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I. INTRODUCTION 

Probabilistic seismic hazard analysis underlies modern earthquake engineering practice. It supplies site-specific 

intensity measures such as 5%-damped response spectral accelerations and uniform hazard spectra for structural 

design and evaluation [1]. In complex tectonic environments where shallow crustal, subduction interface, and in-

slab sources contribute simultaneously, building analysis-consistent input motions from real ground motion 

databases is difficult. Source type, path effects, and local site conditions all influence ground motions in ways that 

are not uniformly represented by global or imported datasets [2-7]. One limitation is tectonic mismatch, where 

records from one tectonic setting are applied to regions with different source mechanics or path properties. Seismic 

hazard assessments in Cascadia, for example, historically relied on empirical relations developed for California 

for shallow crustal events, while subduction events were modelled using relations from other regions [6,7]. When 

databases are not drawn from the same source regime, path attenuation structure, and stress-drop characteristics, 

direct record use or model transfer can introduce systematic bias [4,8]. 

In most cases, existing databases are adequate for a code-compliant and reliable seismic assessment [9,10]. 

However, real ground motion databases also tend to be sparse where site-specific analysis needs them most: large 

magnitudes, short distances, and near-fault conditions. Near-fault recordings of moderate-to-large events are rare, 

which limits prediction for the scenarios that typically govern structural damage [11-13]. The gap is widest in low-

to-moderate seismicity regions, where return periods are long enough that few observations exist in either time or 

space [14]. Empirical hazard assessments often homogenize recordings under an ergodic assumption: that the 

median and variability for a given scenario are the same across all locations used to fit the model [3,15]. The 
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assumption breaks down in tectonic settings shaped by specific fault rupture processes and local geology. Effects 

such as basin orientation and directional waveguiding are spatially systematic, and they are smeared when records 

are mixed ergodically [16-18]. Site characterization compounds this: subsurface data are often inadequate, and site 

factors do not transfer cleanly between tectonic regions [19-21]. Record selection is hardest when multiple tectonic 

sources contribute, and when features that matter at collapse-level limit states, such as duration and near-source 

pulses, are not captured by spectral shape alone [2,22-24]. 

Artificial (synthetic) ground motion time histories have become standard practice for these reasons. They are used 

when recorded motions are insufficient for controlling scenarios such as large-magnitude events at short distances 

or near-fault conditions, because empirical strong-motion datasets are thin in those regimes [13,14,25,26]. The 

literature divides artificial ground motion (AGM) generation into two broad categories [27]: methods that 

approximate the target spectrum by reshaping the frequency content of an existing motion, and methods that use 

white noise driven through specific processes to mimic real ground motions. The synthesis approaches in use span 

stochastic simulation combining a parametric amplitude spectrum with random phase and magnitude–distance-

dependent duration models [25,28], site-based stochastic models that fit parameterized nonstationary processes 

[29-31], physics-based 3D wave propagation simulations for basin effects and spatial variability [32,33], hybrid 

broadband methods coupling deterministic low-frequency and stochastic high-frequency components [34-36], and, 

more recently, machine-learning synthesis using neural operators and diffusion models [37-38]. In addition, data-

driven and machine learning algorithms are frequently used in the field of structural engineering [39-41]. 

Despite these methodological advances, open-source implementations remain limited. EXSIM, an open-source 

stochastic finite-fault simulation algorithm, has been applied for seismic zonation with site-specific soil effects 

[42], and SPEED, a 3D physics-based code, has been validated against near-source broadband recordings [43,44]. 

Regulation-adaptive tools that target international code compatibility with spectrum-compatible artificial 

earthquake generation are not well integrated into widely available open-source platforms [45,46]. Existing tools 

also face practical gaps: fragmentation of published methods limits reproducibility [5], incomplete accommodation 

of tectonic mixtures makes regional transferability challenging [6,8], and generalizing nonergodic behavior into 

accessible workflows is difficult [3,16]. Spectrum compatibility alone is also insufficient: response spectra do not 

capture properties relevant to nonlinear site response, nor non-spectral features such as duration and pulses that 

govern structural fragility [47-49]. 

This study presents an open-source Python software for generating artificial ground motions compatible with the 

design spectra of the Turkish Building Earthquake Code (TBEC) [50]. The workflow includes stochastic noise 

generation, Kanai–Tajimi/Clough–Penzien filtering, envelope shaping, and iterative spectral matching. Each step 

follows established procedures. The contribution here is to arrange them in a transparent framework: an object-

oriented architecture with interchangeable components, namely the target spectrum generator, initial motion 

generator, filtering routine, envelope function, PGA estimator, and spectral matching kernel. All share a consistent 

interface, and any can be replaced for specific requirements. Users can swap or extend a single stage without 

touching the surrounding pipeline. An optional variant tunes seven hyperparameters simultaneously against the 

spectral-matching objective using a Teaching–Learning-Based Optimization (TLBO) algorithm; it converges more 

tightly but takes substantially more computation. Four alternative PGA estimation routines are also included. A 
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parametric robustness analysis under varying TBEC parameters held average matching errors below 10%; the 

TLBO variant reduced them below 5% under stricter settings. 

 
II. THEORETICAL BACKGROUND 

The developed artificial ground motion generation software [51] rests on a set of theoretical foundations covered 

in this section. The artificial ground motion generation process has four main stages: building the target design 

spectrum, generating the white noise signal, obtaining the raw ground motion through filtering and envelope 

application, and matching the ground motion to the target spectrum. Several utility modules support these stages. 

The target design spectrum depends on the seismic characteristics of the region and on local ground conditions 

[52]. International regulations differ in detail but follow similar methodologies. Design spectra typically have three 

regions: the constant spectral acceleration region (short period), the constant spectral velocity region (medium 

period), and the constant spectral displacement region (long period). The transitions between regions are set by 

corner periods. 

