, Zagros. 
 
Introduction 
 
The application of active seismic methods is particularly challenging in geologically and 
tectonically complex regions, such as sub-salt and sub-basalt environments, or when exploring 
deep potential targets that often serve as strategic hydrocarbon reservoirs. In contrast, passive 
seismic methods offer a promising alternative for overcoming these challenges. The low 
frequency content and higher energy of passive sources allows the seismic waves to penetrate 
deeper into the subsurface. More importantly, the large-amplitude shear waves generated by 
passive sources provide valuable information about shear-wave velocity and attenuation-
properties that are highly critical in exploration and characterization of hydrocarbon reservoirs 
(Kapotas, et al., 2003; Tselentis et al., 2007).  
    Encouraged by promising results reported by Kapotas et al. (2003), Tselentis et al. (2007, 
2011), Nakata et al., (2015, 2016),  the National Iranian Oil Company (NIOC) deployed a dense 
seismological network in Dehdasht embayment, located in fold and thrust belt of central Zagros, 
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Southwestern Iran (Figure 1). The main imaging challenges in this region stem from sub-salt 
condition and the depth of target zone. Situated beneath the Gachsaran salt formation and 
trapped by a fold-and-thrust belt configuration, it is extremely challenging to apply 
conventional active seismic methods for imaging of Asmari formation. Additionally, the target 
Asmari formation is expected to lie at a depths of approximately 3-4 Km (Bordenave & Hegre, 
2005; Sherkati et al., 2005). Salinas et al., (2019) provided a comprehensive description of the 
network design, aimed at acquiring high-quality data for a high-resolution 3D tomographic 
modeling. Using more than 8000 micro-earthquakes recorded by this network and a non-linear 
travel-time tomography technique, Shomali et al., (2018) developed a 3D VP and VP/ VS 
velocity model that revealed complex tectonic features, such as velocity anomalies, low-angle 
thrust faults and synclines. Riahi et al., (2021) further analyzed the ambient noise component 
of this dataset and successfully extracted high-frequency body and surface waves from cross-
correlated noise fields. In subsequent, they planned to use P-wave arrival times from 
correlograms for tomographic inversion to reconstruct the shallow velocity structure in the 
Dehdasht area. 
    Despite some achievements, conventional methods in passive seismic explorations still 
suffers from a considerable limitation. Most notably, they are based on ray theory, which 
represents a high-frequency and simplified approximation of the wave equation. As a 
consequence, this approximation breaks down in media with heterogeneities on the order of 
radiated wavelength–a typical condition at passive seismic scale (Wu & Toksöz, 1987; Husen 
& Kissling, 2001; Spetzler & Snieder, 2004; MacEira et al., 2015). 

 

 
Figure 1. A topographic map of the Dehsht region featuring an inset that displays its location within 
Iran's Zagros fold and thrust belt (highlighted by a red rectangle). The map offers geographical context 
for the passive seismic network, indicated by triangles. The city of Dehdasht is marked with a green 
square. Seismological stations within the Dehdasht seismic network are represented by triangles. MZRF 
denotes the Main Zagros Reverse Fault, serving as the primary boundary between the Zagros Mountains 
and Central Iran 
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    Moreover, while seismograms are rich with information from source and subsurface 
structures as a train of wiggles, conventional tomographic methods utilize only a small portion 
of this content. Travel-time tomography, for example, focuses solely on the arrival times of 
selected seismic phases. Consequently, this restriction in the usage of information results in a 
limited resolution (Claerbout, 1986; Jannane et al., 1989; Virieux et al., 2014), particularly by 
ignoring scattered, reflected or diffracted wavefields-which are essential for resolving fine-
scale (high wavenumber) features of the subsurface. 
    With the advent of High Performance Computing (HPC), Full Waveform Inversion (FWI) –
originally developed in the early 1980s as a recast of seismic migration (Claerbout, 1971; 
Claerbout & Doherty, 1972; Tarantola, 1984, 1987) – found its way into practical applications. 
In addition to utilizing the full information content of the seismograms, FWI explicitly 
incorporates the physics of seismic wave propagation into the inversion process, allowing all 
types of wavefields to contribute into reconstructing a high-resolution image of the subsurface. 
The finite-frequency nature of seismic waves is also implicitly included in the tomographic 
process. These significant advantages inspired us to apply this state-of-the-art technique to the 
unique dataset from the Dehdasht passive seismic project. However, prior to implementing FWI 
on the real dataset, we will first conduct a synthetic study. Our primary goals were to identify 
potential challenges in processing real-word data and to design an optimized workflow 
compatible with our passive seismic scale of interest. Furthermore, the synthetic study provides 
us with a valuable insight into the resolution we can expect, considering factors such as the 
acquisition network configuration, seismicity distribution, signal to noise ratio, number of 
sources included and the error in source locations. Accordingly, in this study we will first 
present a brief description on the synthetic model adopted for our simulations, followed by a 
proposed multi-scale FWI workflow for our inversion process. Given this workflow, we then 
assess the role of several key parameters– including receiver spacing, number of sources, noise 
level and source locations errors– on the inversion results. 
 
