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Abstract     14 

Ultrasonic pulse-echo C-scan imaging is a widespread method for detecting and characterizing defects 15 

in fiber reinforced polymer composites. However, the accurate assessment of a complex distributed 16 

damage cluster, like barely visible impact damage, in multi-layer and heterogeneous composites is not 17 

straightforward. For reliably estimating the remaining load carrying capacity and/or remaining useful 18 

lifetime of a damaged composite, a proper and complete damage assessment is of utmost importance. 19 

In this paper, a statistical time-energy gating approach is proposed in view of obtaining improved 20 

ultrasonic pulse-echo imaging of impacted composites. The majority of virgin A-scan signals are first 21 

clustered by analyzing their back-wall echoes. Next, using the principle of maximum likelihood, a Rice 22 

distribution is matched to the instantaneous amplitude in order to estimate the natural variability in 23 

the local energy of the virgin response signals. The resulting time-varying reliability interval provides 24 

an effective means to identify signals coming from defects or inhomogeneities, and as such to robustly 25 

assess defect parameters. The proposed probabilistic imaging procedure is demonstrated on various 26 

carbon fiber reinforced polymer laminates with barely visible impact damage. The obtained results are 27 

benchmarked by conventional ultrasonic C-scan imaging in through-transmission mode as well as in 28 

pulse-echo mode using the classical time gating approach. In contrast to the classical time gate 29 

method, the proposed statistical time-energy gating procedure successfully extracts and quantifies the 30 

full extent of the complex impact damage cluster. Further, the good noise resistance of the proposed 31 

probabilistic imaging method is demonstrated for a wide range of signal-to-noise ratios.   32 

 33 
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1. Introduction 37 

 38 
Carbon Fiber reinforced polymer (CFRP) laminates, or composites, are increasingly being used in 39 

industry thanks to their high specific strength and stiffness, good corrosion resistance and tailorability. 40 

However, as a result of their layered structure, these materials are susceptible to internal damage 41 

phenomena which may be introduced during both the manufacturing stage and in-service lifetime. To 42 
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assure the structural integrity of a composite part, it is crucial to apply appropriate non-destructive 43 

testing (NDT) techniques. Several NDT techniques have been developed over the years, making use of 44 

various physical principles: vibrational testing [1, 2], (vibro-)thermography [3, 4], shearography [5, 6], 45 

guided elastic waves [7-9] and ultrasonics [10-12], amongst others.    46 

The ultrasonic pulse-echo technique is perhaps the most widespread NDT technique for the inspection 47 

of composites, and has been successfully applied for the estimation of local fiber orientation and 48 

content [13], and for the localization of porosities [14], inserts [15] and delamination damage [10]. For 49 

complex damage features in composite laminates, accurate imaging is a challenging task due to 50 

interlaminar scattering, high damping losses, wave dispersion, material heterogeneity and structural 51 

noise [16]. An example of such a complex damage is barely visible impact damage (BVID). This type of 52 

damage is typically caused by a low-velocity impact which induces a cluster of cracks and delaminations 53 

throughout the depth of the composite [17]. Typically, such BVID extends as a damage cone through 54 

the depth, resembling a double helical pattern [10, 17]. For the development and subsequent 55 

validation of advanced FE damage models simulating composites subject to impact loads [18], it is 56 

crucial to have experimental tools for proper imaging and assessing BVID. Also, for understanding the 57 

evolution of impact damage under various load regimes [19-22], and the correct prediction of the 58 

residual lifetime of the impacted composite, good knowledge on the BVID phenomenon is required. 59 

The complexity of BVID for inspection methodologies is that it contains both shallow and deep defects 60 

(of which the projected areas partially overlap). In pulse-echo ultrasound, the shallow defects often 61 

remain undetected due to the dominance of the high-amplitude front wall echo (FWE) [23, 24]. The 62 

echo of deep defects on the other hand may undergo significant pulse distortion and broadening, and 63 

is often obscured by the back wall echo (BWE) and/or structural noise [16, 25]. Due to the physical size 64 

of the ultrasonic beam, diffraction effects and structural noise, small defect fragments close to each 65 

other, or neighboring delaminations at different interfaces, may be difficult to spatially resolve [26].  66 

Several techniques exist to mitigate these challenges.  67 

 68 

In spatial domain, techniques to improve the quality of the ultrasonic dataset include averaging 69 

procedures, spatial deconvolution approaches and median filtering. A straightforward approach is the 70 

use of high ultrasonic frequencies, e.g., 50 MHz, in order to increase both the spatial and depth 71 

resolution [10]. Though, this comes with the obvious drawback that the inspection depth becomes 72 

limited due to excessive attenuation of the high-frequency waves in the multi-layer composite. A 73 

possible solution to the limited depth range could be the use of double-sided inspection [27], but this 74 

is on the expense of a more involved experimental procedure. In [28] and [29], the point-spread 75 

function of ultrasonic pulse-echo imaging is computed and used in different deconvolution schemes 76 

to enhance spatial resolution. In [30], an axially varying kernel forward convolution model is applied 77 

for the deconvolution of ultrasonic imaging yielding enhanced results over fixed-kernel methods. In 78 

[26], various morphological techniques to reconstruct the size of impact damage in composites are 79 

compared. Although these techniques can enhance the imaging quality, they rely on several simplified 80 

assumptions and/or experience difficulty when applied on multi-layer composites. 81 

 82 

Different approaches in time and/or frequency domain have been proposed to suppress noise 83 

features, including cross-correlation, frequency filtering and deconvolution schemes [23, 31, 32]. In  84 

[12, 33, 34], autoregressive spectral extrapolation was considered to enhance the signal-to-noise ratio 85 

(SNR) and time-resolution of pulse-echo signals. The developed methods show good performance, but 86 

have still difficulty to assess deep plies in composite laminates due to attenuation and pulse distortion. 87 
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The effects of wave attenuation can be partially addressed by the use of a distance-amplitude 88 

correction (DAC) function, which is typically established by the use of multiple calibration 89 

measurements [35, 36]. Especially for homogeneous materials with low structural noise, such as 90 

classical metals, this approach works well. For heterogeneous media however, such a DAC function 91 

magnifies structural noise features. Further, it cannot cope with frequency-dependent attenuation 92 

which leads to dispersed wave signals. Other researchers have employed multiple time gates at 93 

different depths in order to obtain a collection of through-depth damage maps by analyzing pulse-94 

echo and backscattered signals  [37, 38]. It provides rich information, but the interpretation becomes 95 

more involved if the internal plies in the composite are not perfectly straight. A proper selection of the 96 

time gate settings, such as width and position, is crucial. Space dependent thresholds, coupled to 97 

synthetic aperture focusing technique, have been proposed for improved assessment of damage [39]. 98 

