

  remotesensing-16-04080




remotesensing-16-04080







Remote Sens. 2024, 16(21), 4080; doi:10.3390/rs16214080




Article



What Is Beyond Hyperbola Detection and Characterization in Ground-Penetrating Radar Data?—Implications from the Archaeological Site of Goting, Germany



Tina Wunderlich 1,*, Bente S. Majchczack 2, Dennis Wilken 1, Martin Segschneider 3 and Wolfgang Rabbel 1





1



Institute of Geosciences, Christian-Albrechts-University of Kiel, Otto-Hahn-Platz 1, 24118 Kiel, Germany






2



Cluster of Excellence ROOTS, Christian-Albrechts-University of Kiel, 24118 Kiel, Germany






3



NihK—Institute for Historical Coastal Research, Viktoriastraße 26/28, 26382 Wilhelmshaven, Germany









*



Correspondence: tina.wunderlich@ifg.uni-kiel.de; Tel.: +49-431-8803903







Citation: Wunderlich, T.; Majchczack, B.S.; Wilken, D.; Segschneider, M.; Rabbel, W. What Is Beyond Hyperbola Detection and Characterization in Ground-Penetrating Radar Data?—Implications from the Archaeological Site of Goting, Germany. Remote Sens. 2024, 16, 4080. https://doi.org/10.3390/rs16214080



Academic Editors: Xuan Feng, Haoqiu Zhou and Zejun Dong



Received: 10 September 2024 / Revised: 11 October 2024 / Accepted: 25 October 2024 / Published: 31 October 2024



Abstract


Hyperbolae in radargrams are caused by a variety of small subsurface objects. The analysis of their curvature enables the determination of propagation velocity in the subsurface, which is important for exact time-to-depth conversion and migration and also yields information on the water content of the soil. Using deep learning methods and fitting (DLF) algorithms, it is possible to automatically detect and analyze large numbers of hyperbola in 3D Ground-Penetrating Radar (GPR) datasets. As a result, a 3D velocity model can be established. Combining the hyperbola locations and the 3D velocity model with reflection depth sections and timeslices leads to improved archaeological interpretation due to (1) correct time-to-depth conversion through migration with the 3D velocity model, (2) creation of depthslices following the topography, (3) evaluation of the spatial distribution of hyperbolae, and (4) derivation of a 3D water content model of the site. In an exemplary study, we applied DLF to a 3D GPR dataset from the multi-phased (2nd to 12th century CE) archaeological site of Goting on the island of Föhr, Northern Germany. Using RetinaNet, we detected 38,490 hyperbolae in an area of 1.76 ha and created a 3D velocity model. The velocities ranged from approximately 0.12 m/ns at the surface to 0.07 m/ns at approx. 3 m depth in the vertical direction; in the lateral direction, the maximum velocity variation was ±0.048 m/ns. The 2D-migrated radargrams and subsequently created depthslices revealed the remains of a longhouse, which was not known beforehand and had not been visible in the unmigrated timeslices. We found hyperbola apex points aligned along linear strong reflections. They can be interpreted as stones contained in ditch fills. The hyperbola points help to differentiate between ditches and processing artifacts that have a similar appearance as the ditches in time-/depthslices. From the derived 3D water content model, we could identify the thickness of the archaeologically relevant layer across the whole site. The layer contains a lot of humus and has a high water retention capability, leading to a higher water content compared to the underlying glacial moraine sand, which is well-drained.






Keywords:


GPR; deep learning; hyperbola; object detection; velocity determination; archaeological interpretation












1. Introduction


Hyperbolic diffractions in Ground-Penetrating Radar (GPR) data (radargrams) are caused by a variety of subsurface objects such as pipes, cables, stones, or archeological artifacts. The spatial distribution of their apex points can aid in investigating the spatial distribution of these subsurface structures. An additional piece of information derivable from the hyperbola is the propagation velocity of electromagnetic waves in the subsurface, which is needed to determine the depth of the objects and/or the 3D distribution of the water content of the soil.



With the advent of multi-channel GPR antenna arrays, it has become easy to cover large areas in short time with high spatial sampling, i.e., inline and crossline trace distances of 4 and 8 cm, respectively [1]. This leads to large data volumes, from which often only a small portion of information is used for interpretation. This is partly due to the limited aim of the survey, e.g., delineating structures in timeslices such as pipes or rebar, and partly due to high costs and time of experienced personnel to inspect the data carefully in all aspects. However, the latter work can be supported by machine learning algorithms, which have found widespread use in the last decades and have also been used in the context of GPR processing to automatically detect pipes or rebar (e.g., [2,3,4,5,6,7,8]), defects in concrete (e.g., [9]), tree roots (e.g., [10,11,12]) in radargrams, or archaeological remains of hearths in timeslices [13].