Synthetic Model setting 
 
To date, several synthetic models have been developed by both research and industrial 
institutions. Considering the challenges encountered during passive seismic data processing in 
Dehdasht embayment, we found the SEG/EAGE Overthrust model as a potential model to work 
on due to its geological and structural proximity to the Dehdasht area. A notable advantage of 
this model which captivated our interest the most was a hydrocarbon trap introduced between 
two reverse faults, in a heavily folded thrust region. Additionally, the model’s dimensions (20 
km×20 km×4.0 km) are large enough to approximately encompass the acquisition network of 
the Dehdasht passive seismic project. Although a full 3D synthetic study would be an ideal, the 
significant computational demands made this approach impractical. As a consequence, and in 
line with many prior synthetic studies, we opted for a 2D synthetic simulation on a 
representative section preferably passing through the hydrocarbon trap (Figure 2). For source 
generation, we distributed 250 random sources throughout the model with a Ricker wavelet as 
source time function with central frequency of 8 Hz.  
    Regarding the acquisition network, 78 surface stations were deployed with a spacing of 250 
m. It should be mentioned that depending on the simulation purpose, we used various subsets 
of the available sources and receivers. Using this source-receiver configuration, we generated 
the synthetic seismograms from the true model to serve as the observed data. For waveform 
simulation, we employed the Spectral Element Method (SEM) (Komatitsch, Tromp & Sciences, 
1999; Komatitsch, Ritsema & Tromp, 2002; Komatitsch et al., 2004; Tromp, Komatitsch & 
Liu, 2008; Peter et al., 2011), which numerically solves the elastic wave equation. Although 
numerical simulation of elastic waves require compressional wave velocity (VP), shear wave 
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velocity (VS) and density (Rho), but the EAGE/SEG Overthrust model only provides the VP. 
To keep our synthetic study as realistic as possible, we estimated the density model using 
Brocher’s empirical relation (Brocher, 2005) (equation 1), which is based on a diverse near-
surface datasets including wireline borehole logs, vertical seismic profiles and laboratory 
measurements.  
𝜌(𝑔/𝑐𝑚ଷ) = 1.4𝑉௉

଴.ଶହ         (1) 
    Additionally, analysis of existing tomography models for the Dehdasht area confirms that 
the conventional relation of 𝑉ௌ = 𝑉௉ √3⁄  also completely holds for this area (Shomali et al., 
2018; Salinas et al., 2019). Given the abovementioned considerations, we meshed the model 
using rectangular elements with dimensions of 100 m ×100 m and employed five Gauss-
Lobatto-Legendre (GLL) points per elements in each direction. This setup ensured stable 
wavefield simulation up to 14 Hz.  
 
Proposed workflow 
 
Before initiating simulations to evaluate the role of different factors affecting the passive 
seismic FWI results, we first introduce our proposed workflow for this study. Consistent with 
prior studies, and considering the highly nonlinear nature of the FWI formulation, we adopt a 
hierarchical and multi-scale strategy to mitigate the nonlinearity and enhance the stability and 
convergence of the inversion process (Pratt, 1999; Virieux & Operto, 2009; Operto et al., 2013; 
Virieux et al., 2014; Ren & Liu, 2016). Within this framework, we begin the FWI process using 
s multi-taper traveltime difference as the misfit function, focusing on the low-frequency content 
of the seismograms during the initial iterations. This choice is motivated by the fact that 
traveltime-based misfit functions are less sensitive to uncertainties such as source magnitude, 
radiation pattern, attenuation model and even sensor calibration (Bozdaǧ, Trampert & Tromp, 
2011; Tao, Grand & Niu, 2017). Moreover, traveltime information is most  sensitive to the 
long-wavelengths components of the velocity structure, which represent the background model 
of the medium (Jannane et al., 1989; Huang & Schuster, 2014; Hu et al., 2018). The accuracy 
of this background velocity model is critical for the stability and convergence of FWI, as it 
determines how the high-frequency wavefields propagate throughout the medium. Furthermore, 
the low-frequency components of the seismograms are less prone to cycle-skipping, and the 
overall nonlinearity of FWI is significantly reduced at low frequencies.  
    As the inversion progresses and the long-wavelength structure is recovered, we gradually 
extend the frequency band into higher frequency ranges and switch to waveform difference 
misfit function in later iterations. This transition incorporates shorter-wavelength information 
and allows the inversion to resolve finer-scale features, effectively upgrading the background 
model to a high-resolution image. The complete sequence of frequency bands and 
corresponding misfit functions used in our multi-scale workflow is presented in table (1). 
 

