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 5 
Abstract 6 
After natural and man-made disasters such as earthquakes, hurricanes, and explosions, victims 7 
may survive in voids that are formed naturally in collapsed structures. First responders need to 8 
identify and locate these critical voids for rapid search and rescue operations. Due to the 9 
complex and unstructured occlusions in disaster areas, visual and manual search is time-10 
consuming and error-prone. In this study, we proposed a novel method to automatically detect, 11 
locate, and characterize voids buried in disaster rubble using ground penetrating radar (GPR). 12 
After preprocessing the collected radargrams, the boundaries of potential voids are segmented 13 
based on radar signal patterns, and the 95% confidence intervals are constructed around the 14 
segmented boundaries to account for uncertainties. To improve the detection accuracy, the 15 
geometric relations of the detected boundaries and their signal characteristics are examined to 16 
confirm the void existence. Then, the void location and dimension are estimated based on 17 
calibrated velocity of radar wave and its travel time. The effectiveness and efficiency of the 18 
proposed method were manifested by its performance in laboratory and field experiments. The 19 
contribution of this study is twofold. First, the feasibility of using GPR to detect, locate, and 20 
characterize voids in collapsed structures is experimentally tested, innovatively extending the 21 
application of GPR to search and rescue operations. Second, algorithms are developed to 22 
process non-intuitive radargrams to provide first responders actionable information. 23 
  24 
Keywords 25 
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 28 
1. Introduction 29 
There is a 70 % chance that a magnitude 6.7 or larger earthquake will strike the San Francisco 30 
Bay area along the San Andreas fault zone before 2030 [1]. Americans in 38 other states face 31 
similar significant risks from earthquakes [2]. When catastrophic events such as earthquakes, 32 
explosions, and hurricanes occur, surviving victims are often entrapped in voids that are formed 33 
naturally in collapsed structures [3]. For instance, a 72 year-old-man was rescued from rubble 34 
13 days after the Ecuador earthquake [4], a baby was pulled from Nepal earthquake rubble after 35 
22 hours [5], and two survivors were dug out from building wreckages 13 and 21 hours after the 36 
9/11 attack [6]. The survivable voids are covered by heterogeneous rubble that is unstable, 37 
difficult to traverse, and dangerous for both victims and first responders. Identifying these 38 
survivable voids immediately is critical, because the possible survival rate dramatically 39 
decreases as time elapses. For instance, after an earthquake, the survival rate is 91% within the 40 
first 30 minutes and 81 % within the first day. The survival rate decreases to 36.7 % by the 41 
second day and 19 % by the fourth day [7]. 42 
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Incident commanders and first responders need information regarding the buried voids to 44 
ensure efficient, effective, and safe search and rescue operations. However, the inability to 45 
detect, locate, and characterize the voids prevents incident commanders from rapidly prioritizing 46 
search areas and dynamically allocating rescue tasks under time pressure. As a result, first 47 
responders waste valuable time and efforts at wrong spots and inadvertently skip right spots, 48 
leaving victims suffering and dying in the dark. In addition, without detailed information 49 
regarding the voids buried in disaster rubble, it is difficult for first responders to conduct 50 
necessary operations such as tunneling and shoring to reach the voids and rescue trapped 51 
victims [8]. Moreover, first responders account for more than 60% of confined space fatalities 52 
[9]. Sometimes the voids buried in disaster rubble are hidden hazards. For instance, 55.5% of 53 
the 239 first responders’ injuries reported after Nepal earthquake (the actual number of injuries 54 
is vastly higher than the reported 239) were attributed to falling into holes covered by loose 55 
rubble [10]. The unguided decisions and operations during search and rescue can turn first 56 
responders into victims, and victims into deaths. 57 
 58 
Under current practice, first responders need to search gaps and holes manually in collapsed 59 
structures. Sound detection and thermal imaging technologies are not sufficiently reliable 60 
because they are very sensitive to noises and other thermal sources in disaster areas [11]. 61 
Dogs require years of training that costs more than $20,000 per dog (long-term costs are not 62 
included) to be able to detect trapped victims [12]. The use of dogs can be inhibited by dust-63 
laden air, which can diminish their sense of smell. Moreover, dogs cannot provide visual cues 64 
and quantitative information such as the location and dimension of a void to assist first 65 
responders in search and rescue operations. Given the limitations of current practice, there is a 66 
critical need for innovative means to quickly provide reliable and quantitative information about 67 
voids buried in disaster rubble to enable incident commanders to make informed decisions and 68 
to augment first responders’ situational awareness, thus minimizing search and rescue time, 69 
protecting first responders, and maximizing the probability of rescuing victims. 70 
 71 
To address this critical need, a novel method is proposed in this research to process ground 72 
penetrating radar (GPR) scans to automatically detect, locate, and characterize lean-to-collapse 73 
voids buried in disaster rubble to assist search and rescue decisions and operations. The 74 
contribution of this research is twofold. First, the feasibility of using GPR to detect, locate, and 75 