In urban infrastructure detection, the research mostly stops with the localization of pipes or rebar, but further important information can be derived from the detected hyperbolae: the propagation velocity of the subsurface. This is necessary for correct time-to-depth-conversion, migration algorithms, and topographic corrections and can also be used to estimate the water content of the soil or to differentiate between different subsurface layers.



In general, there are different possibilities to derive a velocity model from GPR data: (a) using multi-offset measurements such as common midpoint (CMP) measurements [14], which require preferably horizontal reflectors at different depths (or the need to correct for inclined reflectors); (b) evaluating the shape of diffraction hyperbolae in constant-offset data, which requires the presence of small objects in the subsurface producing a diffraction; (c) using Time Domain Reflectometry (TDR) measurements at the surface [15], which does not provide velocity information at greater depths; or (d) comparing the reflector depths in radargrams with coring and thus deriving a 1D velocity model.



In order to use multi-offset measurements (point (a) above) for a velocity model, manual CMP measurements with high spatial coverage are very time-consuming and are not feasible for larger areas. With some multi-channel GPR systems, this high spatial coverage of multi-offset measurements can be achieved [16,17], but a second measurement run for “normal” constant offset measurements is also necessary for archaeological interpretation with timeslices. Also, the use of TDR or coring (points (c) and (d)) is limited to some points and requires additional equipment and labor. Therefore, it is easier to use the already collected constant-offset data. Then, if enough diffraction hyperbolae are present, their shape can be used to derive velocity information at different spatial locations. The evaluation of the shape can be achieved by, e.g., fitting test hyperbolae to the hyperbolae seen in the data [18], performing test migrations with a range of velocities [19], and evaluating the roundness of the resulting reflections [20], or using measures such as the semblance [21], which is commonly used in seismic data processing. All mentioned approaches require the detection of the diffraction hyperbolae itself, which can of course be performed manually, but which is not feasible for larger datasets. Therefore, an automatic hyperbola detection and velocity extraction workflow has been proposed by [18]. When applying this procedure, we have three datasets containing different information: (1) the constant-offset GPR data with timeslices and radargrams, (2) the locations (x, y, z) of small objects causing the diffraction hyperbola, and (3) RMS velocities of the overlying soil at these locations. So, the further questions that arise are the following:




	
Can we use the RMS velocities to derive a 3D velocity model? Can that model be used for migration of the radargrams? Does it tell us anything about the archaeological site?



	
What can we learn from the spatial distribution of the detected hyperbolae?








We set out to answer these questions using a Malå MIRA (Malå Imaging Radar) GPR dataset collected with 16 constant-offset channels measured on the archeological site of Goting on the Wadden Sea island of Föhr (district of Nordfriesland, Germany). The site is a multi-phased settlement distributed on a slightly elevated sandy moraine around a small wetland, which provided access to the North Sea via a tidal inlet. Magnetic measurements and archaeological excavations established a settlement phase of the Younger Roman Iron Age and Migration Period (2nd to early 6th century CE) consisting of dispersed single farmsteads and a settlement of the Early through High Middle Ages (7th through 11th/12th century CE). During the younger phase, the settlement can be characterized as a harbor site with specialization in trade and craft production [22] (pp: 163–182) or [23]. For the concluding archaeological interpretation, we not only used GPR data and hyperbola information but also a magnetic map acquired for the same area and results from excavations.



After reporting on the data collection, a short description of the DLF algorithm used is given, before we focus on the further parameters derived and the results in Goting. The findings are discussed with respect to geophysical evaluation and archeological interpretation.




2. Materials and Methods


2.1. Magnetic Data Acquisition and Processing


Magnetic data were collected with a 6-sensor Fluxgate array (Förster) mounted on a non-magnetic cart. The internal vertical sensor spacing was 65 cm, and the horizontal sensor spacing on the cart was 50 cm, measuring the vertical difference in the vertical component of the magnetic field. The data were sampled with 10 Hz while driving in straight lines over the area. Accurate positioning was achieved with a Leica RTK-DGPS (real-time kinematic differential global positioning system), yielding an accurate coordinate (cm accuracy) for each sample. Processing consisted of removing a mean value for each sensor on each profile, to remove the effect of metal on the cart. Then, the data were binned on a grid with 20 × 20 cm cells, and missing values were linearly interpolated.