The method was demonstrated for the detection of submillimeter defects in strongly scattering 99 

metallic media. Though, the authors indicate also few limitations of their developed technique: (i) 100 

difficulty to detect deep defects having a weak defect echo, (ii) overestimation of defect size and (iii) 101 

false defect indications due to the presence of creeping waves. The detection of flaws in stainless steel 102 

specimens exhibiting high grain noise, due to microstructure, has been done by considering extreme 103 

value statistics [40, 41].  104 

 105 

Further, researchers applied advanced classification and processing schemes directly to the full 3D 106 

ultrasonic dataset to create superior quality images, offering improved detectability and depth 107 

estimation of defects. A machine learning approach was applied to ultrasonic pulse-echo data in order 108 

to identify the level of carburization in industrial steel pipes [42]. Neural network-based classification 109 

of pulse-echo signals from composite materials was proposed in [15]. Likewise, improved detection 110 

and depth estimation of delamination inserts in CFRP was reported using wavelet decomposition and 111 

deep convolutional neural networks [43]. Though, one of the associated difficulties to deep learning 112 

approaches is its generalization to datasets obtained under different conditions, e.g., changed 113 

experimental settings, different material and/or defect type. Recently, a planar Ultrasound Computed 114 

Tomography method [44] has been proposed for interpreting 3D ultrasonic data. This novel method 115 

relies on advanced tomographic reconstruction methods, and was demonstrated on a 24-ply CFRP 116 

laminate with BVID. It was shown that it not only extracts information on the BVID, but also provides 117 

a full 3D reconstruction of the fiber architecture of the composite laminate.    118 

 119 

Although many contributions have been proposed in literature to improve ultrasonic damage imaging 120 

in a range of materials, the accurate inspection and characterization of a complex damage cluster, such 121 

as BVID, in composites remains a challenge. This is attributed to the heterogeneous and multi-layer 122 

structure as well as the visco-elastic behavior of typical composites. Also, the typical through-depth 123 

damage distribution in case of BVID adds significant complexity.  124 

In this paper, a probabilistic method for improved imaging and quantification of complex damage 125 

features in multi-layer composites is introduced. Instead of applying a classical time gate on the 126 

ultrasonic pulse echo data, the proposed method employs a statistical time-energy gating (STEG) 127 

approach. The instantaneous amplitude of the recorded ultrasonic signals is fitted by Rice distributions 128 

in order to capture the natural variability of the composite laminate. The resulting time-dependent 129 

reliability intervals are used to differentiate between healthy and defect signals.  130 

The paper is structured as follows. In section 2, the investigated samples and experimental procedure 131 

are discussed. Section 3 provides the outline and the details of the proposed statistical time-energy 132 
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gating STEG method. Section 4 discusses the performance and the robustness of the novel STEG 133 

algorithm for various inspection conditions. Finally, conclusions are formulated in section 5. 134 

2. Materials and method  135 

The studied CFRP laminates have an approximate thickness of 5.5 mm and consist of 24 unidirectional 136 

plies which are stacked according to different stacking sequences. The material is a combination of 137 

polyacrylonitrile based carbon fibers with PYROFIL #360 resin having a density of 1200 kg/m3 and a 138 

glass transition temperature of 170 °C. This resin is modified to allow curing in under 5 min, with a gel 139 

time of 200 s at 130 °C. The laminates are manufactured using compression molding for 7 minutes at 140 

140 °C and a pressure of 8 MPa, resulting in a fiber volume fraction of close to 60%. The manufactured 141 

specimens are cut to size 150x100 mm2 using a waterjet and are conditioned to reduce the effect of 142 

moisture on the results. The three CFRP samples have then been impacted by a 7.72 kg drop weight at 143 

different heights according to ASTM standard D7136 [45]. This resulted in the formation of barely 144 

visible impact damage BVID. Table 1 shows the specifications of the different samples, as well as the 145 

measured impact energies.  146 

 147 
Table 1: Tested samples 148 

Name Thickness Stacking sequence Impact height Impact energy 

CFRP-1 5.5 mm [+45/0/-45/90]3s  0.1 m 5.4 J 

CFRP-2 5.5 mm [0/90]6s  0.1 m 6.0 J 

CFRP-3 5.5 mm [+45/0/-45/90]3s  0.3 m 15.5 J 

 149 

A focused immersion transducer (type GE H5M) of diameter 5 mm with nominal center frequency of 150 

5 MHz and focal distance of 25.4 mm is employed. A reference measurement of the transducer’s 151 

impulse response in both time and frequency domain is shown in Figure 1.  152 

 153 

 154 
Figure 1: Impulse response of employed GE H5K transducer in (a) time and (b) frequency domain 155 

 156 

The samples were inspected using an in-house developed immersion pulse-echo ultrasonic test setup, 157 

a schematic layout of which is shown in Figure 2.  158 

 159 
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 160 
Figure 2: Schematic layout of experimental procedure 161 

The transducer is mounted on a 3-axis scanner at a distance of 18 mm from the front surface (focus 162 

point in middle of sample). It was moved along an XY-grid with increments of 0.2 mm at a speed of 20 163 

mm/s using motion control (NI PXI 7358) and counter module (NI PXIe-660x) cards embedded in a PXI 164 

Express Chassis (NI PXIe-1078). A TecScan UTPR-CC-50 pulser was used to excite the transducer (pulse 165 

settings: 100 V negative spike excitation, 45 Ohm internal resistance and 1070 pF damping capacity). 166 

Response signals were pre-amplified by 10 dB and sent to a 14-bit oscilloscope (NI PXIe-5172) for 167 

sampling at 125 MS/s. The recorded response signals have a SNR of ~32 dB. The system is controlled 168 

by an embedded controller (NI PXIe-8821) with an interface programmed in LabView 2018. After the 169 

scan has finished, the recorded 3D (x,y,t) ultrasonic dataset is processed in Matlab R2020b. Both the 170 

pulse-echo and the double through-transmission signals, i.e., the reflection from the bottom of the 171 

water tank, are acquired by considering a sufficiently long recording time (see red and green area in 172 