characterize voids in collapsed structure is experimentally tested in this research, thus 76 
innovatively extending the application of GPR to search and rescue work. Second, a novel 77 
algorithm is developed to automate the processing of non-intuitive GPR scans to segment the 78 
buried voids and estimate their locations and dimensions to provide first responders actionable 79 
information. 80 
 81 
2. Background Review 82 
Advanced technologies are being developed to assist search and rescue operations. For 83 
instance, unmanned aerial vehicles (UAVs), equipped with vision-based sensors such as light 84 
detection and ranging (LiDAR), cameras, and spectrometers, were used in hurricanes Katrina 85 
[13,14] and Wilma [15], typhoons Morakot [16] and L’Aquila [17], and the 2010 Haiti [18] and 86 
2011 Japan earthquake [3]. LIDAR and Microsoft Kinect were used to quickly produce the initial 87 
maps of disaster areas [19,20]; cameras were used for structure assessment and damage 88 
inspection [21,22], aerial target detection and autonomous flight [23], stereo vision based 3D 89 
terrain mapping [24], human detection [25], and collapsed building detection [26]. However, 90 
these technologies are unable to sense the occluded spaces that are covered by 91 
heterogeneous rubble in cluttered disaster areas to detect, locate, and characterize critical voids 92 
that may contain surviving victims.  93 
 94 
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Voids buried in disaster rubble exhibit different shapes, including pancake, V-shape, lean-to, 95 
cantilever, and A-frame [27]. Among these voids, lean-to-collapse voids are the most common, 96 
in which victims have a large survival probability. Hence, first responders are instructed to 97 
identify lean-to-collapse voids in disaster areas to search survivors [28]. Searching the voids 98 
buried in collapsed structure for survivors is traditionally performed manually, which is 99 
dangerous, time-consuming, and error-prone [29]. In [30], building information modeling (BIM) is 100 
integrated with simulation technique to predict the locations of potential voids in collapsed 101 
buildings after a disaster. However, the main drawback of this method is that the validity of the 102 
predicted void locations is questionable, as real-world situations may be dramatically different 103 
from simulations. In addition, the void-to-volume ratio of a collapsed structure and the locations 104 
of potential voids vary significantly with respect to different disaster scenarios and building types 105 
[31]. Small Unmanned ground vehicles (UGVs) can enter collapsed structures to explore voids 106 
and search for trapped victims [32]. However, the entrance and pathway to a buried void may 107 
be blocked by rubble, making it inaccessible. In addition, the low level of autonomy and large 108 
positioning errors further constrain their applications in complex and cluttered disaster areas. 109 
Acoustic devices and thermal cameras have been used to detect and locate survivors 110 
entrapped in voids [33]. However, acoustic devices are not effective in noisy disaster areas, and 111 
thermal cameras cannot differentiate victims from other thermal sources [34]. Moreover, 112 
applying these technologies to pinpoint potential victims often requires the identification of 113 
critical voids.  114 
 115 
In this study, GPR is selected to detect, locate, and characterize voids buried in collapsed 116 
structures, because its signal can penetrate various medium (e.g., air, concrete, wood, water) to 117 
varying depths (0.4m-15m), and differentiate different materials (e.g., mental, soil, concrete), 118 
and even unconscious victims. High-speed scanning and on-site interpretation are possible with 119 
GPR. In addition, GPR is harmless to humans. Ground penetrating radar (GPR) is a 120 
nondestructive geophysical technique for subsurface imaging [35]. GPR sends electromagnetic 121 
(EM) waves into the subsurface and records the wave reflected back to surface [36]. GPR have 122 
been used to detect landmines [37], locate underground utilities [38], and assess the conditions 123 
of bridges [39], pavements [40], tunnels [41], and buildings [42]. Algorithms have been 124 
developed to process two-dimensional (2D) radargrams to extract information regarding buried 125 
features [43–45]. A comprehensive review of applications of GPR in civil engineering can be 126 
found in [46]. To our best knowledge, using GPR to assist post-disaster search and rescue is in 127 
its infancy. Some pilot studies have focused on detecting and locating avalanche victims [47–128 
49] buried in snow. Detecting and locating victims in collapsed buildings are much more 129 
challenging than in snow, because snow is relatively homogeneous, while the wreckage of 130 
buildings is heterogeneous. Ultra-wideband radar has also been used to detect victims [50,51], 131 
on the premise that the victims are in close proximity to the radar. This requirement is not 132 
attainable at the early phase of search and rescue. In addition, providing quantitative 133 
information about the occluded spaces is not considered feasible with the existing methods. 134 
 135 
3. Methodology 136 
Fig. 1 provides an overview of the proposed method that consists of three steps. First, upon the 137 
acquisition of radargrams from disaster areas, the radargrams are preprocessed to remove 138 
noise and enhance feature signatures. Second, the reflection signatures of void boundaries are 139 
detected, and their geometric configurations as well as the signal patterns are analyzed to 140 
identify potential voids in collapsed structures. Third, the location and dimension of the detected 141 
void are estimated based on the detected signatures and calibrated wave velocity. 142 
 143 
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  144 
Fig. 1. Overview of the proposed method 145 