 
Figure 2. The 2D synthetic model of Vp used in this study. A total of 250 randomly distributed passive 
sources are shown across the model as black markers. Red markers indicate the subset of sources used 
step-length evaluation for gradient scaling described in the text 
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Table 1. The frequency bandwidth and misfit function used in our multi-scale FWI algorithm 
Frequency band Misfit type 

0.5-1.6 Hz Multi-taper travel time difference 
0.5-2.5 Hz Multi-taper travel time difference 
0.5-2.5 Hz Waveform difference 
0.5-3.2 Hz Waveform difference 

 
    The initial model also plays an important role in the success of the FWI. While smooth 
models derived from traveltime tomography are commonly employed, we adopt a more 
pessimistic starting point in this study–a simple 1-D vertical gradient model (Figure 3.a). This 
allows us to rigorously test the robustness and stability of our proposed workflow under less 
favorable initial conditions. 
    Prior to computing adjoint sources, appropriate time windows must be selected to compare 
the observed and synthetic seismograms and measure the misfit values. We used a hybrid 
approach combining manual windowing with theoretical arrival  times derived from a 2D ray 
tracing algorithm. In addition, to equalize the impact of different event kernels and suppress 
unwanted instability caused by surface waves, we excluded the surface wave segments of the 
seismograms from the inversion process.  
    With adjoint sources computed, we performed adjoint simulation to obtain event kernels, 
which were used to calculate the gradient of the misfit function. To improve the conditioning 
of the inversion and ensure balanced updates across model parameters, the gradients should be 
preconditioned using a Hessian or an approximate Hessian operator (Virieux & Operto, 2009; 
Virieux et al., 2014). Accordingly, during the gradient computation and update direction 
estimation, each event kernel is preconditioned using an approximate Hessian operator. (Shin, 
Jang & Min, 2001; Rickett, 2003; Modrak & Tromp, 2016). 
    For model updating, a combination of Steepest Descent (SD) and the quasi-newton 
optimization method of limited-memory BFGS ( L-BFGS; Liu & Nocedal, 1989; Byrd, 
Nocedal & Schnabel, 1994) are used for velocity updating. In this context, at the beginning of 
each frequency band or misfit function, the velocity updating is performed using steepest 
descent algorithm. These initial iterations provide the information about local curvature of 
misfit function which will be used by L-BFGS algorithm in subsequent iterations. The last 
remained issue concerning the model updating is the step length to take alongside the updating 
direction. To circumvent the computationally burdensome job of step length calculation using 
all sources, we used a small representative subset of the sources (red sources in Figure 2) 
providing adequate illumination and coverage of the model domain. 
 
Results and Discussion 
 
Source and receiver configuration 
 
At the first step in our synthetic study, we assess the role of source and receiver configurations. 
The acquisition design is the first crucial phase in any subsurface imaging project, and 
understanding the resolution achievable with a specific network layout would provide valuable 
guidance for optimal network design. As a result, the primary goal of this analysis is to provide 
such insight for future passive seismic deployments aiming at subsurface imaging using FWI. 
To examine these effects, we tested different combinations of source and receivers. On the 
source side, we conducted simulations using subsets of 50, 150 and 250 randomly distributed 
sources. For the receivers, we evaluated spacing intervals of 250 m, 1000 m and 2000 m 
respectively. Notably, a spacing of 2000 m corresponds to the average receiver interval in the 
Dehdasht passive seismic acquisition project. 
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Figure 3. A comparison of velocity model updating for Vs (left panel) and Vp (right panel) at the first 
iteration of FWI process. a) Initial velocity models (M0). b) Misfit gradient (G). c) Update directions (-
1*G). d) Updated velocity models after the first iteration (M1). e) True velocity models for comparison. 
This sequence illustrates the early-stage behavior of the inversion and highlights the differences in 
sensitivity and resolution between Vs and Vp updates 
 