A class for the design spectrum calculation was implemented. It takes the parameters required by the regulation as 

input and returns spectral accelerations and the corresponding periods as a two-dimensional array. The spectrum 

generation module exposes lower and upper period bounds as configuration, so the same class can be extended to 

other regulations. The TBEC function takes 𝑆𝑆𝑠𝑠 (spectral acceleration at short period), 𝑆𝑆1 (spectral acceleration at 

one second), and 𝑆𝑆𝑐𝑐 (soil class) as input. A generic design spectrum is shown in Figure 1. The software implements 

the target spectrum formulation specified by the Turkish Building Earthquake Code 2018 [50]. The algorithm 

converts the mapped short-period (𝑆𝑆𝑆𝑆) and one-second period (𝑆𝑆1) spectral accelerations into design spectral 

accelerations (𝑆𝑆𝐷𝐷𝐷𝐷   and 𝑆𝑆𝐷𝐷1) using the local site coefficients (𝐹𝐹𝑆𝑆 and 𝐹𝐹1) determined by the user-defined soil class: 

 
SDS = 𝑆𝑆𝑠𝑠 × 𝐹𝐹𝑆𝑆 (1) 

SD1 = 𝑆𝑆1 × 𝐹𝐹1 (2) 

  
Subsequently, the algorithm calculates the spectrum corner periods, 𝑇𝑇𝐴𝐴 and 𝑇𝑇𝐵𝐵, which govern the constant 

acceleration regions of the response spectrum: 

 
TA = 0.2(𝑆𝑆𝐷𝐷1/𝑆𝑆𝐷𝐷𝐷𝐷) (3) 

TB = 𝑆𝑆𝐷𝐷1/𝑆𝑆𝐷𝐷𝐷𝐷 (4) 

 
Using these parameters, the TBDYSpectrum module mathematically constructs the piecewise elastic design 

spectrum 𝑆𝑆𝑎𝑎𝑎𝑎(𝑇𝑇) across the relevant period ranges. 

The white noise signal is the basis of the generated ground motion. White noise is a random signal with equal 

intensity across frequencies and therefore a constant power spectral density. A perfect white noise signal cannot 

be produced in practice, but random number generators yield a close approximation. The software offers two 

methods for generating it.  
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Figure 1. Generic elastic design response spectrum 

 
The first method uses the standard pseudo-random number generator from modern computational libraries — 

specifically, NumPy's [53] built-in generator, based on the Mersenne Twister algorithm [54]. The 

generate_white_noise function samples from a normal distribution with user-specified mean and standard 

deviation. The time array is built with linear spacing: 

 
𝑡𝑡𝑖𝑖 = 𝑖𝑖 ⋅ Δ𝑡𝑡,       𝑖𝑖 = 0,1,2, … ,𝑁𝑁 − 1 (5) 

 
where Δ𝑡𝑡 is the time step and 𝑁𝑁 is the total number of samples calculated as 𝑁𝑁 = [𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑/Δ𝑡𝑡] + 1. The 

acceleration values are generated using: 

 
𝑎𝑎𝑖𝑖 ∼ 𝒩𝒩(𝜇𝜇,𝜎𝜎2) (6) 

 
where 𝜇𝜇 and 𝜎𝜎 represent the mean and standard deviation of the Gaussian distribution, respectively. This method 

provides excellent statistical properties and computational efficiency, making it suitable for most practical 

applications. 

The second method uses a Linear Congruential Generator (LCG), exposed through the 

generate_linear_congruential_noise function. The LCG gives finer control over the generation process and is 

reproducible across computational platforms. The recurrence relation is: 

 
𝑥𝑥{𝑛𝑛+1} = (𝑎𝑎 ⋅ 𝑥𝑥𝑛𝑛 + 𝑐𝑐) 𝑚𝑚𝑚𝑚𝑚𝑚 𝑚𝑚 (7) 

 
where 𝑎𝑎 is the multiplier, 𝑐𝑐 is the increment, and 𝑚𝑚 is the modulus. The default parameters used are 𝑎𝑎 = 1664525, 

𝑐𝑐 = 1013904223, and 𝑚𝑚 = 232, which are well-established values that provide good statistical properties [55]. 

The uniform random values generated by the LCG are then transformed to Gaussian distribution using the Box-

Muller transformation: 
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𝑧𝑧1 = �−2\𝑙𝑙𝑙𝑙(𝑢𝑢1) × cos(2𝜋𝜋𝑢𝑢2) (8) 

𝑧𝑧2 = �−2\𝑙𝑙𝑙𝑙(𝑢𝑢1) × sin(2𝜋𝜋𝑢𝑢2) (9) 

 
where 𝑢𝑢1 and 𝑢𝑢2 are independent uniform random variables in the interval [0,1), and 𝑧𝑧1, 𝑧𝑧2 are independent 

standard normal random variables. The final noise signal is then scaled to achieve the desired statistical properties: 

 

𝑎𝑎(𝑡𝑡𝑖𝑖) = �
𝑧𝑧𝑖𝑖 − 𝑧𝑧̅
𝜎𝜎𝑧𝑧

� 𝜎𝜎 + 𝜇𝜇 (10) 

 
where 𝑧𝑧̅ and 𝜎𝜎 are the sample mean and standard deviation of the generated values, respectively. This normalization 

ensures that the output signal has exactly the specified mean (𝜇𝜇) and standard deviation (𝜎𝜎). 

The raw white noise is far from the desired ground-motion characteristics, so a filter must be applied. Many filters 

could be used; the two most common are the Kanai–Tajimi filter [56,57] and the Clough-Penzien filter [58]. 