 146 
3.1. Collect and Preprocess GPR Data 147 
GPR data can be collected using the UAVs and UGVs, or manually by first responders in 148 
disaster areas. Fig. 2 illustrates the GPR survey of a lean-to collapsed void. This type of void is 149 
formed when floors or ceiling fall on one end and are supported at the other end by standing 150 
walls. A GPR A-scan is a waveform collected by the antenna at a point. B-scan is a set of 151 
consecutive waveforms along a trajectory [52]. The ratio of the reflected signal amplitude to the 152 
incident signal amplitude is determined by the reflection coefficient, which is estimated as a 153 
function of the relative permittivity on each side of the interface. For example, the interface 154 
between air and common building materials (e.g. concrete, wood) will result in a high reflected 155 
amplitude because of the significant difference of relative permittivity [53]. As such, the 156 
signatures with high amplitudes reflected from wall and floor are important features to determine 157 
void boundaries for detection, localization, and characterization. The two-way travel time of EM 158 
wave propagating through different mediums is recorded by GPR, which can be used to 159 
estimate the depth and dimension of the void.  160 
 161 

 162 
Fig. 2. GPR scan of a lean-to collapse void 163 

 164 
A set of operations are needed to preprocess the collected raw GPR data, including time-zero 165 
correction, dewow and gain correction [54], as shown in Fig. 3. The time-zero position indicates 166 
the reflection of EM wave from the ground surface. The time-zero points may vary across 167 
different traces in a B-scan, which can be adjusted by picking the first negative peak of a trace 168 
as zero time. The dewow process is applied by running average filter down each trace. It is 169 
used to remove the unwanted low frequency while preserving the high-frequency signal. Finally, 170 
gain correction is applied to compensate for the signal attenuation and geometrical spreading 171 

GPR Data 

Collection

➢ Time-Zero Correction

➢ Dewow

➢ Gain

Void 

Detection

Void 

Characterization

GPR Data 

Preprocessing

➢ Void Localization

➢ Void Dimension Estimation

➢ Boundary Detection and Segmentation

➢ Geometric Relation Analysis

➢ Signal Pattern Analysis

Floor

Lean-to 

collapse void

Floor
Wall

Slab

Boundary features

B-scan composed by 62 A-scans



 

5 
 
 

losses. The preprocessed GPR data, including two-way travel time, antenna location, and signal 172 
amplitude, are used as inputs for subsequent void detection. 173 
 174 

 175 
Fig. 3. Preprocess GPR data 176 

 177 
3.2. Detect Potential Voids  178 
In this study, a novel method is developed to automatically identify potential voids buried in 179 
collapse structures using GPR scans. The voids are formed with structural supporting elements. 180 
The interface between the structural supporting elements and air in the void will be reflected as 181 
boundary signatures in a radargram. Therefore, a Gibbs sampling method proposed in [55] is 182 
first applied to detect and segment boundaries in a radargram. The confidence interval is 183 
calculated by estimating bands of the uncertainty of the boundaries. Given a radargram with 184 
m×n dimension,  P(I|L1, L2) captures how well the radargram data can be explained by an upper 185 
boundary L1 and a lower boundary L2, and P(L1, L2) represents the prior knowledge about the 186 
boundaries (e.g., smooth without intersection). The upper boundary is the signal reflected at the 187 
interface of the covered slab and air in the void. For the lower boundary, it is the reflected signal 188 
corresponding to the supporting elements. Eq. (1) defines the joint probability P (L1, L2|I) over 189 
the boundaries according to Bayes’ Law. 190 