Figure 2).  173 

 174 

 175 

The amplitude C-scan representation of the double through-transmission signal of sample CFRP-1 is 176 

shown in Figure 3. This C-scan clearly outlines the extent of the induced impact damage, however, it 177 

does not provide any depth-information on the complex BVID cluster. As readily known from literature, 178 

the through-transmission technique is considered to be an accurate method to determine the overall 179 

size of impact damages [46]. Defect sizing based on ultrasonic C-scans is usually done by using an 180 

amplitude drop method. Different thresholds can be used, of which the 6 dB amplitude drop (or 181 

equivalent 3 dB intensity drop) is used most often. This threshold value was originally proposed and 182 

commonly accepted for pulse-echo imaging, for which a 6 dB amplitude drop is expected to coincide 183 

with the edge of the defect [47, 48], even though several reports have shown that the 6 dB amplitude 184 

drop method risks undersizing the defects [49-51]. Therefore, the damage area in this paper has been 185 

extracted from the double through-transmission C-scan signals using a conservative 3 dB amplitude 186 

drop threshold. The resulting damage area has been added to Figure 3 with a dashed black line. Of 187 

course, there will always be some uncertainty in the exact dimensions of the defect due to the nature 188 

of ultrasonic inspection (finite beam width, diffraction, noise) [16]. In the remainder of the paper, this 189 

extracted damage contour from the double through-transmission signal will be considered the ground-190 

truth, and will be superposed on further generated C-scan images for comparative analysis. The four 191 
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numbered spots (1 to 4) indicated on the Figure 3 will be used to explain the obtained results in the 192 

next section. 193 

  194 
Figure 3: Amplitude C-scan image in double through-transmission mode for sample CFRP-1. The 195 

damage contour (3 dB amplitude drop) is superposed as a dashed black line. 196 

3. Pulse-echo mode 197 

3.1.  Classical time gate (TG) 198 

In Figure 4.1, a typical A-scan signal for a non-damaged (virgin) scan point (see indicator 1 on Figure 3) 199 

is shown. After the strong front wall echo FWE, the heterogeneous and layered structure of the 200 

composite laminate produces small echoes which become gradually weaker with depth. About 4.5 μs 201 

after the FWE, the back wall echo (BWE) is observed which is 180° phase reversed and shows some 202 

signal distortion due to frequency dependent attenuation. The A-scans for the other 3 scan points, 203 

which are located within the damage area (see indicators 2-4 in Figure 3), are displayed in Figures 4.2-204 

4.4. 205 

 206 

Figure 4: A-scan signals at different locations on the sample CFRP-1 (see indicators 1-4 in Figure 3). 207 
The grey area indicates the used time gate for C-scan imaging. 208 

 209 

 210 
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A classical time gate (TG) was superposed on the pulse-echo A-scan signals (grey area in Figure 4). A 211 

correct choice of this time gate is not straightforward [52]: (i) if the TG is put too much to the left, it 212 

gets dominated by the tail of the FWE, (ii) if the TG is put too much to the right, it gets dominated by 213 

the onset of the BWE, and (iii) if the TG is taken too short, information is missing from certain depths. 214 

The shown TG in Figure 4 has been selected by trial and error in order to balance between these three 215 

factors. With this TG on the pulse-echo A-scan signals, the amplitude and Time-of-Flight (TOF) C-scan 216 

representations can be obtained. After cross-correlating the response signals with the reference pulse 217 

(Figure 1a), the amplitude C-scan is constructed by evaluating the maximum instantaneous amplitude 218 

within the time gate. The TOF C-scan is found by evaluating the time instance associated with this 219 

maximum instantaneous amplitude. For the remainder of the manuscript, the TOF C-scans are 220 

converted to depth C-scans by employing the longitudinal ultrasonic velocity in the depth direction of 221 

the composite. The resulting amplitude and depth C-scans are represented in Figure 5. 222 

 223 

 224 
 225 

Figure 5: (a) Amplitude and (b) depth C-scan image for sample CFRP-1 using a classical time gate TG. 226 
The damage contour, extracted from the double-through transmission amplitude C-scan, is 227 

superposed as a white dashed line. 228 

 229 

In the virgin area, effects of the stochastic heterogeneity and the multi-layered structure of the 230 

investigated CFRP can be noticed by the variations in the background, especially for the amplitude C-231 

scan image (Figure 5a). At the impact zone, these pulse-echo C-scan images allow to estimate the 3D 232 

structure of the impact damage. However, comparison with the extracted damage contour of the 233 

double through-transmission result (see the superposed dashed white line in Figure 5) reveals that 234 

these pulse-echo C-scan images fail to show the full extent of the barely visible impact damage. Part 235 

of the BVID is simply not represented in these pulse-echo C-scans, in particular: 236 

 237 

(i) The innermost area of the impact damage (at location of impact event) which is expected 238 

to consist of very shallow delaminations. 239 

(ii) The outermost area of the impact damage which is expected to consist of very deep 240 

delaminations. 241 

(iii) The neighboring delamination fragments do not always connect each other, and appear 242 

to have gaps in-between. 243 
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 244 

To understand the underrepresentation of these features, a few characteristic A-scan pulse-echo 245 

signals (see Figure 3, points 2 to 4) at different locations in the damage area were assessed in more 246 

detail. The A-scan signal at point 2 (see Figure 4.2) shows a clear defect echo between the FWE and 247 

BWE from which the amplitude and associated depth can be easily extracted. Things change when 248 

evaluating the A-scan signal at point 3 (see Figure 4.3), which is close to the location where the impact 249 

weight hit the CFRP sample. There is no clear defect echo to be observed. The reason for this is that 250 

only very shallow delaminations are expected at the location of impact. Hence, the defect echo 251 

(partially) coincides with the dominant FWE. Although this commonly leads to a slight deviation of the 252 

signal in shape or amplitude, it clearly cannot be captured using a classical time gate approach. 253 

Therefore, the pulse echo C-scan images obtained with a classical time gate yield no indication of a 254 

defect at that location. Finally, also the pulse-echo signal at point 4 is of particular interest (see Figure 255 