2.2. GPR


2.2.1. Data Acquisition and Processing


The GPR dataset was measured with a Malå Multichannel Imaging Radar (MIRA) with 16 constant-offset channels and a 400 MHz center frequency. The traces of 100 ns length were recorded with 1024 samples and stacked 4 times. Profile spacing was 8 cm and the inline trace distance 3 cm. Accurate positioning was achieved with a Leica total station TS15.



The data processing was performed in MATLAB using the in-house software MultichannelGPR V1.3.0 [24] (available on GitHub: https://github.com/tinawunderlich/MultichannelGPR, accessed on 30 October 2024), which consisted of (a) DC amplitude removal, (b) time zero correction by shifting channels 2–16 in relation to channel 1 for each profile by means of cross-correlation, (c) adjustment of time zero across all profiles for all channels, (d) bandpass filtering (100–600 MHz), (e) cutting of the time axis at 80 ns, (f) application of a custom gain function with [−20, 0, 10, 20, 30 dB] stretched over the time range of 80 ns, and (g) removal of horizontal reflections with the help of a wavenumber highpass with cutoff wavenumber 0.1 m−1.



The processed radargrams were binned on an 8 cm × 8 cm grid. Subsequently, the data cube was cut into timeslices by summing the absolute amplitudes in 5 ns intervals and interpolating missing values. Linear stripe noise in the profile direction was eliminated by a wavenumber–wavenumber–pieslice filter (later denoted as kk-filter) [25].



The processed radargrams were used to extract the propagation velocities (see Section 2.2.2, Section 2.2.3 and Section 2.2.4). After generating the 3D velocity model, the velocities along the GPR profiles were extracted and used for 2D migration by means of semicircle superposition, taking the topography and the antenna aperture of about 30° into account [26]. After migrating all profiles, depthslices were generated by summing the absolute amplitudes in 20 cm intervals following the topography, i.e., resulting in curved slices and not horizontal ones. Again, a kk-filter was applied to reduce stripe noise.




2.2.2. Hyperbola Detection and Velocity Determination


In addition to timeslices, we used the processed radargrams for automatic hyperbola detection and velocity determination. For this task, the radargrams were exported as jpg images of 256 × 256 pixel size and fed into the convolutional neural network (CNN) RetinaNet [27,28] in a PyTorch implementation by [29] (Figure 1a). We applied transfer learning by using a pretrained ResNet50 [30] as the backbone. All images of channel 1 of our dataset were then used to train the network. We reached an average precision of 58% in detecting hyperbolae. More details can be found in [18]. The outcomes were bounding boxes around the classified hyperbolae in all radargrams (Figure 1b). In total, 38,490 hyperbolae were detected on the complete area of 1.76 ha.



The detected hyperbolae were cut out from the images, and the pixels of the hyperbolae were extracted using an amplitude threshold and a column connection clustering (C3) algorithm [31]. The points were then fitted with a straight line in a x2-(t/2)2-plot in order to determine the velocity v, the horizontal apex location x0, and the temporal apex location t0 (Figure 1c). Again, more details can be found in [18]. This provided an RMS velocity error of 0.021 m/ns compared to manual velocity determination [18].




2.2.3. Clustering of Apex Points


As a small archaeological object such as a stone in the subsurface produces hyperbolae on adjacent radargrams, they need to be grouped together into one point. Otherwise, one could misinterpret the neighboring hyperbolae as an elongated subsurface structure, because they are arranged perpendicular to the profile direction in a straight line. Because we neither expected pipes or other linear modern infrastructure nor tree roots in the investigated area, this assumption is valid.



In order to group hyperbolae originating from the same subsurface object, we applied Density-Based Spatial Clustering of Applications with Noise (DBSCAN, [32]). A cluster is defined if 2 or more points are neighbors in a radius of 0.25 m. If a point has no neighbors in this radius, it is not assigned to a cluster and stays as single point. Again, more details on the clustering can be found in [18]. This results in a list of apex points (Easting, Northing, depth), velocities, and a flag if the point is a cluster or a single point.