( ) ( ) ( )1 2 1 2 1 2, | | , ,P L L I P I L L P L L                                        (1) 191 

 192 
It is assumed that the points far from the boundaries are generated by noise and the boundaries 193 
are dark edges. Thus, P(I|L1, L2) can be estimated in Eq. (2). 194 

( ) ( ) ( )( )
2

1 2 , ,
1 1

| , , 1 ,
n

i j i j
i j

P I L L I l j I l j
= =

   −                                 (2) 195 

|▽I(I, j)| denotes the gradient magnitude at coordinate (i, j) of the radargram. The pixel values 196 
have been normalized within a range of [0, 1]. The gradient magnitude is approximated by finite 197 
differences in a 6 × 6 window. It is further assumed that li,j is independent of the remaining 198 
variables in L given its immediate neighbors in the radargram. P(L1, L2) can then be 199 
reformulated and approximated in Eq. (3). M(li,j) represents the direct neighbors for point li,j, and 200 
P(li,j|M(li,j)) is defined as the product of independent vertical and horizontal components.  201 

( ) ( )( )
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n
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                                          (3) 202 

 203 
The points li,j are smoothed along the same boundary by zero-mean Gaussian method defined 204 
in Eq. (4). The boundaries are not overlapped with each other by introducing a step function in 205 
Eq. (5). 206 
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 209 
The full conditionals for each li,j are estimated via Bayesian inference method shown in Eq. (6). 210 
Gibbs sampling is used to perform inference for li,j, which generates a sequence of samples 211 
L0, … , LB, …, LT. B is the burn-in period. The samples from 0 to B are discarded. The expected 212 
boundary location can then be estimated by taking the mean of (T-B) samples. The 95 % 213 
confidence interval for boundary location is calculated as 2.5% and 97.5 % quantiles of effective 214 
samples. This step outputs the detected and segmented boundaries in radargrams.  215 

                                    ( )( ) ( ) ( )( )| , | |ij ij ij ij ijP l I M l P I l P l M l=                                   (6) 216 

 217 
The structural stability of a void is maintained by its supporting elements. For instance, a lean-to 218 
collapse void is supported by a floor and a wall, forming a “triangle of life”. This geometric 219 
configuration will be reflected in the radargrams, which can be leveraged to check the existence 220 
of a potential void. Therefore, the geometric relations of the segmented boundaries are 221 
examined. As shown in Fig. 4, for a lean-to collapse void, the lower boundary should be 222 
concave upward along the upper boundary. The concavity of the lower boundary is determined 223 
by fitting a second-order polynomial function. 224 
 225 

 226 
Fig. 4. Geometric relation of the segmented boundaries 227 

 228 
In addition, the signal characteristics along the segmented boundaries are examined to further 229 
verify the presence of a buried void. The justification is elaborated as follows. The EM wave first 230 
penetrates the rubble, and propagates in the air of the void, and then penetrates the supporting 231 
elements such as floors or walls. The reflections at these two interfaces are out-of-phase 232 
because the permittivity of air is smaller than rubble and supporting elements. Thus, the signs of 233 
recorded signal peak values at the two interfaces should be the opposite. The peak values of 234 
the reflected signal at the upper and lower boundaries are extracted to compare the sign of the 235 
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values. To verify the existence of potential voids, 95 % of traces are required to have an 236 
opposite sign at two boundaries. The value of 95 % is applied to account for the noise and 237 
ambiguity in radargrams. Fig. 5 is the A-scan extracted from the radargram in Fig. 2. As 238 
indicated, the signs of the peak values of the reflected signals from the upper and lower 239 
boundary are opposite. 240 