The Clough-Penzien filter is an extension of the Kanai-Tajimi filter that incorporates a high-pass filter component 

to remove unrealistic low-frequency content. This filter requires four parameters: 𝜔𝜔𝑔𝑔 (ground dominant angular 

frequency), 𝜁𝜁𝑔𝑔 (ground damping ratio), 𝜔𝜔𝑓𝑓 (filter angular frequency), and 𝜁𝜁𝑓𝑓 (filter damping ratio). In the standard 

implementation, 𝜔𝜔𝑓𝑓 and 𝜁𝜁𝑓𝑓 are typically set to fixed values (e.g., 𝜔𝜔𝑓𝑓 = 0.1 𝑟𝑟𝑟𝑟𝑟𝑟/𝑠𝑠 and 𝜁𝜁𝑓𝑓 = 0.6), while 𝜔𝜔𝑔𝑔 and 𝜁𝜁𝑔𝑔 

are user-specified parameters that control the dominant frequency content of the generated motion. In the 

optimization-based version of the software, all four parameters can be treated as optimization variables to achieve 

better spectral matching. 

When filtering stage is completed, a low-pass filter is applied to remove high-frequency noise that may be present 

in the signal. A fourth-order Butterworth low-pass filter with a cutoff frequency corresponding to a period of  𝑇𝑇𝑐𝑐 =

0.025 seconds (i.e., 𝑓𝑓𝑐𝑐 = 40 𝐻𝐻𝐻𝐻) is used. This cutoff frequency value is selected to suppress high-frequency 

content beyond the engineering relevant range. Which is consistent and common in other studies [59-61]. This 

filtering step ensures that the generated ground motion does not contain unrealistic high-frequency components 

that could adversely affect structural response calculations. 

After the initial filtering, the signal usually goes through enveloping and spectral matching to shape its temporal 

and spectral character. Here, an empirical scaling step is inserted before spectral matching to cut the number of 

iterations needed for convergence. A target Peak Ground Acceleration (PGA) is estimated from a formula tied to 

the Turkish Building Earthquake Code. The empirical PGA estimator is a function of the short-period spectral 

acceleration (𝑆𝑆𝑠𝑠), the one-second spectral acceleration (𝑆𝑆1), and the site soil class, and reflects the code's intent 

across site conditions. The function selects coefficients by soil class so the resulting PGA stays consistent with the 

regulatory framework. 

Alongside this code-specific estimator, the software bundles several ground motion prediction equations (GMPEs) 

for PGA: the Sabetta–Pugliese model [62], the Graizer-Kalkan model [63], and the Campbell-Bozorgnia model 

[64]. Each account for earthquake magnitude, source-to-site distance, site conditions (e.g., 𝑉𝑉𝑠𝑠30), and (where 

applicable) fault mechanism and focal depth. With several estimators available, users can pick the most appropriate 

one for their application or compare results across frameworks. 
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The choice of PGA estimator depends on the application and available information. For code-compliant design in 

Türkiye, the TBEC empirical estimator is the natural pick, since it is calibrated to the code's spectral parameters. 

For research applications, or when seismological source parameters (magnitude, distance, etc.) are known, the 

GMPE-based methods (Sabetta–Pugliese, Graizer–Kalkan, Campbell–Bozorgnia) tend to give more accurate 

estimates. Note that this PGA scaling phase is optional and serves primarily to provide a reasonable starting point 

for the spectral matching process, thereby reducing the number of iterations required for convergence. 

After scaling, the enveloping phase is applied. Many enveloping approaches exist. This study uses the Saragoni–

Hart envelope function [65] and a custom envelope function. Real ground motions show a gradual buildup of 

energy, a strong-motion phase, and a decay period; the software provides two envelope functions that reproduce 

this temporal shape. 

The first approach uses the Saragoni–Hart envelope function, implemented through the 

create_saragoni_hart_envelope method: 

 
𝐼𝐼(𝑡𝑡) = 𝛼𝛼𝑡𝑡𝛽𝛽𝑒𝑒−𝜃𝜃𝜃𝜃 (11) 

 
where 𝛼𝛼, 𝛽𝛽, and 𝜃𝜃 are envelope parameters that control the shape and characteristics of the temporal modulation. 

The parameter 𝛼𝛼 serves as a scaling factor, 𝛽𝛽 controls the rate of initial amplitude growth, and 𝜃𝜃 governs the 

exponential decay rate. This formulation ensures that the envelope starts from zero, reaches a maximum value, 

and then decays exponentially, closely resembling the energy release pattern of natural earthquakes. 

The second approach is a custom three-phase envelope function, exposed through the create_custom_envelope 

method. This piecewise function splits the ground motion duration into a rise phase, a steady phase, and a decay 

phase: 

 

𝐼𝐼(𝑡𝑡) =

⎩
⎪
⎨

⎪
⎧ �

𝑡𝑡
𝑡𝑡𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟

�
2

𝑖𝑖𝑖𝑖 0 ≤ 𝑡𝑡 ≤ 𝑡𝑡𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟

1 𝑖𝑖𝑖𝑖 𝑡𝑡𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 < 𝑡𝑡 ≤ 𝑡𝑡𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
𝑒𝑒−𝑐𝑐(𝑡𝑡−𝑡𝑡𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑) 𝑖𝑖𝑖𝑖 𝑡𝑡𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 < 𝑡𝑡

 (12) 

 
where 𝑡𝑡𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 = 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 ⋅ 𝑇𝑇𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 , 𝑡𝑡𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑_𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 = 𝑡𝑡𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 + 𝑟𝑟𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 ⋅ 𝑇𝑇𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 , 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟  and 𝑟𝑟𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠  are the ratios of rise and steady 

durations to the total duration, respectively, c is the decay factor, and 𝑇𝑇𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡  is the total duration of the ground 

motion. This formulation gives independent control over the buildup, strong-motion, and decay phases. 