4.4). This point 4 is located close to the outer edge of the impact damage, and as such it is expected to 256 

correspond to very deep damage. Plain visual analysis of the A-scan signal reveals no noticeable 257 

changes compared to the A-scan signal of virgin scan point 1. The reason for this is that echoes 258 

originating at very deep features are quite low in amplitude and are therefore naturally obscured by 259 

the structural noise in the signal, and/or (partially) coincide with the BWE. As such, the classical time 260 

gating procedure has difficulty in capturing these deep damage features. To underline this, it can also 261 

be verified in Figure 5  that the BVID is only resolved up to a depth of 3.3 mm (see the colorbar), 262 

whereas one would expect that the delamination cone of impact damage extends through the whole 263 

thickness of the sample [10, 17], which is 5.5 mm in the current case.  264 

 265 

3.2.  Statistical time-energy gate (STEG) 266 

 267 
To alleviate the shortcomings of the classical time gate approach in extracting the full extent of barely 268 

visible impact damage in composites, a non-constant-amplitude time gate based on the statistical 269 

nature of the A-scan signals of non-damaged scan points will be introduced in this section. The 270 

consecutive stages of this so-called Statistical Time-Energy Gating STEG algorithm are schematically 271 

presented in Figure 6. The four stages in the algorithm are explained in detail in the following four 272 

subsections.  273 
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 274 
Figure 6: Schematic representation of the statistical time-energy gating algorithm 275 
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 276 

 277 

Stage I. Pre-processing 278 
 279 

In the first stage, the acquired (raw) signals 𝑠(𝑡) are cross-correlated with the reference input signal 280 

𝑠𝑟𝑒𝑓(𝑡) (Figure 1a) in order to improve the signal quality and to suppress noise features. For better 281 

computational performance, the calculation is performed in the frequency domain. 282 

 283 

𝑠̅(𝑡) = ∫ 𝑠(𝜏)𝑠𝑟𝑒𝑓(𝜏 − 𝑡)𝑑𝜏  (1)

     = ℱ−1[𝑆(𝑓) 𝑆𝑟𝑒𝑓
∗ (𝑓)]

 285 

 284 

 286 

with 𝑆(𝑓) and 𝑆𝑟𝑒𝑓(𝑓) the discrete Fourier transform of 𝑠(𝑡) and 𝑠𝑟𝑒𝑓(𝑡)  respectively. ℱ−1(∙) denotes 287 

the inverse discrete Fourier transform operator, and * symbolizes complex conjugation. Following the 288 

cross-correlation operation, a dynamic time gating approach is employed to compensate for possible 289 

curved geometry and/or non-horizontality of the sample [17, 53]. In other words, the signals 𝑠̅(𝑡) are 290 

aligned in time dimension by putting a threshold on all signals at 60% of their maximum amplitude in 291 

order to align the signals at their FWE. The signals are then time-shifted accordingly (see Stage I in 292 

Figure 6).  293 

 294 

Next, the analytic signal 𝑠̅𝑎(𝑡) of the cross-correlated signal 𝑠̅(𝑡) is calculated [54]: 295 

 296 

𝑠̅𝑎(𝑡) = 𝑠̅(𝑡) + 𝑖𝑠̅ℎ(𝑡) (2) 297 

 298 

 with 𝑠̅ℎ(𝑡) the Hilbert transform, defined as 299 

 300 

𝑠̅ℎ(𝑡) =
1

𝜋
∫

𝑠̅(𝜏)

𝑡 − 𝜏
𝑑𝜏

+∞

−∞

 (3) 301 

 302 

For computational efficiency, the analytic signal is computed in the frequency domain [55]:  303 

 304 

𝑆𝑎̅(𝑓) =  {

2𝑆̅(𝑓), 𝑓 > 0
0, 𝑓 < 0

𝑆̅(𝑓), 𝑓 = 0

 (4) 305 

 306 

with 𝑆̅(𝑓) and 𝑆𝑎̅(𝑓) the discrete Fourier transforms of 𝑠̅(𝑡) and 𝑠̅𝑎(𝑡), respectively.  307 

The instantaneous amplitude 𝐴𝑖𝑛𝑠𝑡 is obtained as the magnitude of the analytic signal: 308 

 309 

𝐴𝑖𝑛𝑠𝑡(𝑡) =  √[𝑅𝑒 (𝑠̅𝑎(𝑡))]2 + [𝐼𝑚 (𝑠̅𝑎(𝑡))]2 (5) 310 

 311 

Note that the above steps are equal to the pre-processing steps used for standard TG imaging (e.g. 312 

Figure 5). In addition to these steps, the newly proposed STEG algorithm calculates for each scan point 313 

the instantaneous amplitude and the associated TOF of the BWE. These are found using a local 314 
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maximum comparison scheme, exploiting the higher amplitude of surface echoes as compared to 315 

interply echoes, and will be used in Stage II of the STEG algorithm (see next subsection). 316 

 317 

Stage II. Extraction of presumable virgin signal subset 318 
 319 

In Stage II of the STEG algorithm, a subset of presumably virgin signals is extracted from the 320 

instantaneous amplitude data using information from the BWEs of the signals (see last image in Stage 321 

I of Figure 6). To this end, a time gating window measuring twice the length of the reference input 322 

pulse is centered at the previously identified mean location of the BWEs. The maximum amplitude and 323 

corresponding TOF values within this time window are taken for all A-scan signals. For virgin signals, 324 

these values are expected to correspond to the local BWE signature, and should therefore be quite 325 

consistent over the sample. For defected signals, these values are expected to be irregularly distributed 326 

over a range of amplitude and TOF values. To account for variability in the local thickness, stiffness 327 

and/or density of the sample, a linear polynomial surface is fitted to the amplitude data and a quadratic 328 

surface to the TOF data using the least absolute deviations (LAD) method. The orders of the 329 

polynomials were empirically found to give reliable results, while the LAD method reduces sensitivity 330 

to outliers (damage scan points) [56]. 331 

The obtained fitting is presented in the first image in Stage II of Figure 6. Data points are shown in 332 

black, on which a green surface is fitted. It can be seen that the fitted surface closely matches the virgin 333 

area, and strongly deviates in the area of damage. After fitting, the residual values for both amplitude 334 

and TOF data are sorted in ascending order and subsequently differentiated twice. The two resulting 335 

curves are then rectified and smoothened using a moving average (MA) filter with a kernel size of 5% 336 

of the total number of scan points. The exact size of this kernel is of minor importance, similar results 337 

have been obtained by kernels with different sizes. Typically, the resulting curves show two peaks at 338 

the edges, which can be attributed to the poor polynomial fit in the damaged zone, and a wide ‘low 339 

level’ plateau in the middle corresponding to a good fit for the virgin material positions within the 340 

sample (see Stage II of Figure 6). Next, for both resulting curves, a threshold is adopted at ten times 341 

the median value, and the points on the plateaus below these thresholds are projected back to their 342 

spatial location. Again, the actual selected threshold value is of minor importance, similar results have 343 

been obtained for different threshold values. All A-scan signals that meet both conditions (amplitude 344 

and TOF) are then presumed to correspond to non-damaged area. This presumable virgin signal subset 345 

is colored white on the last image of Stage II in Figure 6. Finally, on the resulting 2D map of virgin signal 346 

locations, a median filter with a kernel size of 3 by 3 pixels is applied to reduce salt-and-pepper noise 347 