2.2.4. Building a 3D Velocity Model


The complete area was divided into a 2 m × 2 m grid, and for each grid, cell apex points in a radius of 5 m were taken in time intervals of 10 ns in order to derive a mean velocity. Thus, the area was split in three dimensions in 2 m × 2 m × 10 ns cells, and in each cell, a mean velocity was calculated, if more than 2 apex points were found in the valid radius. An exemplary profile along the 6,060,229 m Northing shows the velocity distribution along the profile with some missing values at early times and especially in most of the profile at later times (Figure 2a).



To fix this, the first velocity in each horizontal grid cell was set at time zero and the last also at 80 ns. Then, the cube was interpolated linearly along the time axis onto the 828-sample-long time vector of the radargrams (80 ns) and smoothed with a moving average filter over 150 samples (Figure 2b). In order to fill the other missing cells and to further smooth the model for better migration results, the grid was smoothed in the x and y directions over 7 cells with a box filter (Figure 2c). Then, the velocities for each radargram were extracted from the smoothed 3D cube by means of triangulation. Before migration, the velocity model for each profile was again smoothed over 200 samples (approx. 20 ns) in the time direction and 100 samples (approx. 3 m) in the horizontal profile direction with moving average filters.




2.2.5. Water Content Calculation


Further information that could be taken from the 3D velocity model was an estimate of the volumetric water content. In order to achieve this, the 3D velocity model, which reflected an RMS velocity, was first converted to the interval velocity (v) [33]. Then, the relative permittivity (    ε   r    ) was calculated using the equation


    ε   r   =    1     v   2     ε   0     μ   0     μ   r       



(1)




with     ε   0   = 8.854   ⋅ 10   − 12      F   m      and     μ   0   = 4 π ⋅   10   − 7      H   m      are the permittivity and magnetic permeability in a vacuum, respectively. For the relative magnetic permeability, we assumed     μ   r   = 1  . From the resulting 3D relative permittivity model, we could estimate the volumetric water content (  θ  ), e.g., by using the equation of [34]:


  θ = − 5.3   ⋅ 10   − 2   + 2.92 ⋅   10   − 2   ⋅   ε   r   − 5.5   ⋅ 10   − 4     ⋅ ε   r   2   + 4.3   ⋅ 10   − 6   ⋅   ε   r   3    



(2)







Further functions for calculating the water content exist in the literature, e.g., [35,36], but due to the lack of calibration samples for a more sophisticated choice, we chose the easiest one.



In addition, we calculated heatmaps of point density. The area was gridded into 2 m × 2 m cells, and for each cell, the number of hyperbolae in a radius of 5 m was calculated. This was performed for time intervals of 10 ns each.






3. Results


The Goting settlement site is located on the southern edge of the island‘s moraine core (Figure 3a). The site extends along three gently sloping sides of a depression in the moraine, which harbors a marshy lowland of 8 ha with a tidal inlet. The moraine reaches a height of up to 8 m a.s.l., the lowland 1.8 m a.s.l. (Figure 3d). The moraine is composed of glacial sands and occasionally till [37]. The magnetic map of the measurement areas around the lowland reveals differently structured zones of settlement (numbers in Figure 3b), which require individual interpretations and dating approaches based on archaeological finds, excavations, and comparison with other sites [22] (pp: 165–168):




	(1)

	
Dispersed farmsteads with longhouses and yard enclosures, Younger Roman Iron Age and Migration Period.




	(2)

	
Possible seasonal pit house settlement, early medieval.




	(3)

	
Workshop area with elongated plot division on the slope towards the tidal inlet used as a harbor, early medieval.




	(4)

	
Low-density area with pit houses and longhouses, interpreted as an early medieval residential area.




	(5)

	
Unclear cluster of dense magnetic anomalies, possibly overlap with early medieval residential area.




	(6)

	
Dense cluster of linear and rectangular settlement structures and adjacent early medieval longhouses.




	(7)

	
Early to high medieval pit houses and longhouses.









The GPR measurements cover zones 4 and 5 and parts of 3 and 6 (Figure 3c). The magnetic map in this area shows several pit houses and wells, as well as a workshop area on the western side.