    We first present the results obtained with 250 sources and 250 m receiver spacing. Figure 3 
illustrates the velocity model updating process for both VP and VS during the first iteration of the 
FWI workflow. Even at this early stage, the algorithm is able to recover large-scale 
heterogeneities in the medium–specifically a shallow low-velocity syncline. This success is 
mainly due to the low-frequency content of the sources and broad illumination angle achieved 
via wide receiver coverage and model-wide distribution of the random sources. More 
interestingly and as expected, the shear-wave velocity (VS) model captures finer structural 
features than the compressional-wave (VP) model. This observation suggests that the VS model 
has the potential to offer higher-resolution imaging. The workflow continues with progressive 
expansion of the frequency band and a switch to waveform-difference misfit function to improve 
resolution. Figure 4 illustrates the reduction in misfit values as the inversion progresses, with 
noticeable jumps corresponding to the extension of the frequency band. Extending the frequency 
band initially increase sensitivity to finer-scale features but also temporarily elevate the misfit 
due to their higher sensitivity to modeling inaccuracies. These jumps are expected in multi-scale 
FWI and demonstrate the algorithm's capacity to refine structural details as the inversion proceeds 
to shorter wavelengths. Similarly, Figure 5 shows the evolution of the VS and VP models across 
iterations. The final VS model proves particularly effective in delineating important subsurface 
features, including the shallow low-velocity syncline and high-velocity bedrock. Most notably, 
the hydrocarbon trap is distinctly identifiable as a low-velocity anomaly within the depth range 
of 2000-3000m. If we want to take a step further, the algorithm shows some ability to reconstruct 
stratigraphic layering–a prominent advantage that aligns with the objectives of high-resolution 
active seismic imaging. This is noteworthy given that the main goal of Dehdasht passive seismic 
project is to map the subsurface topography of Asmari formation (Salinas et al., 2019). From a 
data-space perspective, Figure 6 demonstrate how the waveform fitness between observed and 
synthetic seismograms improves across iterations and frequency bands.  
    Considering the above configuration as a benchmark, we next evaluated scenarios that more 
closely reflect the limitations of the Dehdasht acquisition. Accordingly, the following 
configurations were tested: 
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Nsources= 50,   Nreceiver=10 , Receiver spacing=2 km 
Nsources= 150, Nreceiver=10 , Receiver spacing=2 km 
Nsources= 250, Nreceiver=10 , Receiver spacing=2 km 
Nsources= 250, Nreceiver=20 , Receiver spacing=1 km 

    The same workflow described above is applied to these alternative acquisition parameters. 
Surprisingly, the results indicates that even with significantly increased receiver spacing, most 
of the key subsurface features can still be successfully reconstructed. For a better illustration, 
Figures 7 and 8 compares final recovered Vp and Vs models across different acquisition 
configurations and at low and high frequency bands. As expected, the VS model consistently 
reveal more structural detail than the Vp models, further emphasizing the superior resolution 
capability of shear-wave imaging. Such a promising results support the feasibility of achieving 
high-resolution results even with average receiver spacing as long as 2 km. This is largely due 
to the compensatory effect of increasing the number of sources in the inversion. Specifically, 
while a sparse set of sources (e.g., 50 events) may be sufficient to recover long-wavelength 
components or background velocity, reconstructing shorter-wavelength features demands a 
denser source distribution. This is because a larger number of sources improves angular 
illumination, thereby increasing the wavenumber coverage and enhancing the inversion’s 
sensitivity to fine-scale structures.  
 

 
Figure 4. Misfit variations through inversion iterations for Multi-taper Travel-time Difference (a) and 
Waveform Difference (b) misfit functions. The jump in misfit value is due to frequency band expansion 
 

 
Figure 5. Reconstructed velocity models of Vs (left panel) and Vp (right panel) at different iterations 
of M12 (a), M40 (b), M52 (c) and M69 (d) of FWI workflow. For a better comparison, (e) the true 
velocity models are presented at the bottom  
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Figure 6. Waveform fitness between observed (orange) and synthetic (blue) seismograms at the 
frequency bands of 0.5-1.6 Hz (left), 0.5-2.5 Hz (middle) and 0.5-3.2 Hz (right) and for different 
iterations of M0 (initial model), M12, M40, M52 and M69 of FWI process as illustrated at Figure 5 and  
for a sample source and receiver 
 