In this study, spectral matching is used to close the discrepancy between the time-domain acceleration record’s 

response spectrum computed for single-degree-of-freedom systems with damping ζ = 0.05 and the target design 

spectrum through an iterative procedure. The method relies on frequency-domain amplitude scaling and applies 

corrections at each iteration to reduce the mismatch. 

First, the response spectrum of the uncorrected acceleration record 𝑆𝑆𝑎𝑎𝑐𝑐𝑐𝑐𝑐𝑐(𝑇𝑇𝑖𝑖) is computed on the same period vector 

(𝑇𝑇𝑖𝑖) as the target spectrum 𝑆𝑆𝑎𝑎𝑡𝑡𝑡𝑡𝑡𝑡(𝑇𝑇𝑖𝑖). The correction ratio for each period is 
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𝑟𝑟𝑖𝑖 =
𝑆𝑆𝑎𝑎𝑡𝑡𝑡𝑡𝑡𝑡(𝑇𝑇𝑖𝑖)
𝑆𝑆𝑎𝑎𝑐𝑐𝑐𝑐𝑐𝑐(𝑇𝑇𝑖𝑖)

,      𝑖𝑖 = 1,2, … ,𝑁𝑁 (13) 

 
Spectral matching requires careful tuning; therefore, the correction capability at each step is bounded. To ensure 

numerical stability and prevent over-correction, these ratios are clipped between lower and upper bounds: 

 
𝑟𝑟𝑖𝑖
𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 = min(𝑟𝑟𝑚𝑚𝑚𝑚𝑚𝑚 , max(𝑟𝑟𝑖𝑖 , 𝑟𝑟𝑚𝑚𝑚𝑚𝑚𝑚)) (14) 

 
In practice, rmin = 5 ⋅ 10−5 and rmax = 15 are used, although these values can be adjusted by the user. Since the 

matching is performed in the frequency domain, the period-based ratios are mapped to frequency via fi = 1/Ti, 

and linear interpolation is applied to obtain a continuous correction function over frequency. The interpolant  

rint(𝑓𝑓) is then sampled at the FFT frequency bins of the one-sided spectrum. 

The Fast Fourier Transform of the current acceleration series ℱ{a(t)} = A(f) is computed and amplitudes are 

scaled as 

 
𝐴̃𝐴(𝑓𝑓) = 𝑟𝑟𝑖𝑖𝑖𝑖𝑖𝑖(𝑓𝑓)𝐴𝐴(𝑓𝑓) (15) 

 
Applying the inverse FFT yields a candidate time series: 

 
𝑎𝑎�(𝑡𝑡) = ℱ−1{𝐴̃𝐴(𝑓𝑓)} (16) 

 
At the end of each iteration, baseline correction is applied to 𝑎𝑎�(𝑡𝑡) to remove low-frequency drift, and the updated 

𝑆𝑆𝑎𝑎𝑐𝑐𝑐𝑐𝑐𝑐(𝑇𝑇𝑖𝑖) is recomputed using SDOF response analysis. 

Error measures are based on the relative differences between the target and current spectra. Evaluation is restricted 

to a frequency mask f ∈ [0.1,25] 𝐻𝐻𝐻𝐻 (equivalently, a selected period range). The average and maximum errors are 

 

𝜖𝜖𝑎𝑎𝑎𝑎𝑎𝑎 =
1
𝑁𝑁Ω

��
𝑆𝑆𝑎𝑎𝑐𝑐𝑐𝑐𝑐𝑐(𝑇𝑇𝑖𝑖) − 𝑆𝑆𝑎𝑎𝑡𝑡𝑡𝑡𝑡𝑡(𝑇𝑇𝑖𝑖)

𝑆𝑆𝑎𝑎𝑡𝑡𝑡𝑡𝑡𝑡(𝑇𝑇𝑖𝑖)
� ,      𝜖𝜖𝑚𝑚𝑚𝑚𝑚𝑚

𝑖𝑖∈Ω

= max
𝑖𝑖∈Ω

�
𝑆𝑆𝑎𝑎𝑐𝑐𝑐𝑐𝑐𝑐(𝑇𝑇𝑖𝑖) − 𝑆𝑆𝑎𝑎𝑡𝑡𝑡𝑡𝑡𝑡(𝑇𝑇𝑖𝑖)

𝑆𝑆𝑎𝑎𝑡𝑡𝑡𝑡𝑡𝑡(𝑇𝑇𝑖𝑖)
� (17) 

 
The iterative process terminates when 𝜖𝜖𝑎𝑎𝑎𝑎𝑎𝑎 ≤ 0.075 and 𝜖𝜖𝑚𝑚𝑚𝑚𝑚𝑚 ≤ 0.15. A composite performance metric is also 

tracked at each step: 

 
𝐽𝐽 = 𝜔𝜔𝑎𝑎𝑎𝑎𝑎𝑎𝜖𝜖𝑎𝑎𝑎𝑎𝑎𝑎 + 𝜔𝜔𝑚𝑚𝑚𝑚𝑚𝑚𝜖𝜖𝑚𝑚𝑚𝑚𝑚𝑚 ,      𝜔𝜔𝑎𝑎𝑎𝑎𝑎𝑎 = 0.95,    𝜔𝜔𝑚𝑚𝑚𝑚𝑚𝑚 = 0.05 (18) 

 
The iteration with the minimum metric is stored as the best solution, and the procedure stops early after two 

consecutive non-improving steps. This default value was selected after consecutive try-outs. Usually, algorithm 

achieves its best solutions in first 10 iteration. However, to show this divergence, algorithm’s maximum iteration 

and maximum non improved iteration values are set to 30 and 15 respectively in example section.  All analyses 
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use ζ = 0.05. The usage of damping ratio as ζ = 0.05 is common practice for both literature and regulations [50]. 