Hyperbolae were detected in almost the complete area and in traveltimes between 0 and 70 ns (Figure 4). At the borders of the area, hyperbolae were missing, which was mainly caused by technical problems leading to smearing of GPR data at the beginning and ending of profiles and thus no reliable information. The determined velocities ranged between 0.05 and 0.15 m/ns. Grouping the detected hyperbolae into time intervals and smoothing results in a 3D velocity model that could be visualized, e.g., by timeslices (Figure 5), provided a clearer picture. The velocity range was slightly decreased due to smoothing. The highest velocities of about 0.12 cm/ns can be found in the southern part of the area between 0 and 10 ns. The lowest velocities of about 0.06 m/ns are found in deeper timeslices in the northern part of the area. The velocity is decreasing from top to bottom, with the highest variation in the upper 30 ns.



The spatial distribution of hyperbola points varies strongly over the area and in different time ranges (Figure 6). Most hyperbolae are found in the range 10 to 20 ns, with up to 68 points in a radius of 5 m in the southeastern part. In the uppermost layer, most hyperbolae are found in the southern area. In the time intervals 20–30 ns and 30–40 ns, the eastern part contains more hyperbolae and is delimited from the western part by an almost straight north–south-running line of higher density.



Timeslices and depthslices, respectively, were calculated for the complete GPR area. The border areas were hard to interpret, especially in the western part close to the depression, due to technical positioning problems and high attenuation. The northern part of the area is characterized by strong geological variations that cannot be related to any archaeological structures, so we can neither explain the magnetic anomalies nor the GPR features in this part. The southern part of the area is shown in Figure 7, together with the location of exemplary profile 109 (Figure 8). The magnetic map shows two almost rectangular anomalies in the northwestern part, which can be interpreted as the remains of pit houses. The strong round anomaly in the northeast is a well. Many more pit-like anomalies are visible as well as a round structure in the middle. The timeslices between 10 and 15 ns (Figure 7c) and between 15 and 20 ns (Figure 7d) show a variety of linear features, interpreted as ditches. The deeper timeslice also shows the southern pit house and the well as an absorbing area. In the depthslices, the ditches are also visible, as well as both pit houses and the well. In addition, the deeper slice between 80 and 100 cm depth below the surface (Figure 7f) shows an approximately southwest–northeast-oriented elongated shape of stronger reflections that might be interpreted as the remains of a longhouse with a size of 27 × 6 m (Figure 8), probably from the Younger Roman Iron Age or the Migration Period. The roundish magnetic anomaly in the middle of the area can neither be seen in the timeslices nor in the depthslices. The northern pit house is only clearly visible in the magnetic map, because it was excavated before the GPR measurements took place.



Exemplary profile 109 (channel 1) is running from west to east crossing the southern pit house, the well, and ditches (Figure 9). In both the time-domain radargram (Figure 9b) and depth-migrated radargram (Figure 9e), the pit house is visible as a 3.5 m wide depression reaching a depth of up to 1.2 m below the surface. In contrast, the well has a diameter of only 3 m and reaches to a depth of about 2 m below the surface. Another differentiation point between both anomalies is their shapes: the pit house is rectangular and the well is round. The RMS velocity model along the profiles shows a higher-velocity layer of about 0.12 m/ns in the first 15 ns, which then decreases rapidly to below 0.08 m/ns (Figure 9c,g). For times greater than about 40 ns, there are some lateral variations between 0.06 and 0.08 m/ns. If the velocity model is used to calculate the approximate volumetric water content, we can observe a relatively dry layer (10–15 vol%) of 1 m thickness followed by a wet layer (>30 vol%) of about the same thickness (Figure 9f,g). Three exemplary 1D velocity functions extracted from the profile (Figure 9g) show a surface layer of a slightly higher interval velocity in the eastern part of the profile. All interval velocity functions decrease in the high-water-content layer and increase to a similar value below.



The linear features in the time-/depthslices, which we interpret as ditches, are originating from a line of hyperbolae (Figure 10a). These are probably caused by stones, which are located in the infill of some of the ditches, as was exemplarily found during excavations in the western part of the area (Figure 10b; [22], pp. 543–578). Unfortunately, due to the above-mentioned problems, no GPR data are available for comparison with the excavation.



The 3D smoothed velocity model was used to calculate the volumetric water contents for different depths (Figure 11). The water content was relatively homogenous laterally, but it varied strongly with depth. The highest values (>30 vol%) were reached between 80 and 120 cm. This is approximately the occupation layer, as seen in excavations. The in situ moraine sand below again had lower water contents, as it drains the water very well.