 
Figure 7. A comparison of obtained velocity models of Vs (left panel) and Vp (right panel) at the 
frequency band of 0.5-1.6 Hz and for a dataset recorded by different acquisition configurations. a) 50 
sources recorded by 10 receivers (receiver spacing: 2 km). b) 150 sources recorded by 10 receivers 
(receiver spacing: 2 km). c) 250 sources recorded by 10 receivers (receiver spacing: 2 km). d) 250 
sources recorded by 20 receivers (receiver spacing: 1 km). e) True velocity models 
 
    These findings are consistent with wave-equation theory, which states that FWI resolution is 
governed by wavenumber coverage, determined by the angular separation of source–receiver 
pairs. The wavenumber vector sampled by a given pair is proportional to: 
𝐤 ∝

ఠ

జ
(𝐬ො + 𝐫ො)                (2) 

where 𝜔 is the angular frequency, 𝜈 is the wave velocity, and 𝐬ො , 𝐫ො unit vectors pointing toward 
the source and receiver, respectively (Wu & Toksöz, 1987; Virieux & Operto, 2009). Broader 
angular coverage enables access to higher wavenumbers, which directly translates into 
improved model resolution. 
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Figure 8. A comparison of obtained velocity models of Vs (left panel) and Vp (right panel) at the 
frequency band of 0.5-3.2 Hz and for a dataset recorded by different acquisition configurations. a) 50 
sources recorded by 10 receivers (receiver spacing: 2 km). b) 150 sources recorded by 10 receivers 
(receiver spacing: 2 km). c) 250 sources recorded by 10 receivers (receiver spacing: 2 km). d) 250 
sources recorded by 20 receivers (receiver spacing: 1 km). e) True velocity models 
 
    Receiver spacing also plays a critical role in resolving short-wavelength features. According 
to the spatial Nyquist criterion, the receiver interval Δ𝑥 must satisfy: 
𝚫𝑥 <

ఔ

ଶ௙೘ೌೣ
                 (3) 

where 𝑓௠௔௫  is the maximum frequency used in the inversion (Sirgue & Pratt, 2004). In our 
setup, with 𝑣≈3000 m/s and 𝑓௠௔௫ = 3.2 Hz, the Nyquist spacing is approximately 470 m. 
Receiver intervals beyond this limit, such as 2 km, risk spatial aliasing and degradation of high-
frequency information. Nevertheless, increasing the number of sources introduces more ray 
paths with diverse angles, enhancing wavenumber sampling and partially compensating for the 
sparse receiver network (Operto et al., 2013; Brossier et al., 2009). 
    In addition, the model geometry enhance the illumination power in specific regions. For 
example, strong reflectors such as earth’s surface or high-velocity basement at the base of the 
model act as secondary sources, enriching wavenumber coverage for the targets located 
between them, such as hydrocarbon trap or syncline structure.  
    Extending the frequency band is another means of improving resolution. Higher frequencies 
yield shorter wavelengths that interact with smaller-scale features in the model, increasing the 
inversion’s sensitivity to those features. However, taking advantage of higher frequency 
wavefields requires finer spatial discretization (meshing) and either denser receiver arrays or 
more numerous sources. These demands result in greater computational cost, including 
increased simulation time and memory usage–often beyond practical limits. A comprehensive 
study by Huang & Schuster (2014) explored the resolution limits of wave-equation-based 
imaging methods such as Reverse Time Migration (RTM), Least Square Migration (LSM) and 
FWI. Their findings indicate that multiples contain useful information about some low- and 
intermediate-wavenumber components of the velocity model–components that may not be 
recovered by primary reflections alone. Even more compelling, diffracted waves were shown 
to provide up to twice the resolution of primaries. Collectively, these advantages underscore 
the fundamental strengths of FWI over conventional tomographic techniques, particularly in 
scenarios where acquisition geometry is suboptimal or constrained. 
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Noisy Data 
 