However, for specific cases, user can change this value also. 

In addition to spectral matching phase, algorithm reports certain metrics to user when this process is completed. 

These features are, Significant Durations (𝐷𝐷5−95 and 𝐷𝐷5−75) Arias Intensity (𝐼𝐼𝑎𝑎), Cumulative Absolute Velocity 

(CAV), Peak Ground Velocity (PGV), Peak Ground Displacement (PGD), PGV/PGA ratio, and signal 

nonstationarity characteristics including zero-crossing rate and time of peak ground acceleration (𝑡𝑡𝑃𝑃𝑃𝑃𝑃𝑃). To ensure 

the physical accuracy of the integrated velocity and displacement time series, a second-order baseline correction 

is implemented by applying a high-pass Butterworth filter to remove low-frequency numerical integration drift. 

Because these parameters are calculated in the post-processing stage after the matching iterations are finalized, 

they do not introduce any computational overhead to the main optimization loop. 

It should be noted that the software includes two versions: a standard version (agmg.py) and an optimization-based 

version (agmg_TLBO.py). In the optimization version, the spectral matching process is embedded within a 

Teaching-Learning-Based Optimization algorithm that optimizes seven parameters simultaneously: 𝜔𝜔𝑔𝑔, 𝜁𝜁𝑔𝑔, 𝜔𝜔𝑓𝑓, 

𝜁𝜁𝑓𝑓, 𝑡𝑡𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟_𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟, 𝑡𝑡𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠_𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟, and 𝑐𝑐 (decay factor). The parameter bounds for the TLBO optimization are: 𝜔𝜔𝑔𝑔,𝜔𝜔𝑓𝑓 ∈

[0.1,15] 𝑟𝑟𝑟𝑟𝑟𝑟/𝑠𝑠, 𝜁𝜁𝑔𝑔 , 𝜁𝜁𝑓𝑓 ∈ [0.01,0.7], and 𝑡𝑡𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟_𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟  , 𝑡𝑡𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠_𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 , 𝑐𝑐 ∈ [0,1].  These parameters and their boundaries 

are presented in Table 1. The objective function for the TLBO optimization is defined as: 

 
𝑓𝑓𝑜𝑜𝑜𝑜𝑜𝑜 = 0.5 ⋅ 𝜖𝜖𝑎𝑎𝑎𝑎𝑎𝑎 + 0.5𝜖𝜖𝑚𝑚𝑚𝑚𝑚𝑚 (19) 

 
For computational efficiency, the TLBO version uses more aggressive spectral matching settings with 

𝑚𝑚𝑚𝑚𝑚𝑚_𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 = 10  and 𝑚𝑚𝑚𝑚𝑚𝑚_𝑛𝑛𝑛𝑛_𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 = 2 for each individual evaluation, as the optimization 

algorithm itself performs multiple evaluations. 

 
Table 1. TLBO Parameter Bounds 

Parameter Lower Bound Upper Bound 
𝜔𝜔𝑔𝑔(𝑟𝑟𝑟𝑟𝑟𝑟/𝑠𝑠) 0.1 15 

𝜁𝜁𝑔𝑔 0.01 0.7 
𝜔𝜔𝑓𝑓(𝑟𝑟𝑟𝑟𝑟𝑟/𝑠𝑠) 0.1 15 

𝜁𝜁𝑓𝑓 0.01 0.7 
𝑡𝑡𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟_𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 0 1 
𝑡𝑡𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠_𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 0 1 

𝑐𝑐 (𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟) 0 1 
 
The approach has two practical advantages for structural engineering work: smoothing corrections through 

frequency-domain interpolation mitigates localized oscillations along the period axis that would otherwise produce 

time-domain fluctuations, and bounding the ratios prevents over-amplification and numerical instability. Applying 

baseline correction at every iteration suppresses low-frequency drift and improves the consistency of the computed 

response spectra. 

 
III. IMPLEMENTATION 

The software is written in Python; the full source code can be found in an external repository [51]. Each module 

encapsulates one stage of the artificial ground motion (AGM) process: spectrum generation, initial motion 
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synthesis, envelope shaping, spectral analysis, spectral matching, and output visualization. The modular split keeps 

the code maintainable and lets users substitute or customize individual components.  

Figure 2, sketches the software's structure and the interactions between modules. Auxiliary functions outside the 

AGM workflow (data-formatting utilities, optional plotting) are omitted for clarity. 

 

 

Figure 2. Object-oriented structure of the software 

 
Algorithm 1 formalizes the core workflow, from input parameter specification to the generation and evaluation of 

the artificial ground motion record. It outlines the sequence of computational steps: spectrum calculation, initial 

motion generation, filtering, envelope application, baseline correction, response spectrum computation, and 

iterative spectral matching. Optional steps for visualization and reporting are also covered. Reporting functions 

can output JSON, CSV, or plain text. The modular design lets the software be adapted to different regulatory 
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requirements, ground motion characteristics, or research objectives. An optimization-based version, based on the 

TLBO algorithm [66,67], is also included; it tunes seven parameters simultaneously, as noted earlier, to push 

spectral matching further. This version runs much longer because of the iterative optimization. It is named 

agmg_TLBO.py and is structured so users can change the optimization parameters, bounds, and objective function 

for specific needs. 