4. Discussion


4.1. Archaeological Interpretation


The GPR measurements in areas 3 and 6 (Figure 3b) cannot be interpreted properly due to high attenuation and technical problems. Still, some hyperbolae were detected here, which enabled us to determine a velocity and thus a water content model for these places. In the aerial photographs, one can also see a line of seaweed in area 3, indicating that salty North Sea water is sometimes overflowing up to this point through the wetland depression in the west. This causes higher electrical conductivity of the soils and thus higher attenuation of the GPR signals.



The topographic 2D migration with the derived 3D velocity model yields depthslices showing clearer results compared to the timeslices. In area 4, different linear features are visible, which can be interpreted as ditches. In combination with the locations of hyperbolae that align here, we can surmise that there are probably stones in the ditches, as was also found in an excavation. These ditches are partly visible as negative anomalies also on the magnetic map, but they are more pronounced in the depthslices. Traces of a previously unknown longhouse appear in the slice between 80 and 100 cm, which was not visible in either the magnetic map or timeslices.



An advantage of interpreting the depthslices together with the locations of hyperbolae is the differentiation between ditches and artifacts: In Figure 10a, the approximately north–south-running ditches are seen as high-reflectivity linear features in the depthslice, and that is supported by the alignment of hyperbolae, whereas the west–east-running (slightly zigzag) line has no alignment of hyperbolae and can be interpreted as an artifact. This is caused by the west–east profile direction of measurement and not fully adjusted antenna signals between channels in this location.



In area 5, the magnetic map as well as the GPR results are difficult to interpret in an archaeological sense. The depthslices mainly show geological structures and could hint at a surficial occurrence of till in this location.



The derived water content shows a strong maximum between about 60 and 120 cm depths below the surface. This is the zone of anthropogenic activity we are interested in, consisting of applied soil layers and occupation layers with a high humus content and high water-holding capacity. In contrast, the underlying Pleistocene moraine sand is well drained and drier. In the days before the measurements, there was heavy rainfall, which could explain the high water contents in the archaeological layer.




4.2. Further Considerations


With the proposed deep learning approach [18], 38,490 hyperbolae were detected in an area of 1.76 ha, with a maximum of 9 hyperbola per square meter between 20 and 30 ns. The velocities of neighboring hyperbolae vary quite strongly, which we do not attribute to real velocity changes in the subsurface, but rather to misdetected features (false positive), distorted hyperbola, and/or skewed automatic velocity determination. The application of strong smoothing in all directions yields a 3D velocity still capable of explaining moderate local velocity variations. For comparison, a mean 1D velocity model can be calculated by averaging all velocities over each time interval from the complete area. The maximum difference between this mean 1D velocity model and the 3D velocity model is 0.02 m/ns at the surface and increases to a maximum of 0.048 m/ns at later times. These pronounced local velocity variations lead to local differences in depth determination compared to a 1D or constant velocity model. In order to estimate the error made by using a 1D or constant velocity model compared to the (true) 3D model, we calculated the corresponding depths for all traveltimes for different models (Figure 12). The depths derived by a mean 1D velocity model (dark blue curve) and constant velocities (approximate mean velocity is 0.08 m/ns, violet curve; green and light blue curves for adjacent velocities) are similar, with maximum differences of about 0.5 m for long traveltimes. But if we assume a higher or lower mean 1D velocity function by 0.05 m/ns (which is comparable to the maximum variation in the 3D model compared to the mean 1D model), the differences are greater: about 0.5 m at 20 ns and up to 2 m at 80 ns. These assumed-wrong depth determinations are non-negligible when interpreting the archaeological structures and when planning targeted excavations. Thus, the 3D velocity model has a high impact on the correct depths determined from the GPR data.



The 3D velocity model also enables us to estimate the water contents of the site at different depths. At first glance, this might not be interesting with respect to archaeological interpretation, but at least in the geological setting on the island of Föhr, we can use this proxy to estimate the thickness of archaeologically relevant layers. These are normally rich in humus and can retain the water better compared to the more drained in situ Pleistocene sand below. Although the derivation of water content from GPR velocity is dependent on the material and several different transfer functions exist (e.g., [35,36]), we derive relative changes in water content independent from the model used. Thus, the easiest Topp equation [34] is sufficient.



The automatic detection of hyperbola had a mean average precision of 0.58, a recall of 0.70, and a precision of 0.63 for the test data [18]. This means that about 70% of all hyperbolae were detected, but that only 63% of all detections were real hyperbola. This can be discussed with respect to several aspects:




	(a)

	
We can derive a smooth 3D velocity model from the detected hyperbolae in combination with automatic velocity determination. As we need a relatively smooth model for the migration and as we assume that we cannot resolve sharp velocity changes, the number of detected hyperbolae is sufficient.