In this section, we assess the impact of noisy data on the inversion results. To simulate the 
realistic conditions, we added a white noise to each seismogram, with a standard deviation set 
to 20% of maximum absolute value of original seismogram. These corrupted waveforms were 
then treated as the observed data. Regarding the choice of 20% noise level, this value was 
selected based on its widespread use in synthetic inversion experiments aimed at testing 
algorithm robustness under moderate-to-high noise conditions (e.g., Brossier et al., 2009; 
Métivier et al., 2016). Several FWI studies introduce white Gaussian noise at levels ranging 
from 5% to 30% of the maximum trace amplitude to explore algorithm stability, misfit behavior, 
and noise suppression mechanisms. The 20% threshold represents a compromise: it is 
sufficiently high to simulate realistic passive seismic conditions (which often suffer from poor 
signal-to-noise ratio), yet low enough to prevent overwhelming the signal content entirely, thus 
enabling meaningful interpretation of model recovery performance. A broader sensitivity 
analysis could further strengthen the findings by quantifying inversion performance under 
varying noise levels (e.g., 5%, 10%, 20%, 30%), as demonstrated in prior FWI benchmarking 
studies (e.g., Esser et al., 2016; Tape et al., 2010). However, such an analysis was beyond the 
scope of this study due to the high computational cost of elastic FWI simulations, which require 
repeated wavefield propagations, gradient calculations, and multi-scale iterations. 
    The inversion results at various iterations are shown in Figure 9. Despite the introduction of 
substantial noise, the inversion remains surprisingly robust and successfully reconstructs the key 
heterogeneous features of the subsurface. This resilience can be attributed, in part, to the nature 
of the added noise. Since white noise applied to each seismogram is uncorrelated with the noise 
in other seismograms, it introduces non-coherent, uncorrelated perturbations. Such noise lacks 
spatial consistency across seismograms, making it more easily distinguishable from coherent 
signal energy and thus more effectively attenuated during the inversion process. This 
phenomenon is analogous to the stacking process in active seismic data processing, where random 
noise tends to be canceled out and the coherent signal reinforced. Similarly, in FWI, the random 
noise related artifacts in individual event kernels tend to cancel out during kernel summation 
process, the coherent structural information to dominate and emerge in the final model. 
    In practical scenarios, however, the ambient seismic noise is often originates from unevenly 
distributed sources and can exhibit coherent characteristics. These coherent noise components 
may resemble legitimate signal and produce strong adjoint wavefields during inversion. The 
seismic wavefields resulted from these sources could be mistaken for coherent signal. As a 
consequence, their interaction with the forward wavefield can lead to spurious artifacts in the 
reconstructed model. This highlights the importance of understanding the spatial and spectral 
properties of the background noise field.  
    The frequency content of the ambient noise is particularly critical, as it directly influences 
the frequency band suitable for inversion. Performing FWI at frequencies with poor signal-to-
noise ratios may degrade the model. Therefore, analyzing the noise characteristics using power 
spectral density (PSD) estimates – as proposed by McNamara & Buland (2004) and McNamara 
et al., (2009) – can guide the selection of optimal frequency bands. This ensures that the 
inversion operates in a regime where the coherent signal dominates over noise, thereby 
improving stability and resolution.  
 
Erroneous locations 
 
One of the most critical challenges in the applying FWI to passive seismic data in the Dehdasht 
region is the uncertainty associated with earthquake source locations. To evaluate the impact of 
such errors, we conducted a controlled experiment in which random perturbations were 
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introduced into the true event coordinates. Specifically, Gaussian noise with standard deviations 
of 500 m in the horizontal (x) direction and 700 m in depth (z) was added to each source 
location. These perturbation values were chosen to reflect realistic location uncertainties 
expected in passive seismic networks with 2 km receiver spacing. In such configurations, 
typical horizontal location errors range from 350–600 m due to limited azimuthal coverage and 
arrival-time uncertainties of ~0.05–0.1 s and average velocity of 4.5 km/s (Kissling et al., 1994). 
Vertical errors are commonly 1.5–2 times larger, as surface-only arrays poorly constrain depth 
due to lack of steep-angle raypaths and vertical sensitivity (Kissling et al., 1994). Figure 10 
compares the true (black) and perturbed (green) source locations.  
    To mitigate the effect of erroneous locations on the inversion, we applied a simple time-
windowing scheme: adjoint source were not computed for time windows where the time shift 
between synthetic and observed seismogram exceeded a threshold of 0.18 s. This approach acts 
as an automatic screening mechanism, suppressing the influence of events with large timing 
discrepancies that likely result from location errors. 
 

 
Figure 9. Reconstructed velocity models of Vs (left panel) and Vp (right panel) for noisy data at 
different iterations of FWI process. a) Velocity model obtained at the frequency band of 0.5-1.6 Hz and 
using multi-taper traveltime difference as misfit function after 9 iterations (M9). b) Velocity model 
obtained at the frequency band of 0.5-2.5 Hz and using multi-taper traveltime difference as misfit 
function after 26 iterations (M26). c) Velocity model obtained at the frequency band of 0.5-2.5 Hz and 
using waveform difference as misfit function after 46 iterations (M46). d) Velocity model obtained at 
the frequency band of 0.5-3.2 Hz and using waveform difference as misfit function after 55 iterations 
(M55). e) True velocity models 
 