 
Algorithm 1. generate motion TBEC workflow 

1: Inputs: Ss, S1, SoilClass∈{ZA,ZB,ZC,ZD,ZE}, max iterations, max non improvement, duration, ∆t, pga 
∈{tbdy, value}, ωg , ζg , name, imageoutput 

2: Create output directory: name outputs 

3: 
Compute target spectrum: 
 TBDYSpectrum.generate spectrum(Ss,S1,SoilClass, min period=0.001, 
 max period=8.0, num points=300, log scale=True) 

4: if pga == tbdy then 
5:  pga ←PGAEstimator.estimate pga for tbdy(Ss,S1,SoilClass) 
6: Else 
7:  pga ←float(pga ) 
8: end if 

9: 
Generate Clough–Penzien motion:  
 (t,a) ←InitialMotionGenerator.generate clough penzien motion(duration,∆t,ωg ,ζg, 
 ωf =0.1,ζf =0.6,target pga=pga) 

10: Low-pass filter (Butterworth 4th): 
 Tc=2.5 ×10−2 s, fc=1/Tc, apply filtfilt ⇒a←afiltered 

11: PSD (Welch): f, Pxx ←signal.welch(a, fs=1/∆t, nperseg=1024, scaling=density) 
12: Envelope: create custom with rrise=0.15, rsteady=0.05, c=0.8; apply to (t,a) 
13: Baseline correction: cutoff f=0.1 Hz; compute v(t) and u(t) 
14: Response spectrum: compute on periods with damping ζ=0.05 
15: Spectral matching setup: set (t,a) and target spectrum in SpectralMatcher 

16: 

Run match spectrum with: 
 max iterations, tolerance avg=0.075, tolerance max=0.15, ζ=0.05, f ∈[0.1,25] Hz 
 max ratio=15.0, min ratio=5 ×10−5 
 wavg=0.95, wmax=0.05, max no improvement 

17: if imageoutput then 

18: Save target spectrum, filtered motion, PSD, envelope, spectra comparison, acceleration comparison, 
convergence figures 

19: Export report via OutputGenerator using matched records and parameters 
20: end if 
21: Returns: best average error, best maximum error 

 

IV. AN EXAMPLE OF PROCESS 

The complete case study presented in this section can be reproduced by any external user with a standard Python 

environment. After cloning the repository and installing the dependencies (numpy, scipy, matplotlib), the case 

study is regenerated with a single function call. Because the pseudo-random generator is seeded (seed = 3), the 

generated record, all reported time-domain metrics, and output figures can be reproduced. An illustrative example 

is generated using the agmg.py script. The parameters cover a typical seismic design scenario. The spectral 

acceleration at short period (𝑆𝑆𝑠𝑠) and at one second (𝑆𝑆1) are set to 1.3 and 0.4, respectively, representing moderate-

to-high seismicity. The soil class is ZB, a medium-dense profile that influences the shape and amplification of the 

target response spectrum. Maximum iterations for spectral matching are set to 30, with 15 consecutive non-

improvement iterations allowed before early termination. The total duration is 40 seconds, with a time step (Δ𝑡𝑡) of 

0.01 seconds. The peak ground acceleration follows the TBEC empirical approach (pga_ = "tbdy"). The parameters 

𝜔𝜔𝑔𝑔  and 𝜉𝜉𝑔𝑔 the natural frequency and damping ratio of the ground filter are set to 15.0 rad/s and 0.6 to capture the 

frequency content and energy dissipation of the motion. As shown in Algorithm 2, the output directory is named 

'example', and graphical outputs are enabled. For reproducibility, the random seed is fixed via seed=3; Users can 

omit this parameter for stochastic variation. 
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Algorithm 2. Parameters of the generate_motion_TBDY Function 

1: 
best_avg_error, best_max_error = generate_motion_TBDY(Ss=1.3, S1=0.4, soil_class=’ZB’, 
max_iterations=30, max_non_improvement=15, duration=40, dt=0.01, pga_=”TBDY”, omega_g=15.0, 
zeta_g=0.6, name=’seeded’, imageoutput=True, seed=3) 

 
As mentioned in theoretical background, the first step is to generate target spectrum. After that, the initial motion 

is generated. The initial motion that generated with previously mentioned parameters can be seen in Figure 3a. To 

create the initial motion in this example, the empirically formulated PGA estimator and Clough-Penzien filter is 

used. When the initial motion is ready, the custom enveloping function is also applied to the motion. This 

enveloping function, differences between initial and enveloped motion is shown in Figure 3b. 

 

 
Figure 3a. The raw filtered (Clough–Penzien + Butterworth low-pass) acceleration time series before enveloping 

 
Figure 3b. The custom three-phase envelope function (top) and the resulting enveloped acceleration time series overlaid on the original 

(bottom) 

Figure 3. Initial and enveloped motion generation 
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In this study, the algorithms that used for artificial ground motion generation showed acceptable compliance for 

mid and higher periods but lower value periods (higher frequencies) are extremely high. These excessive high-

frequency components primarily originate from the inherent broadband nature of the initial white noise seed and 

the numerical artifacts introduced during the iterative frequency-domain amplitude scaling. To solve this problem, 

a low pass filter is applied. To show this process power spectral density and response spectrum of the motion is 

shown in Figure 4. 