	(b)

	
During automatic velocity determination on the detected hyperbolae, the only quality control of the hyperbolae is carried out by defining a valid velocity range between 0.05 and 0.15 m/ns. If a determined velocity is outside this range, it will be filtered out, which occurred for 20% of the detected hyperbolae in this study. As an improvement, further quality criteria might be useful in order to exclude false positive detections. These could be metrics such as the skewness of the detected objects or the amplitude with respect to the background. The first is probably universally applicable, whereas the second is surely site dependent (and probably also depends on the specific location on site). Since the shapes of the hyperbolae not only depend on depth (indirectly given by t0) and the velocity but also on the dimension of the object, one could also try to include this parameter in the classification scheme and thus also improve the resulting velocity.




	(c)

	
The heterogeneity of the subsurface is very high on this site, which strongly influences the GPR signal, leading to overlapping and interfering reflections. Still, the automatic hyperbola detection is satisfactorily working on these data and will probably increase in performance if the amount of training data increases.




	(d)

	
Before the start of this study, one hypothesis was that we can use the distribution pattern of the detected hyperbolae as an indicator for archaeological settlement activity: A higher density of hyperbolae in some places might indicate higher settlement activity, with more small objects, such as post holes or stones, “disturbing” the homogeneous background subsurface. On the site considered in this article, we can see from the data that there are a lot of hyperbolae caused by geological structures (stones) not related to archaeology. Thus, the assumption of an otherwise homogeneous background soil is violated here, except if the geological structures were distributed homogeneously. But this cannot be proven. On other sites, the hypothesis is valid: One example is the site Hunte 1 [38], where a high spatial density of hyperbolae caused by partly worked piles and timbers indicated settlement activity and thus extended the formerly known settlement area, which had been excavated previously. On the site Hunte 1, the hyperbolae were found by visual inspection and picked manually. If we assumed an average precision of 0.58 in this case, the picture of spatial hyperbola distribution would look different. In order to achieve a realistic hyperbola distribution, the recall of 0.70 is not satisfying and needs to be improved. Still, at the Goting site, we could identify the alignment of detected hyperbolae in the ditches, and we can use this additional information to find and exclude artifacts from the interpretation.











5. Conclusions


We have shown that the automatic detection of diffraction hyperbolae in radargrams from an archaeological site can aid the archaeological interpretation, although the automatic detection is not perfect. In particular, we found following:




	
It is feasible to use automatically determined velocities to create a 3D velocity model. This is essential for correct depth calculations and migration, leading to improved visualization using depthslices that follow the topography. These depthslices revealed a possible new longhouse structure at between 80 and 100 cm depth, which was not visible in the time-domain data. Strong linear reflections were attributed to ditches, partly including stones, which were seen in both the time-domain and depth-domain data. The relatively low precision of detection and thus the number of detected hyperbolae were sufficient for this task.



	
At our site, the geological setting contained a lot of stones not attributed to archaeology, but which were equally detected as hyperbolae in the data. Thus, the spatial distribution of hyperbolae could not be used for differentiation of settlement activities. On other sites with “homogeneous” backgrounds and hyperbolae purely caused by archaeologically relevant features, the spatial distribution of hyperbolae can be interpreted in an archaeological way, but for this task, the recall of 0.70 of detections needs to be improved.



	
An aspect normally not included in archaeological interpretation is the 3D water content distribution, which can be derived through the 3D velocity model. In our geological setting, with well-drained glacial sand below the humus, representing a rich and water-retaining archaeological layer, differentiation between the two layers is possible based on the water content. This can be used to estimate the depths required for excavations.