[57]. In the following Stage III, this identified subset of presumably virgin signals is used to define the 348 

confidence intervals for the instantaneous amplitude at every time instance, thus creating a time-349 

varying set of statistical lower and upper bounds on the signals.  350 

 351 

Stage III. Construction of statistical time-energy thresholds 352 
 353 

Assuming that the acquired virgin signals are polluted with normally distributed noise features, their 354 

envelopes, or equivalently their instantaneous amplitudes 𝐴𝑖𝑛𝑠𝑡, are well described by a Rice 355 

distribution with following probability density function 𝑃𝐷𝐹 [41, 58]: 356 

 357 
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𝑃𝐷𝐹(𝐴𝑖𝑛𝑠𝑡(𝑡)|𝜈(𝑡) , 𝜎(𝑡)) =  
𝐴𝑖𝑛𝑠𝑡(𝑡)

𝜎2(𝑡)
  𝑒

−(𝐴𝑖𝑛𝑠𝑡
2 (𝑡) +𝜈2(𝑡) )

2𝜎2(𝑡)   𝐼0 (
𝐴𝑖𝑛𝑠𝑡(𝑡) 𝜈(𝑡)

𝜎2(𝑡)
) (6) 358 

 359 

with 𝜈(𝑡) the instantaneous amplitude of the noise-free signal at time 𝑡, 𝜎(𝑡)  the standard deviation 360 

of the noise at time 𝑡, and 𝐼0 the modified Bessel function of the first kind with zero-order. Therefore, 361 

a Rice distribution is fitted at every time instance 𝑡 on the instantaneous amplitude (for the presumably 362 

virgin signals) using maximum likelihood estimation (see the two examples in Stage III of Figure 6). This 363 

approach works well for the majority of time instances, but might encounter a problem in sections 364 

close to the BWE of the signals due to variability in the local thickness, stiffness and/or density of the 365 

composite.  366 

To compensate for the sensitivity of the fit model to such small variations in this section of the time 367 

signal, the fitting is done separately for the time instances at and around the BWEs. First, the signals 368 

are realigned in time based on the TOF value associated with the BWE obtained from the surface fit in 369 

section 3.2b. The Rice distribution fitting procedure is then performed a second time on the empirical 370 

distributions obtained in this way, in a time range measuring twice the length of the reference pulse, 371 

centered around the mean BWE. Note that the variability in the material parameters influences not 372 

only the TOF of the backwall echoes, but also their amplitude (through attenuation). It was found that 373 

a Rice distribution still proved to be a good model for that time range.  374 

 375 

As a result, for each time instance a Rice distribution is obtained which represents the stochastic nature 376 

of the instantaneous amplitude for presumably virgin A-scan signals. For the parts of the signals where 377 

two possible Rice distributions are available (from the FWE aligned dataset and from the BWE aligned 378 

dataset), the distributions obtained from alignment at the BWEs are used. This collection of Rice 379 

distributions allows to define time-varying reliability bounds to determine whether an A-scan signal 380 

corresponds to a healthy scan point or to a damaged scan point (see Figure 7). To construct the lower 381 

and upper bounds over the full time range, a confidence interval is defined at every time instance using 382 

the corresponding Rice distribution. The confidence intervals are defined by evaluating all distributions 383 

at uniformly calculated lower and upper limits (see Figure 7 part b), linked to the confidence level 𝑐 as 384 

(1 − 𝑐)/2 and (1 + 𝑐)/2, respectively. With the probability of false alarm (PFA) defined as the 385 

probability of falsely classifying a virgin signal as defected, the confidence level is chosen such that the 386 

PFA for the virgin signal subset equals 0.5 % (which was empirically found to be a good value for this 387 

parameter). This means that 𝑐 is chosen such that 99.5 % of the signals in the presumable virgin subset 388 

are contained inside the resulting time-energy gate. To this end, an iterative process is introduced. To 389 

start off the iteration, an initial guess of the confidence level is taken as √1 − 𝑃𝐹𝐴
𝐿

, with 𝐿 the length 390 

of the signals (in number of samples), and the corresponding intermediate time-energy gate is 391 

constructed. This gate is then used to evaluate the presumable virgin subset, after which the 392 

confidence level is iterated, using the regula falsi method [59], until the specified PFA is reached or 393 

until the confidence level exceeds 1 − 𝑒−14 (stop condition) (see Figure 7 part c). This iterative process 394 

finally leads to the suitable lower and upper bounds for the time-energy gate (see Figure 7 part d). If a 395 

signal is fully confined in this time-energy band, it is classified as a virgin signal. Contrarily, if a signal 396 

(partially) falls outside the bounds of the time-energy gate, it is conclusively classified as a signal 397 

associated to a local defect feature.  398 

 399 
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 400 
Figure 7: Schematic representation of the iterative construction of the statistical time-energy gate 401 
 402 

Stage IV. Resulting C-scan images 403 
 404 

For the resulting set of identified defected signals, C-scan imaging is performed by selecting their 405 

highest amplitude outside the time-energy band, along with the associated TOF value. As previously, 406 

the TOF values are converted to depth values. On the resulting amplitude and depth C-scan images, a 407 

median filter with kernel size 3 by 3 pixels is applied to smoothen the image and to remove isolated 408 

scan points. The resulting C-scan images of the proposed STEG procedure for the CFRP-1 sample are 409 

shown in Figure 8. In contrast to the classical TG imaging (see Figure 5), the damage map resulting from 410 

the STEG algorithm agrees well with the extracted damage contour from the double-through 411 

transmission imaging. Apart from the (global) lateral sizing of the impact damage, the STEG imaging 412 

method also successfully images the delamination cone through the full thickness of the composite 413 

laminate (note the range of the color bar in Figure 8b). Moreover, the STEG method automatically 414 

filters out the signal variability of virgin signals by classifying them as non-defected, as can be seen by 415 
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the uniform white background in Figure 8b. This is in strong contrast to the classical TG method (see 416 