 

  
Figure 4. Spectral properties of the filtered signal: (left) power spectral density with the 40 Hz low-pass cutoff (dashed line) suppressing 

engineering-irrelevant high-frequency content; (right) the corresponding 5%-damped acceleration response spectrum of the initial motion 

before spectral matching 

 
After the generation of initial ground motion, the response spectrum of the motion can be relatively compliant with 

the target spectrum. However, for engineering purposes, the motion should be more compliant with the target 

spectrum. To eliminate this difference as much as possible, spectral matching is applied. Theoretical background 

of the spectral matching process is explained in the previous section. It has been observed that the spectral matching 

process usually converges to target spectrum for a few iterations. After the maximum convergence, also usually 

the spectral matching drifts from its aim. To prevent this situation maximum iteration and maximum non 

improvement iteration parameters are added. But in this example, to show this situation, maximum non 

improvement iteration is set to 15 and maximum iteration is set to 30. The convergence process is shown in Figure 

5.  As can be seen in the figure, the average difference is acceptable, but the maximum difference is above the 

acceptable limit. These limit values are pre-defined by the user and can be changed for the purpose or the 

restrictions of the specific case. But as mentioned before, there is an optimization version of the spectral matching 

process function to tune specific parameters to achieve significant improvements. However, this function is very 

time consuming. Thus, for practical purposes, this usage is not demonstrated in this study. Note that, for most 

cases, the non-improvement iteration parameter can be set between 3 and 5 and maximum iteration parameter can 

be set between 10 and 20. The final version of the motion and spectrogram can be seen in Figure 6. The response 

spectrum of the motion after the spectral matching process can be seen in Figure 7. Other calculated metrics for 

this example are, Significant Durations (𝐷𝐷5−95 and 𝐷𝐷5−75) of 5.24  s and 3.89 s, Arias Intensity (𝐼𝐼𝑎𝑎) of 1.013 m/s, 

Cumulative Absolute Velocity (CAV) of 5.789 m/s, Peak Ground Velocity (PGV) of  0.3049 m/s, Peak Ground 

Displacement (PGD) of 0.126 m, and a PGV/PGA ratio of 0.096 s. These values are consistent with stiff-soil 

records of comparable peak acceleration (PGA ≈ 0.3 g) from shallow crustal events along the North Anatolian 

Fault Zone (e.g., the 1999 Kocaeli/Düzce earthquakes), for which PGV is typically in the order of 25–45 cm/s and 

the PGV/PGA ratio clusters around 0.10 s these values are both in line with the generated record (PGV = 30.5 
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cm/s, PGV/PGA = 0.096 s) [68]. The zero-crossing rate is reported as 8.38 Hz with the peak acceleration occurring 

at 7.34 s. These values are highly reasonable and seismologically consistent for a design earthquake on a stiff soil 

profile (ZB) with a peak ground acceleration of 0.324 g. Specifically, the PGV and PGD values are well within 

the typical range for such strong motions, confirming that the second-order baseline correction effectively 

eliminates numerical integration drift without distorting the physical characteristics of the generated ground 

motion. 

 

 

 
Figure 5. Convergence of the spectral matching 

 
 
 

  

Figure 6. Final matched motion: (left) the spectrally matched acceleration time series (PGA = 0.324 g) and (right) time–frequency spectrogram, 

illustrating the non-stationary energy distribution imposed by the envelope 
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Figure 7. Comparison of the 5%-damped response spectra 

 

 
V. PARAMETRIC ROBUSTNESS ANALYSIS 

In this section, the robustness of the proposed algorithm is evaluated by systematically varying key input 

parameters: 𝑆𝑆𝑠𝑠, 𝑆𝑆1, and 𝑆𝑆𝑐𝑐. These parameters are fundamental in defining the target response spectrum and, 

consequently, the characteristics of the generated ground motion. A parametric study was run across combinations 

of these three inputs, generating 2,500 artificial ground motion records. For each combination, the algorithm was 

executed five times to account for randomness in the pseudo-random generation. Operational parameters such as 

maximum iterations and non-improvement limits were held tight to test the algorithm under restrictive conditions.  

The primary evaluation metric is the average relative difference between the target design spectrum and the final 

spectrum after matching. The 2,500-record analysis returns a stable result: the mean average spectral matching 

error across the database is 4.94%, and 99.52% of records fall below the 10% engineering threshold.  

Figure 8 summarizes the distribution; most error values cluster around 5%, and only 12 simulations (0.48%) exceed 

the 10% limit. Figure 8a shows that lower 𝑆𝑆𝑠𝑠 values carry slightly higher average errors and greater variability. 

These outliers concentrate at extreme low-amplitude regional hazard levels. There, dividing by very small target 

spectral values inflates the relative error mathematically, even though the absolute spectral differences are 

negligible for engineering purposes. A similar pattern of increased relative variability appears for higher 𝑆𝑆1 values 

in Figure 8b. 

For site conditions, an analysis of variance returns consistent performance across all profiles. Only minor variations 

appear between stiff rock (ZA) and soft soil (ZE) classes, and the matching results remain within acceptable limits. 

The default software settings hold up across the tested parameter ranges and produce code-compliant ground 

motions. 
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Figure 8a. Average error by Ss value and soil class 

 
Figure 9b. Average error by S1 value and soil class 

 
Figure 10c. Error by soil class 
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Figure 11d. Global error distribution 

 

 
Figure 12e. Sensitivity heatmap 

 
Figure 13. Error analysis 

 

VI. DISCUSSION 

This study presents an open-source Python software for generating artificial ground motions that match a target 

response spectrum for time-domain seismic analysis. Synthetic motions are needed when international ground 

motion databases are insufficient, or when specific engineering objectives must be met. The software handles the 

process through a set of bounded but independent modules. The modular split makes the code maintenance for 

further studies and lets users generate spectra compliant with regulations including the Turkish Building 

Earthquake Code (TBEC 2018), and to plug in different algorithms. 