A question for further research is the applicability to new sites, both with respect to (a) the data processing and (b) the archaeological interpretation. We are sure that the training data used here will not be representative of all cases. Therefore, re-training with new data is needed. It should be evaluated whether, at some point, the collected training data are sufficient for most applications, or if a continuous replenishment of training data is needed. For the second point, researchers should assess how different geological settings alter the interpretation scheme proposed in this study.
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Figure 1. (a) The processed radargrams of all 16 channels have been cut into images of 256 × 256 pixels. In all images of the first channel, hyperbolae were labeled manually. These images and ground truth labels were used to train a RetinaNet. (b) During inference, all images of all channels were fed into the trained RetinaNet and hyperbolae were automatically detected (red, blue and yellow boxes), which is shown here for four example images. (c) Examples of the velocity determination workflow (see yellow and blue box in (b)): After detection of all hyperbolae, the boxes were extracted from the images and subsequently a thresholding and C3 clustering algorithm was applied. This results in central points of a cluster, which are used in a x2-(t/2)2-diagram for fitting of a linear equation. We can derive the velocity from the slope of this fit, and from the intercept, the apex time t0. 
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Figure 2. (a) Mean velocity distribution along a west–east profile taken from the smoothed 3D data cube. (b) Missing velocity values at early or late times are extrapolated constantly from the existing ones and smoothed with a moving average filter over 150 samples. (c) Lateral extrapolation and smoothing with a box filter over 7 cells. 
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Figure 3. (a) Location of the island of Föhr in northern Germany (Basemap: OpenStreetMap); (b) magnetic map of Goting, where the numbers refer to different zones of the settlement, which are further explained in the text; (c) zoomed in view of the magnetic map with interpretation and the GPR measurement area; (d) topographic overview based on a digital elevation model (Basemaps: DGM1, DOP20 ©GeoBasis-DE/LVermGeo SH/CC BY 4.0). 
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Figure 4. Detected hyperbola in different time ranges on the complete area (Basemap: ©GeoBasis-DE/LVermGeo SH/CC BY 4.0). 
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Figure 5. Timeslices of interpolated RMS velocities from the 3D velocity model (Basemap: ©GeoBasis-DE/LVermGeo SH/CC BY 4.0). 
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Figure 6. Density maps of hyperbola points in different time intervals for grid cells of 2 m × 2 m in a radius of 5 m. The approximate depth ranges were calculated with a mean 1D velocity function, which was derived by calculating the average velocity in each time interval over the complete area (Basemap: ©GeoBasis-DE/LVermGeo SH/CC BY 4.0). 
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Figure 7. (a) Magnetic map with location of smaller area (red) shown in (b). The purple line shows the position of the example profile in Figure 9. (b) Cut-out from the magnetic map. (c,e) Timeslices. (d,f) Depthslices following the topography with a given depth below the surface. (g) Interpretation of magnetics (green), timeslice 10–15 ns (yellow), and timeslice 15–20 ns (blue) (main features). (h) Interpretation of magnetics (green), depthlice 60–80 cm (yellow), and depthslice 80–100 cm (blue) (main features). The red dotted box marks the location of the cut-out shown in Figure 8 (Basemap: ©GeoBasis-DE/LVermGeo SH/CC BY 4.0). 
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Figure 8. Depthslice between 80 and 100 cm (for location, see red dotted box in Figure 7h) and marked outline of the longhouse (blue dotted line). 
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Figure 9. Comparison of slices and radargrams: (a) Timeslices between 15 and 20 ns with location of exemplary radargram, (b) processed radargram (Profile 109 of channel 1), (c) smoothed velocity model along the profile as an overlay on the radargram, (d) depthslice between 60 and 80 cm below the surface, following the topography, (e) migrated radargram using the velocity model in (c) and taking the topography into account, (f) water content distribution as an overlay on the migrated radargram. The time or depth ranges of the slices are shown as purple lines in the radargrams, respectively. The yellow color marks the remains of a pit house, whereas the blue anomaly marks a well. Green and orange arrows in (a,b) indicate the locations of isolated hyperbolae forming linear features in the time-/depthslices, interpreted as ditches. (g) Exemplary 1D velocity and water content functions. Their locations are marked by the blue/reg/green lines in (c,f). Dashed lines represent interval velocities, bold lines RMS velocity functions. 
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Figure 10. (a) Depthslice between 80 and 100 cm with hyperbola locations. Red arrows indicate the alignment of points in ditches. (b) Photography of an excavation profile in the eastern part of the area with a simplified interpretation. A stone is located in a ditch filling (Photograph by J. Gebühr, NIhK Wilhelmshaven; full description in [22], pp. 550–551, Profile 17). 
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Figure 11. Volumetric water content maps at different depths (Basemap: ©GeoBasis-DE/LVermGeo SH/CC BY 4.0). 
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Figure 12. Comparison of depth calculations using a mean 1D velocity model, a mean 1D velocity model varied by 0.05 m/ns, or constant velocity models. 
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