Figure 5) which generates C-scan images with background noise due to the heterogenous and multi-417 

layered nature of the composite laminate. A minor downside of the STEG procedure concerns the 418 

disclosure of wrongly classified damaged pixels, as indicated by the arrow in Figure 8b. Of course, a 419 

small amount of wrongly classified scan points could have been expected considering the use of a PFA 420 

of 0.5% for constructing the bounds of the statistical time-energy gate.  421 

In terms of computational efficiency, the STEG procedure takes around 100 s for the given dataset on 422 

a computer with Intel Xeon Gold 6146 CPU @ 3.2 GHz. Note that the computational efficiency may 423 

improve significantly by considering CPU parallelization and/or GPU calculation. Also down-sampling 424 

in time domain of the ultrasonic dataset could relax the high computational intensity of the Rice fitting 425 

procedure, after which appropriate up-sampling schemes can be used to project the fitted statistical 426 

distributions back on the original data. 427 

 428 
Figure 8: (a) Amplitude and (b) depth C-scan using the proposed STEG method. The damage contour, 429 
extracted from the double-through transmission amplitude C-scan, is superposed as a black dashed 430 

line. 431 
 432 

4. Results and discussion 433 

 434 

4.1. Validation on different composite samples 435 

 436 

Apart from the CFRP-1 sample, the STEG algorithm is also applied on two other impacted samples, 437 

CFRP-2 and CFRP-3 (see Table 1). In order to underline the robustness of the STEG method, the 438 

previously defined parameters (e.g., MA filter and kernel size for median filter, see section 3.2) were 439 

not changed for these different samples. The resulting C-scan images for the different damage 440 

assessment procedures can be seen in Figure 9. 441 

For the CFRP-2 sample (cross-ply lay-up impacted with an energy of 6.0 J), a comparison of the double-442 

through transmission amplitude C-scan (Figure 9b) and the amplitude and depth C-scan images from 443 

classical TG pulse-echo imaging (Figure 9c-d) clearly exposes the inadequacy of the latter. Both shallow 444 

and deep defects are not detected in a satisfactory manner. The inset in Figure 9d shows that the 445 

deeper delaminations are not resolved in a proper manner. The amplitude and depth C-scans obtained 446 

by way of the STEG imaging (Figure 9e-f) on the other hand shows the full extent of the barely visible 447 
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impact damage. The inset in Figure 9f reveals that the STEG algorithm detects small neighboring 448 

delamination fragments through the whole depth of the laminate.  449 

For the CFRP-3 sample (quasi-isotropic lay-up impacted with an energy of 15.5 J), the high impact 450 

energy led to a considerably larger size of the induced damage. It should be noted that this presents a 451 

challenge for the STEG algorithm. Indeed, when sorting the residual amplitude and TOF values of the 452 

BWEs in the STEG procedure (see Stage II in Figure 6 and subsection 3.2), it is assumed that the majority 453 

of the signals stem from virgin material. As this was not the case for this CFRP-3 sample, it was 454 

necessary to manually select an area of mainly healthy wave signals, e.g., the top part of the inspection 455 

area, and to feed these signals to the STEG algorithm. Apart from this manual selection, the exact same 456 

settings in the STEG algorithm were employed as in previous cases. The obtained results are reported 457 

in the bottom row of Figure 9. Again, these results confirm the superiority of the STEG approach for 458 

imaging the full extent of the impact damage, both in lateral and in depth dimension. This can be 459 

especially appreciated by the shown inset for the depth C-scan images. From the imaging results using 460 

the TG approach (see inset in Figure 9j), it can be seen that the deep delaminations are not fully 461 

resolved. Further, the TG method indicates that neighboring delaminations are somehow 462 

disconnected from each other. This is physically not what one would expect to happen. The imaging 463 

results from the STEG method (see the inset in Figure 9l) present an improved view on the damage 464 

zone, in which delamination fragments at different depths connect to each other.   465 

 466 

 467 
Figure 9: C-scan images using different damage assessment procedures for sample CFRP-2 (top row) 468 

and CFRP-3 (bottom row): (a,g) Picture of samples; (b,h) Double through-transmission amplitude; 469 
Pulse-echo TG method (c,i) amplitude and (d,j) depth; Pulse-echo STEG method (e,k) amplitude and 470 
(f,l) depth. The damage contour, extracted from the double-through transmission amplitude C-scan, 471 

is superposed as a dashed line.  472 

 473 

4.2. Quantitative performance analysis  474 
 475 
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To objectively compare the performance of the different techniques, binary damage maps are 476 

constructed from which indicative metrics can be derived. For the double-through transmission result, 477 

pixels are identified as defected if they exhibit a 3 dB amplitude drop compared to the mean amplitude 478 

of non-defected area. This damage map is considered as the ground truth, and is used to benchmark 479 

against the other techniques. For the time gated pulse-echo data, pixels are identified as damaged if 480 

the amplitude is 3 dB higher than the mean amplitude of the non-damaged area, or if the 481 

corresponding TOF value is higher than the TOF of the non-damaged area. Hence, the final damage 482 

map is the union of both. For the STEG pulse-echo data, the damaged pixels naturally arise from the 483 

algorithm, and they are straightforwardly assigned to a binary representation. The three binary 484 

damage maps for sample CFRP-1 are shown in Figure 10, with black and white color representing 485 

healthy and defected pixels respectively. It can be visually confirmed that these three binary 486 

representations have different shapes.  487 

 488 
Figure 10: Binary damage maps for CFRP-1: (a) double through-transmission, (b) TG pulse-echo, (c) 489 

STEG pulse-echo 490 

 491 

Subsequently, four different objective metrics are defined to assess the defect detectability of the 492 

different approaches:  493 

 494 

• The Probability of Detection (POD) gives the probability that a defect pixel (in the benchmark, 495 

double TT damage map) is also classified as such by the TG or STEG pulse-echo imaging 496 

method. It is defined as: 497 

 498 

𝑃𝑂𝐷 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
∙ 100 [%] (7) 499 

 500 

 501 

with 𝑇𝑃 the number of true positive pixels and 𝐹𝑁 the number of false negative pixels.  502 