In the proposed artificial ground motion generation framework, several internal algorithmic parameters (filter 

frequencies, envelope ratios, and spectral correction boundaries) are utilized. Rather than treating these as variables 

for optimization in the standard execution, they are assigned default values grounded in established structural 

dynamics and strong-motion seismology literature. For instance, the Clough-Penzien filter parameters (ωf =

0.1 𝑟𝑟𝑟𝑟𝑟𝑟/𝑠𝑠 and 𝜁𝜁𝑓𝑓 = 0.6) are adopted to effectively suppress the low-frequency singularity of the standard Kanai-

Tajimi spectrum without distorting the core physical characteristics of the motion. Similarly, the baseline 

correction high-pass cutoff frequency of 0.1 Hz is selected to remove numerical integration drifts while preserving 
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the engineering-relevant long-period content, consistent with standard strong-motion processing practices [69]. 

The spectral correction bounds (𝑟𝑟𝑚𝑚𝑚𝑚𝑚𝑚 = 5 × 10−5 and 𝑟𝑟𝑚𝑚𝑚𝑚𝑚𝑚 = 15) were established via preliminary numerical 

trials to strike a balance between rapid amplitude scaling convergence and the prevention of high-frequency 

numerical instabilities. While the current scope of this study focuses on the robustness of the generation algorithm 

against design spectrum parameters, the modular nature of the open-source software inherently allows users to 

conduct custom sensitivity analyses on these internal algorithmic parameters tailored to specific seismological or 

engineering requirements. 

Although the software is equipped with a robust post-processing module to calculate key time-domain and energy-

based characteristics, such as significant durations (𝐷𝐷5−95 and 𝐷𝐷5−75), Arias intensity (𝐼𝐼𝑎𝑎), Cumulative Absolute 

Velocity (CAV), Peak Ground Velocity (PGV), and Peak Ground Displacement (PGD), a notable limitation of the 

current implementation is that these parameters are not integrated as active calibration or optimization criteria 

within the spectral matching loop. The iterative convergence process relies exclusively on matching the target 

acceleration response spectrum. Consequently, while baseline correction ensures physically realistic and drift-free 

velocity and displacement profiles, the generated records may not automatically conform to specific empirical 

targets or ground motion prediction equations (GMPEs) for duration or energy content. Users are recommended 

to use the software's post-processing outputs as validation measures since non-spectral properties are important in 

nonlinear structural response and damage development. A suite of motions with different seeds and envelope 

parameters should be produced for applications that are extremely sensitive to energy dissipation and duration to 

choose records that meet the required time-domain characteristics and spectral compatibility. 

While the proposed framework provides code-compliant ground motion generation process, several inherent 

limitations must be critically acknowledged. First, the algorithm relies fundamentally on spectrum-only matching. 

This frequency-domain scaling ensures high spectral compatibility but does not actively optimize phase 

characteristics or time-domain energy distribution. Consequently, the generated records demand careful validation 

before application in advanced nonlinear structural analyses, where duration and cyclic energy dissipation heavily 

dictate structural damage. Second, regarding region-specific ground motion characteristics, the default envelope 

functions are primarily calibrated for typical shallow crustal environments. Capturing unique regional wave 

propagation effects requires manual user tuning of the envelope parameters. Finally, the current formulation lacks 

the explicit generation of near-fault forward-directivity effects. The baseline algorithm generates broadband 

signals that do not inherently possess the distinct, coherent long-period velocity pulses characteristic of near-fault 

zones. For structures located within such proximity to active faults, users must rely on selecting appropriate initial 

seed motions with inherent pulse-like features prior to initiating the spectral matching process. 

In tests conducted with various regulatory parameters, the spectra of the generated artificial ground motions 

converged to the target spectrum with an average error generally below 10%, and in more stringent test cases, this 

error was reduced to below 5%. To evaluate the adaptability of the algorithm under different soil conditions and 

spectral values, a comprehensive parametric robustness analysis was performed, generating a total of 2500 

artificial ground motion records by systematically varying 𝑆𝑆𝑠𝑠, 𝑆𝑆1, and Soil Class (𝑆𝑆𝑐𝑐). The study also notes the 

existence of an optimization-based version of the algorithm employing the Teaching–Learning-Based 

Optimization (TLBO) method, which requires multiple trial runs for convergence but significantly increases 

computational time. Overall, the proposed software provides a reliable framework for generating spectrally 
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compatible ground motions required in engineering applications. It should be noted that the parametric robustness 

analysis revealed relatively higher average errors at extreme low 𝑆𝑆𝑠𝑠 and 𝑆𝑆1 values. This divergence is not a physical 

limitation of the generated motions, but rather a mathematical artifact; dividing by infinitesimally small target 

spectral accelerations artificially inflates the relative error during computation, whereas the absolute spectral 

differences remain negligible for practical engineering applications. 

 
VII. CONCLUSIONS 

This study presents an open-source Python software for generating artificial ground motions compatible with target 

design spectra. The modular structure of the software allows extensions and adaptations. The generated ground 

motions have limitations and constraints in their scope and applicability. The findings can be listed as following: 

• The algorithm generates motions which converge to target spectra with average errors generally lower 

than 10%. The findings reveal a convergence and reliability that is highly stable for common engineering 

design contexts. 

• The software’s object-oriented architecture enables the use, modification, and customization of discrete 

stages of spectrum generation, filtering, enveloping and spectral matching in isolation.   

• The methodology utilizes a frequency-domain spectral matching approach to ensure high regulatory 

compatibility. While highly efficient, this spectrum-only scaling preserves the phase characteristics of the 

initial motion rather than actively optimizing the time-domain energy distribution. 

• Optimization-based method that uses TLBO algorithm is provided. This approach results better spectral 

convergence at the cost of higher computational effort. 

• The internal filtering and temporal envelope hyperparameters directly govern the intensity and frequency 

characteristics of the generated ground motion. The default settings ensure stable convergence for 

standard regulatory scenarios. However, capturing complex near-fault effects requires a tailored 

approach. These internal parameters must be explicitly calibrated for such specific cases. 
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