 241 
Fig. 5. Signal pattern at the upper and lower boundary 242 

 243 
3.3. Locate and Characterize Detected Voids 244 
The coordinates of the potential void can be obtained from the real-time kinematic (RTK) global 245 
positioning system (GPS) that is integrated with the GPR. The buried depth d1 and dimension of 246 
the void d2 are estimated using Eq. (7), once the void boundaries are detected and segmented. 247 
vs represents the velocity of EM wave propagating in the covered slab that can be estimated by 248 
the common midpoint (CMP) method [56]. va is the velocity of EM wave propagating in the air 249 
which is 0.3 m/ns. ta and ts represent the two-way travel time of EM wave between the upper 250 
and lower boundary and in covered slab layer, respectively.  251 
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Fig. 6 illustrates the estimation of the depth and dimension of the detected void. Taking trace 30 253 
as an example, vs is 0.13 m/ns, ts is 1 ns, and ta is 2.4 ns. The buried depth d1 is calculated to 254 
be 6.5 cm. The dimension of void d2 perpendicular to the slope is estimated to be 36 cm. With 255 
all traces calculated, the entire void space along the trajectory can be constructed.  256 
 257 
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 258 
Fig. 6.  Characterizing detected voids 259 

 260 
4. Experiments and Results 261 
GPR scans collected from simulations and scaled experiments were used to validate the 262 
proposed method, and evaluate its efficiency and effectiveness These radargrams can be used 263 
to represent real-world situations. First, the geometrical models for both the experiments and 264 
simulations were built by resembling the scenarios found in photos taken in the disaster areas 265 
or by referring to the Federal Emergency Management Agency (FEMA) search and rescue 266 
training manual [57]. Second, in both simulations and experiments, heterogeneous materials, 267 
including masonry, wood, metal, concrete, air, and ceramics are scanned to evaluate the 268 
capability of GPR to penetrate heterogeneous and complex rubble for searching voids.  269 
 270 
The synthetic GPR scans were obtained from a simulation platform as shown in Fig. 7. An 271 
unmanned aerial vehicle is equipped with a GPR to scan disaster areas along users defined 272 
paths. The geometric model of the cross section of the rubble along the path can be extracted. 273 
The geometric model can then be used to generate synthetic GPR scans using gprMax 274 
software [58]. In this study, 30 GPR scans were simulated. According to the studies by Rudd et 275 
al. [59] and Daniels [60], the relative permittivity for concrete slab, floor, brick wall, wood, 276 
ceramics, and air are 5.31, 6, 3.75, 3, 7.25 and 1, respectively. The conductivity for concrete 277 
slab, floor, brick wall, wood, ceramics, and air are 0.03, 0.01, 0.038, 0.003, 0 and 0, 278 
respectively. In addition, A 1.2 GHz Ricker wavelet is used to represent the GPR signal, which 279 
is well accepted as a simulated GPR antenna [61]. The GPR B-scan was formatted as a grey 280 
color with 600 * 400 pixels.  281 
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 282 
Fig. 7. Simulation of GPR scans in virtual disaster areas 283 

 284 
A total of 30 real GPR scans were collected from the models including 20 built in the laboratory 285 
and 10 built in field settings. These models are built on the basis of the typical lean-to collapsed 286 
void. It should be noted that these experiments are scaled and thus the dimensions are smaller 287 
than the collapsed voids at the disaster site. The thickness of the concrete slab, desk table and 288 
wood plate are 10 cm, 5 cm and 5 cm, respectively. In addition, small slabs or other 289 
disturbances were put inside the void to create a more complex situation. Without loss of 290 
generality, a 2 GHz GPR antenna was used to scan the scaled physical model, as its 291 
penetrating depth (0.6 m) matches the model scale. For collapsed structures in real scale, 400 292 
MHz (penetrating depth: 4 m) and 900 MHz (penetrating depth: 1 m) antennas can be used to 293 
scan rubble. The radar images were also formatted as a grey color with 600 * 400 pixels. 294 
 295 
Fig. 8 presents the results of four synthetic GPR images using the proposed method with a 296 
95 % confidence interval. For each scenario, 20,000 samples were collected after Markov Chain 297 
reaching its equilibrium distribution with a burn-in period of B=20,000 iterations. The effective 298 
sample size is set as 20,000 to ensure numerically stable estimates. As indicated in Fig. 8, the 299 
void boundaries were detected and segmented in radargram with uncertainty bands. The 300 
geometric relations and signal pattern of the segmented boundaries are checked and analyzed 301 
to further confirm the existence of a potential void under the rubble. 302 
 303 
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 304 
Fig. 8. Void detection and segmentation using simulated radargrams  305 