 503 

• The Probability of False Alarm (PFA) gives the probability that a sound pixel (in the benchmark, 504 

double TT damage map) is wrongly classified as being defected by the TG or STEG pulse-echo 505 

imaging method. It is defined as: 506 

 507 

𝑃𝐹𝐴 =  
𝐹𝑃

𝐹𝑃 + 𝑇𝑁
∙ 100 [%] (8) 508 

 509 
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with 𝐹𝑃 the number of false positive pixels and 𝑇𝑁 the number of true negative pixels.  510 

 511 

• The Jaccard Index (JI) is a metric which determines the similarity (or dissimilarity) between two 512 

samples. Note that this criterion is sometimes also referred to as the Tanimoto index. The JI is 513 

defined as: 514 

𝐽𝐼 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁
∙ 100 [%] (9) 515 

 516 

• The Depth Range (DR) represents the relative depth range over which defects are detected. It 517 

is defined as the following ratio: 518 

 519 

𝐷𝑅 =  
𝐷𝑚𝑎𝑥 −  𝐷𝑚𝑖𝑛

𝐷𝑡𝑜𝑡
∙ 100 [%] (10) 520 

  521 

with 𝐷𝑚𝑎𝑥 and 𝐷𝑚𝑖𝑛 the maximum and minimum depth of defects found by the imaging 522 

method, and  𝐷𝑡𝑜𝑡 the total sample thickness. 523 

  524 

Ideally, the POD metric is as close to 100% as possible, while maintaining the PFA metric as close to 0% 525 

as possible. The JI metric should ideally also be close to 100%. Considering that an impact on CFRP 526 

induces a delamination cone which typically extends over the full depth range of the material [17], it 527 

is assumed that the DR metric should ideally be as close to 100% as possible. Note that even though 528 

the binary defected areas in Figure 10a and Figure 10c are very similar, a subtle difference exists at the 529 

defect edge, mainly attributed to the choice of the 3 dB threshold approach. A significant amount of 530 

the false positive and false negative pixels of the STEG method is located at these edges and therefore 531 

influences the exact value of the POD, PFA and JI metrics. The analyzed values of the four metrics for 532 

both the TG and STEG method are shown in Table 2 for the various CFRP samples. The row Perfect 533 

result shows the ideal value of the metrics (double through-transmission data taken as benchmark). 534 

The STEG method clearly shows increased defect detectability, i.e., higher POD, with respect to TG. 535 

STEG consistently detects defects over the full depth range, while only few false positive pixels are 536 

present resulting in a small PFA. In terms of the JI metric, the STEG method provides large values 537 

indicating that the obtained damage map shows high similarity to the damage map obtained by the 538 

double-through transmission method. This is in clear contrast to the results obtained by the TG 539 

method, showing rather intermediate Jaccard index values. These observations hold for the various 540 

inspected CFRP samples. Of course, the exact values of the reported four metrics will slightly change 541 

based on the adopted definition to binarize the damage maps. However, it has been verified that 542 

similar conclusions can be drawn if the damage binarization is done based on other thresholds (e.g. 6 543 

dB amplitude drop).  544 

 545 

 546 

 547 

 548 

 549 

 550 
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Table 2: Comparison of image metrics for TG and STEG pulse-echo assessments. 551 

  
Perfect 

result 

CFRP-1  

(QI – 5.4 J) 

CFRP-2  

(CP – 6.0 J) 

CFRP-3  

(QI – 15.5 J) 

POD [%] 
TG 100 67.9 55.8 90.1 

STEG 100 99.7 97.5 99.9 

PFA [%] 
TG 0 0.4 0.0 0.0 

STEG 0 0.2 0.3 1.0 

JI [%] 
TG 100 64.1 55.8 90.1 

STEG 100 98.4 93.7 98.4 

DR [%] 
TG 100 53.0 77.1 72.6 

STEG 100 100 100 100 

 552 

 553 

4.3. Robustness  554 

 555 

From the above case studies, it is clear that the proposed STEG method is superior in both sizing and 556 

depth determination of impact damage in CFRP laminates. In this section, an analysis on the robustness 557 

of the STEG algorithm is performed. The analysis is carried out on the datasets corresponding to an 558 

impact height of 0.1 m, i.e., samples CFRP-1 and CFRP-2 are used.  559 

 560 

a. Defect-to-sound ratio (DSR) 561 
In the first part of the robustness analysis, the scanned area was narrowed down such that the ratio 562 

between defect area and sound area increases. For different defect-to-sound ratios (DSR), the 563 

resultant POD and PFA metrics for the TG and the STEG images are displayed in Figure 11.  564 

 565 
Figure 11: Influence of defect-to-sound ratio DSR on the performance of the TG and STEG methods: 566 

(a) Probability of Detection POD and (b) Probability of False Alarm PFA.  567 

 568 

It can be seen that the classical TG results remain stable over the whole DSR, but only at an 569 

intermediate POD of about 65%. The PFA values remain below 0.5% over the whole DSR range.  570 

For the STEG method on the other hand, the POD is close to 100% for DSR values up to 0.4. For this 571 

range of DSR, the PFA slightly increases due to a high occurrence of false positive pixels at the defect 572 

edges (as explained in section 4.2), which represent a higher fraction of all pixels as the DSR increases. 573 

When the DSR increases above 0.5, both the POD and PFA suddenly drop to low values. This is related 574 

to a breakdown in the STEG method, more particularly in the automated procedure to identify the 575 

presumably virgin scan points. The same difficulty was reported during the analysis of sample CFRP-3, 576 

for which the defect-to-sound ratio was 0.59. As mentioned in section 4.1, this breakdown of the STEG 577 
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method can be easily solved by manual selection of a virgin area. Though inconvenient, it is not 578 

considered a problem for the proposed STEG method, as in real-world applications the DSR of 579 

inspected parts is usually much smaller than 0.5. Furthermore, in a serialized inspection setup, a 580 

database of known virgin signals could be set up using sound samples, making the extraction of virgin 581 

data from the sample under inspection unnecessary.  582 

 583 

b. Signal-to-noise ratio 584 
In the second part of the robustness analysis, the noise resistance of the proposed STEG method is 585 

investigated. A representative A-scan signal from sample CFRP-1 (point 1 on Figure 3) is shown in Figure 586 