 
Figure 10. Spatial distribution of Erroneous locations (green) and the True source locations (black) 
throughout the model. The size of the markers for erroneous locations reflects the magnitude of the 
distance errors, with larger markers representing greater errors 
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    Despite this strategy, the inversion proved to be highly sensitive to mislocated sources. As 
shown in Figure 11, the resulting Vp model reveals only vague structural impressions–such as 
a faint indication of the syncline and some disorganized patches of low-velocity zones–while 
the Vs model fails to recover any coherent structure because of two reasons. First, the lower 
velocity of shear waves amplifies errors induced by location uncertainties; for the same spatial 
mislocation, arrival-time errors are larger for Vs than Vp, leading to greater waveform 
mismatch. Second, the shorter wavelengths associated with shear waves increase the likelihood 
of destructive interference between forward and adjoint wavefields during gradient 
computation. Together, these effects diminish the sensitivity of the inversion to true subsurface 
structure and significantly impair model reconstruction in the presence of source mislocation.  
    A further complication introduced by source mislocation lies in the time windowing process 
used for adjoint source calculation. As noted earlier, the inversion focuses on the body wave 
portion of the seismogram–bounded by the arrivals of key seismic phases (primarily P and S) 
and surface wave arrival estimated by average group velocity. Errors in the source position can 
cause these arrival windows to be incorrectly applied, leading to the inclusion of unwanted 
surface-wave energy or the misalignment of S- and P-wave phases, a classic cause of cycle 
skipping in FWI. Such misalignments severely corrupt the adjoint source term and thus distort 
the model update direction. 
    A detailed inspection of event kernels provides a good insight into the extent of these effects. 
For example, Figures 12.a and 12.b compare the event kernels from a true and erroneous source 
locations with the highest location error. In the true source kernel, a coherent low-velocity 
signature outlining the syncline (highlighted by dashed box) is visible in Vp kernel. In contrast, 
the kernel for the erroneous source lacks any meaningful structural information and show 
random high-gradient noise. However, the good news is that the magnitude of erroneous kernel 
is much smaller (nearly 10 times) than its true-source counterpart, suggesting that the inversion 
is, to some extent, naturally suppressing the influence of severely mislocated source. 
Interestingly, in this case, the erroneous source was located shallower than the true event, 
resulting in systematically earlier arrivals in the synthetic waveforms. This behavior is expected 
from basic travel-time physics, where a shorter vertical propagation path from a shallower 
source leads to reduced arrival times at the receivers (Tape et al., 2010).  
 

 
Figure 11. Reconstructed velocity models of Vs (left panel) and Vp (right panel) in the presence of 
source mislocation at different iterations of M5 (a), M10 (b), M15 (c), M20 (d). e) True velocity models 
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Figure 12. Analysis of event kernels for Vs (left) and Vp (right) for different situations of true and 
erroneous source locations at the first iteration. a,b) Event kernels associated with the true and erroneous 
location for the source with highest location error. c,d) Summation of event kernels associated with the 
true and erroneous locations for 10 sources with the lowest location errors. e,f) Summation event kernels 
associated with the true and erroneous locations for 10 sources with the highest location errors 
 
    When the inversion assumes the incorrect source position to be accurate, it interprets these 
early arrivals as being caused by overly fast wave speeds. Consequently, the algorithm 
compensates by introducing spurious low-velocity anomalies beneath the receiver array and 
surrounding the mislocated source in an attempt to delay the synthetic arrivals and reduce the 
misfit (Virieux & Operto, 2009; Ma & Hale, 2013). These artificial features are not 
representative of the true subsurface and often appear as fringe-like or lens-shaped artifacts in 
the resulting misfit and sensitivity kernels. Such patterns are characteristic of waveform 
inversion attempts to reconcile phase misalignments caused by source mislocation, especially 
in early iterations where gradients are dominated by travel-time information (Fichtner, 2011; 
Brossier et al., 2010). These kernel anomalies are especially pronounced in the near-surface, 
where the sensitivity to timing errors is highest, and can persist in final models if not properly 
mitigated through accurate relocation or joint inversion approaches.  
    To assess the cumulative effect of source mislocation, Figures 12.c to 12.f compare the 
summed misfit kernels for two source groups: the 10 events with the highest and lowest location 
errors. As seen in Figure 12.c and Figure 12.d  the kernel for well-located events closely 
resembles the true structural kernel, preserving key features such as low-velocity zones between 
shallow sources and receivers. A localized artifact–highlighted by a dashed box –illustrates  
how even small depth errors can induce compensatory low-velocity anomalies.  
    In contrast, the kernel for the 10 most mislocated sources (Figures 12.f) bears little 
resemblance to the true structure (Figures 12.e) and is dominated by high-amplitude, source-
centered anomalies. These artifacts risk corrupting the constructive contributions from more 
reliable sources when summed during inversion, further degrading the final model.  
    In conclusion, these results demonstrate that source mislocation is one of the most destructive 
factors in passive-source FWI. It can lead to the suppression of valid structural signals, the 
introduction of spurious anomalies, and–in extreme cases–divergence of the inversion. This 
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underscores the critical importance of accurate source relocation, ideally based on high-quality 
velocity models and advanced location methods, prior to implementing waveform inversion on 
passive seismic datasets. 
 