 306 
Fig. 9 shows the detection and segmentation results of eight radargrams collected in laboratory 307 
and field experiments. 308 
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 310 
Fig. 9. Void detection and segmentation using real radargrams 311 

 312 
In this study, accuracy, precision, and recall metrics were used to evaluate the performance of 313 
the proposed model. Accuracy measures correctly predicted observation to the total 314 
observations and is defined in Eq. (8). Precision denotes correctly predicted positive 315 
observations to the total predicted positive observations and is computed using Eq. (9). Recall 316 
represents a measure of completeness and is calculated by Eq. (10). 317 

Accuracy
TP TN

TP FP TN FN

+
=

+ + +
                                         (8) 318 

Precision
TP

TP FP
=

+
                                                      (9) 319 

     Recall
TP

TP FN
=

+
                                                     (10) 320 

where TP is true positives, representing the number of the correctly detected void; FP denotes 321 
true negatives which is the number of the incorrectly detected void; TN is true negatives that is 322 
the number of correctly predicted the negative class. FP represents true positives that are the 323 
number of mistakenly predicted the negative class. As indicated in Table 1, the accuracy, 324 
precision, and recall metrics for synthetic radargrams are 93 %, 100 %, and 91 %, respectively. 325 
Experimental results indicate an accuracy of 93 %, a precision of 91 %, and a recall of 100 %. In 326 
total, the proposed algorithm achieved an average accuracy of 93 %, a precision of 95 %, and a 327 
recall of 95 %. The results show that the proposed method is promising to identify the voids 328 
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buried in collapsed structures. The algorithm was tested using a PC with the following 329 
configuration: Intel Core i7 4900MQ, CPU 2.8GHz, and 8 GB RAM. The proposed method 330 
requires 10 seconds on average to detect and segment the radargrams after resizing the image 331 
to 600 * 400 pixels. 332 