12a. Here, the SNR is defined as the ratio of the signal power 𝑃𝑠 to the noise power 𝑃𝑛 and is expressed 587 

in decibels (dB): 588 

 589 

𝑆𝑁𝑅 = 10 ∙ log10 (
𝑃𝑠

𝑃𝑛
) (10) 590 

 591 

The power of a discrete-time (digitized) signal 𝑠(𝑡) is defined as: 592 

 593 

𝑃𝑠 =  
∑ 𝑠2(𝑡)𝑡𝑚𝑎𝑥

𝑡=0

𝐿
 (11) 594 

 595 

with 𝐿 the total signal length (in number of samples). The signal power is calculated from the recorded 596 

pulse-echo signal using the time interval (t = 0 → 4.35 µs) shown in Figure 12a, while the noise power 597 

was calculated in a time interval where no response signal was observed. This results in a typical SNR 598 

value of ~32 dB for the recorded A-scan signals. To understand the noise resistance of the proposed 599 

STEG procedure, the experimental datasets have been polluted with additional white Gaussian noise, 600 

i.e., noise with a uniform spectral density and a Gaussian amplitude distribution. Figure 12a, shows the 601 

resulting A-scan signals for different levels of noise addition. The amplitude C-scan image obtained by 602 

the TG method and the proposed STEG method are presented in Figure 12b and Figure 12c 603 

respectively. While the TG method yields results which remain more or less stable, the results obtained 604 

from the STEG method change. It seems that for lower SNR values, the STEG procedure cannot capture 605 

all details of the impact damage anymore, especially the deep delamination fragments are 606 

underrepresented. Comparison of the TG and STEG results at the very low SNR values (bottom two 607 

rows of Figure 12) seems to indicate that the STEG imaging method lost its outperformance, and 608 

provides a damage imaging which is comparable to the results of the classical TG method.   609 
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 610 
Figure 12: Results for different SNR levels: (a) representative A-scan signals, and pulse-echo 611 

amplitude C-scan representation using (b) classical Time Gate TG and (c) proposed Statistical Time-612 
Energy Gate STEG. From top to bottom the SNR equals: 32 db (original recording), 20 dB, 10 dB, 5 dB 613 

and 2 dB. 614 

 615 

To get more conclusive results on the noise resistance of the STEG method, both the TG and STEG 616 

approach for damage imaging have been applied on the dataset of CFRP-1 and CFRP-2. These datasets 617 

were polluted with various levels of white Gaussian noise, resulting in a SNR which ranges from 32 dB 618 

(original experiment) to 1 dB. To account for the stochastic nature of the added noise, the damage 619 

imaging procedure has been repeated 10 times. The mean value and standard deviation for the POD 620 

and PFA are reported in Figure 13. 621 

For the classical TG method, the POD and PFA remain stable for both samples for SNR values as low as 622 

about 7 dB. Note however that the POD has only intermediate values of around 60%. When the noise 623 

level increases further, the POD increases which might seems counterintuitive. Though, evaluation of 624 

the PFA metric, which also increases, puts this in perspective. In other words, for such high noise levels 625 

the TG method basically detects a significant portion of healthy pixels as being defected.  626 

For the STEG method on the other hand, the POD starts at values close to 100% indicating its high 627 

performance in accurate damage sizing. For increased noise levels, the POD slowly decreases. This is 628 

understood by the broadening of the bounds of the statistical time-energy gate in order to encompass 629 

99.5% of the virgin signals. The weakest defect echoes (corresponding to the deepest defects) then 630 
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easily go undetected. Once the SNR of the ultrasonic dataset decreases below 5 dB, the POD for the 631 

STEG method drops to values below 65%. At such low SNR values, the STEG imaging basically lost its 632 

outperformance, and converged to the results obtained by the classical TG method (see also Figure 12, 633 

4th and 5th row). Further reduction of the SNR makes the STEG method very unreliable. For such low 634 

SNR values, the BWE simply gets buried in the noise and the automated virgin signal extraction 635 

becomes impossible and as such the STEG algorithm breaks down. The PFA metric remains stable at a 636 

value of ~0.3% up till a SNR of 3 dB. For lower SNR, the PFA drops to 0% because of the breakdown of 637 

the STEG algorithm.  638 

 639 
Figure 13: Performance of the classical TG and proposed STEG methods in function of signal-to-noise 640 

ratio: (a) Probability of Detection POD and (b) Probability of False Alarm PFA.  641 

 642 

5. Conclusion  643 

 644 
A novel automated Statistical Time-Energy Gating (STEG) method for evaluating pulse-echo ultrasound 645 

is proposed. In contrast to the classical Time Gating (TG) method, the proposed STEG method makes 646 

use of a probabilistic data analysis. First a presumable set of virgin signals is identified using a clustering 647 

method. In the unlikely case that the inspection area predominantly exists of damage, the clustering 648 

method shows poor performance and instead a manual selection of a representative virgin area is 649 

required. Through maximum likelihood estimation, optimal Rice distributions are obtained which 650 

represent the stochastic nature of the instantaneous amplitude of virgin signals. Then, by a preset 651 

probability of false alarm, reliability intervals over the full time range of interest are obtained which 652 

prescribe the upper and lower bound of the statistical time-energy gate. The resulting statistical time-653 

energy band can cope with noise features as well as with the heterogeneous and layered structure of 654 

composite laminates. This allows to robustly distinguish healthy signals from defected signals, resulting 655 

in superior quality amplitude and TOF (or depth) C-scan images.  656 

The STEG method was demonstrated on several 24-layer CFRP samples (quasi-isotropic and cross-ply 657 

stacking) containing various levels of barely visible impact damage. Double through-transmission 658 

amplitude C-scan images were taken as the ground truth for defect sizing, and served as benchmark 659 

against the classical TG and STEG pulse-echo methods. The obtained results show that the novel STEG 660 

procedure outperforms the classical TG method in terms of both sizing and depth determination of 661 

complex barely visible impact damage in CFRPs. Especially for imaging very shallow defects, very deep 662 

defects and neighboring delaminations, the proposed STEG method shows excellent performance. 663 

Objective detection metrics (Probability of Detection POD, Probability of False Alarm PFA, Jaccard 664 

Index JI and Depth Range DR) have been evaluated, confirming the high performance of the STEG 665 
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method for the different studied test cases. Finally, the good noise-resistance of the STEG method for 666 

accurate damage imaging was demonstrated.   667 

It is anticipated that the novel STEG method could help in developing and validating advanced 668 

numerical impact damage models, and in obtaining a more reliable estimate of the remaining useful 669 

lifetime of impacted CFRP laminates. 670 
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