Conclusion 
 
In this study, we evaluated the feasibility of applying Full Waveform Inversion (FWI) to passive 
seismic data by conducting a series of controlled synthetic experiments designed to reflect the 
acquisition and geological conditions of the Dehdasht region. A multi-scale inversion workflow 
was proposed and tested, emphasizing its robustness against practical challenges commonly 
encountered in passive-source tomography.  
    Our results demonstrate that, despite the challenges imposed by sparse acquisition geometry 
and the uneven illumination typical of passive seismic deployments, Full Waveform Inversion 
(FWI) is capable of reconstructing key structural features of the subsurface. These include the 
shallow syncline, the high-velocity crystalline basement, and a prominent low-velocity 
anomaly interpreted as a hydrocarbon-bearing zone. The shear-wave velocity (Vs) models, in 
particular, consistently reveal finer-scale details than their P-wave (Vp) counterparts. This 
improvement stems from the inherently shorter wavelengths of shear waves at a given 
frequency and their heightened sensitivity to rigidity contrasts, making them more responsive 
to lithological variations and stratigraphic interfaces. Additionally, Vs is generally less affected 
by pore fluid content, which contributes to a sharper structural image. 
    The joint availability of Vp and Vs models also facilitates the computation of the Vp/Vs ratio, 
a valuable diagnostic for identifying gas-saturated zones, assessing lithofacies, and estimating 
rock properties such as Poisson’s ratio and bulk modulus. As such, the simultaneous recovery 
of both Vp and Vs fields enhances not only structural interpretation but also reservoir 
characterization, highlighting the added value of FWI in integrated passive seismic studies. 
   The key findings from the synthetic simulations include: 
       Acquisition Network: The experiments show that increasing the number of sources 
significantly improves model resolution, especially under sparse receiver coverage. With 
average receiver spacing up to 2 km, long-wavelength features can still be accurately recovered 
if sufficient source illumination is achieved. Even in the worst-case scenario, the resulting 
model could serve as a valuable background velocity model for active seismic imaging.  
       Noise Robustness: The inversion process remained remarkably stable even with the 
introduction of strong random noise. This resilience stems from the incoherent nature of white 
noise, which is effectively attenuated during kernel summation. However, because ambient 
noise in real scenarios is often temporally and spatially coherent, future studies should 
incorporate more realistic noise conditions to assess FWI’s true performance limits.  
       Source Mislocation Effects: Among all tested variables, errors in source location had the 
most detrimental impact. Mislocated sources caused arrival-time mismatches that the inversion 
erroneously corrected by introducing artificial low-velocity anomalies around receivers and 
sources, leading to instability and convergence failure–particularly in the Vs model. This 
emphasizes the critical need for reliable source relocation as a prerequisite for successful 
passive FWI. Given the interdependence between accurate source modeling and velocity 
estimation, a hierarchical strategy is required.  
    As a practical recommendation, we propose a staged inversion approach for the real Dehdasht 
dataset: beginning with 1D velocity modeling constrained by active seismic lines, followed by 
joint inversion for 3D velocity and source parameters using ray-based techniques (e.g., 
Heimann et al., 2018a,b; Lei et al., 2020; Cesca et al., 2021). The final stage would then apply 
full-waveform methods to iteratively refine both the velocity and source models (Liu et al., 
2004, 2022; Tape et al., 2009; Lee et al., 2014). To ensure internal consistency, source 
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relocation should be repeated after several iterations of FWI when a more accurate velocity 
model becomes available. 
    In summary, this study confirms the strong potential of FWI in passive seismic imaging when 
combined with a robust workflow and careful data conditioning. The synthetic experiments 
provide both validation and guidance for real-data implementation in the Dehdasht passive 
seismic project. 
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