 333 
Table 1 Performance measures of the proposed method 334 

Performance measure Simulations Experiments Total 

True positives 20 21 41 

False positives 0 2 2 

True negatives 8 7 15 

False negatives 2 0 2 

Accuracy (%) 93 93 93 

Precision (%) 100 91 95 
Recall (%) 91 100 95 

 335 
 336 
5. Discussion 337 
5.1 Comparison with the State-of-the-Art 338 
Given the increasing number and severity of natural and man-made disasters, innovative 339 
technologies need to be developed to improve the efficacy and safety of search and rescue 340 
operations. In this study, a novel GPR-based method is developed to detect, locate, and 341 
characterize voids buried in collapsed structures to pinpoint potential trapped victims and 342 
hazards. Comparison with the state-of-the-art has highlighted the value of the proposed method 343 
in improving the search and rescue practice in occluded disaster areas. Different from the 344 
simulation based void prediction method proposed in [30], our method can provide reliable and 345 
accurate in situ information regarding buried voids to guide first responders to search survivors. 346 
In addition, our methods can locate the voids in collapsed structures and provide quantitative 347 
information about their depths and dimensions, which are not amenable to thermal and sound 348 
detection methods [33]. Recently, shape-shifting robots and flexible snake robots have been 349 
developed to enter collapsed structures to search survivors [62]. Before deploying these robots, 350 
Identifying the potential void spaces is essential to save time and avoid being trapped in 351 
rubbles. Instead of blindly entering collapsed structures, our method can provide situational 352 
awareness for these robots to plan accordingly. This study also complements [63], in which an 353 
RGB-depth sensor is used to recognize access holes in disaster areas. Once an access hole is 354 
detected, our method can be used to search the surrounding areas for voids that are large 355 
enough to contain survivors. The integration will significantly improve the search efficiency. 356 
 357 
5.2 Applicability of the Method 358 
Our method was validated in the simulations and scaled experiments, which represent various 359 
scenarios. The method achieved an overall accuracy of 93 % with a processing speed of 10 360 
seconds per radargram. The processing speed can be enhanced by tuning the parameters of 361 
the algorithm. For instance, by setting the sample size to 10,000, the processing time for one 362 
radargram is reduced to 6 seconds using the same PC. The promising performance of our 363 
method demonstrated its potential for first responders’ adoption. This method is developed to 364 
detect, locate, and characterize lean-to collapse voids. It can also be applied to detect A-frame 365 
and V-shaped voids because these two types of voids are very similar to lean-to collapse voids. 366 
However, it is difficult to extend our method to detect pancake voids, mainly due to two reasons. 367 
First, pancake voids are the most complicated void type because of the complex geometry. 368 
Therefore, it is difficult to recognize the patterns of pancake voids from radargrams. Second, 369 
pancake voids are often very small and covered by several layers of heterogeneous rubble. Due 370 
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to radar wave refractions, it is difficult to capture small pancake voids in radargrams. GPR can 371 
also be integrated with UAVs or UGVs to survey disaster areas. For instance, the payload of DJI 372 
Matrice 600 is 30 lbs, making it feasible to carry GPR, as the weights of a GSSI 900 MHz and a 373 
400 MHz GPR antenna are 5 lbs and 11 lbs, respectively. With this payload, the UAVs can fly 374 
about 20 to 30 minutes to cover a large area, given its flying speed. Comparing to UAVs, UGVs 375 
platform such as Husky has a longer operating time, but constrained mobility in some disaster 376 
areas. In addition to these platforms, first responders can hand hold the GPR antenna to scan 377 
the areas of interests. Similar to [64], GPR can be customized and integrated with search and 378 
rescue dogs, which combines the superior sense and mobility of dogs and the penetrating 379 
capability of GPR. 380 
 381 
We also learned some lessons from this study. First, in our laboratory experiments, a 2 GHz 382 
antenna was used to detect voids that are buried shallowly. In the simulations, a 1.2 GHz 383 
antenna was applied to detect voids that are buried deeper in collapsed structures. Low-384 
frequency antenna can penetrate deep but with low resolution, and high-frequency antenna 385 
provides high resolution but can only penetrate to a certain depth. Thus, to ensure a thorough 386 
investigation of the occluded disaster areas, multiple frequencies of the antenna are suggested 387 
to be used in practice. Algorithm settings will be the same for different antenna frequencies. 388 
However, the gain correction needs to be calibrated based on antenna frequency. Second, 389 
using an unmanned ground vehicle or operating by the first responders enables GPR to scan 390 
along with the slab, and thus avoiding subsequent tomographic correction. Third, to achieve 391 
better search and rescue operations, first responders are suggested to combine multi-sensors 392 
including ground penetrating radar as well as the conventional sensors such as camera and 393 
LiDAR in search and rescue, as no sensors standalone achieve the desired performance in all 394 
cases.  395 
 396 
Limitations and Future Research Directions 397 
First, due to the signal/wave refractions and multipath of debris in the occluded spaces, the 398 
objects’ properties are difficult to estimate. However, acquiring information about objects in the 399 
occluded voids such as metal, concrete, and water are critical for crafting the appropriate search 400 
and rescue plans. In our future research, we will exploit the signal patterns and attenuation to 401 
estimate material properties for object inference. In addition, multi-sensors will be used to 402 
improve reliability and expand its capability. Second, this proposed method focused on the 403 
analysis of a single radargram for void detection, localization, and characterization. However, 404 
due to the complex geometry of the disaster rubble, aggregating multiple radargrams acquired 405 
along different trajectories will provide more complete and accurate information. Future research 406 
is needed to optimize the scanning trajectory and develop an automatic method to aggregate 407 
multiple radargrams for volumetric reconstruction of buried voids. Finally, in this study, the non-408 
intuitive radargrams are automatically processed to detect, locate, and characterize voids. 409 
However, this extracted information has not been intuitively communicated to the first 410 
responders in disaster areas. Our on-going research integrates robot, GPR, and mixed reality to 411 
streamline the process and convey the extracted information to first responders in real-time to 412 
augment their visual awareness about the critical voids.  413 
 414 
6. Conclusion 415 
 416 
This paper presents a novel method to detect, locate, and characterize the potential voids 417 
buried in collapsed structures to assist search and rescue operations. Our method innovatively 418 
extends the application of ground penetrating radar to search and rescue work.  The method 419 
was tested in simulations, as well as scaled laboratory and field experiments. A total of 60 420 
scenarios are tested including 30 simulated and 30 real radargrams. The proposed method 421 
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achieved an average accuracy of 93 %, a precision of 95 %, and a recall of 95 % considering 422 
both real and simulated GPR scans. The promising results demonstrate the effectiveness and 423 
efficiency of the proposed method. This method provides the first responders situational 424 
awareness for searching and rescuing survivor victims entrapped in the occluded spaces in 425 
disaster rubble, and opens a new line of research and practice for urban search and rescue. 426 
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