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Abstract
The application of Retinanet to new datasets detected about half of the hyperbola present. Combining the detections 
from images with different aspect ratios results in better performance. The aspect ratio of the images is a crucial factor 
for detection.
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 Introduction

Machine learning methods became widely used in the last 
decades in geophysical applications and also in the con-
text of ground penetrating radar (GPR) to automatically 
detect pipes and rebar or tree roots based on automatic 
hyperbola picking (e.g. Gamba & Lossani 2000; Shaw et al. 
2005; Lei et al. 2019; Liu et al. 2021). From the hyperbolas’ 
shape one can derive the velocity of the electromagnetic 
waves in the overlying material, which is needed for exact 
depth determination. Moreover, mapping all hyperbolas 
on a measured area can result in a map of small objects. 
In an archaeological context this might provide spatial in-
formation on e.g. settlement activity. Manual detection of 
all hyperbola in a dataset is time-consuming, especially 
for datasets from multichannel GPR systems containing 
radargrams up to thousands of kilometers length. In order 
to automatically detect hyperbolas in radargrams an arti-
ficial neural network, Retinanet (Lin et al. 2017a; Lin et 
al. 2017b), was trained on images from a dataset collected 
on the island of Föhr, Germany (Wunderlich et al. 2022). 
After training was completed the network achieved an av-
erage precision of 0.58 on data from the same site that was 
excluded from training. As we only tested data from the 

same site it was unclear how the network would perform 
on other data from (a) other sites and (b) collected with 
other GPR equipment/antenna.

Thus, our main aims of this paper are (1) to check if 
there is an influence of different aspect ratios of the input 
images on the detection result, (2) to apply the detection 
on data from new sites and see how it performs, and (3) to 
compare the detection results of data from different anten-
na and GPR systems.

Materials and methods

GPR data collection and processing
The data from Föhr (the training set) was collected with 
a Mala MIRA 16 channel system with 400 MHz antenna. 
Further information on processing these data can be found 
in Wunderlich et al. (2022). The other data in this paper 
were measured with GSSI systems and 200 and 400 MHz 
antennas. Processing was done with MultichannelGPR 
(Wunderlich 2021).
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Hyperbola detection with Retinanet
An existing architecture of Retinanet (Henon 2021) was 
used with a pretrained ResNet50 as backbone (He et al. 
2016). Details can be found in Wunderlich et al. (2022).

Results

The original input images from Föhr for training and testing 
of our Retinanet had an aspect ratio of 256 * 0.03 m / 80 ns 
= 0.096 m/ns (with 256 being the number of traces per 
image and a trace spacing of 0.03m with a time range of 
80 ns). Figure 1 shows the detection results on an example 
radargram for different trace spacings and thus different 
aspect ratios. The radargram was cut into smaller images 
of 256 traces using different trace spacings. The different 
trace spacings were achieved by linear interpolation be-
tween the original traces with 0.03 m spacing. This re-
sults in different lengths of the images and thus different 
apparent widths of hyperbola. The original images with 
0.03 m trace spacing result in 16 detected hyperbolas in 
this radargram (Fig. 1, yellow boxes). Decreasing the trace 

spacing to 0.02 m also decreases the number of detection 
to 5 (red boxes). An increase of the trace spacing to 0.05 m 
has the same number of detections (cyan boxes) as for 0.03 
m (16), but partly different ones. Thus, combining the de-
tection results of trace spacing 0.03 and 0.05 m results in 
27 hyperbolas.

The detection results for the Föhr dataset that was 
also partly used for training are satisfactory. But what 
happens for a completely new dataset? For a first test a 
dataset containing 58 profiles from another archaeological 
site was chosen, which was measured with a GSSI 200 
MHz antenna. The subsurface structure is mainly peat and 
underneath sand with some timber structures inside the 

peat layer, which are the origin of the hyperbolas. To take 
different aspect ratios into account, the trace spacing was 
varied systematically from 0.01 m to 0.1 m and all imag-
es were input into Retinanet. In total 355 hyperbolas are 
present in all profiles (counted manually = ground truth). 
For the smallest trace spacing of 0.01 m only one hyperbo-
la was detected (Fig. 2a). Increasing the trace spacing and 
thus the aspect ratio (Fig. 2b) results in more detections, 
with a maximum for 0.04 m trace spacing (109 hyperbolas). 

Fig. 1: Example radargram from Föhr with detection results of images with different trace spacings and thus aspect ratios: trace 
spacing 0.02 m (red), 0.03 m (yellow) and 0.05 m (cyan). The bottom row shows parts of the large radargram that were input images 
for the network with different aspect ratios.
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For trace spacings 0.02, 0.04 and 0.05 m the number of 
detections is similar, but partly different hyperbolas are 
detected (Fig. 2c), which could be used for increasing the 
total number of detections when combining both results. 
For larger trace spacing the number of false detection in-
creases rapidly. This in mainly due to slight curves in the 
interface reflection that bend upward and are appearing as 
hyperbolas when the images are compressed horizontally.

For application to other data we did not change the 
aspect ratio anymore, but chose a ratio similar to the one 
for the Föhr dataset. For the archaeological dataset mea-
sured with a 200 MHz antenna in Figure 3a) the detection 
resulted in only two hyperbolas. Some hyperbolas in the 
middle part of the profile with strong chaotic reflections 

are not detected. In the urban dataset in Figure 3b) again 
only two pipes are detected and other hyperbolic structures 
are missed. A special case is the dataset measured from 
the water surface on a pond with a 400 MHz antenna (Fig. 
3c). While most of the image is relatively quiet, two stron-
ger layered reflections are visible and two types of hyper-
bola: (1) narrow hyperbola in the water (branches and 
probably fish) and in the bottom of the pond, and (2) very 
wide hyperbola with long tails revealing a velocity of 30 
cm/ns. The latter are caused by trees around the pond and 
rays travelling trough air. The isolated hyperbola of type 
1 are all detected, whereas some below the pond bottom 
are missed. The wide hyperbola of type 2 are not detected.

Fig. 2: Application of Retinanet for hyperbola detection on a new dataset from an archaeological site: a) The number of detected 
hyperbola for different trace spacings together with the number of false detections. b) Aspect ratio versus trace spacing. c) Example 
radargram and detection results for different trace spacings for the images.

https://doi.org/10.38072/978-3-928794-83-1/p91


ADVANCES IN ON- AND OFFSHORE ARCHAEOLOGICAL PROSPECTION  
Proceedings of the 15th International Conference on Archaeological Prospection � ICAP 2023

446 � KIEL-UP • DOI: https://doi.org/10.38072/978-3-928794-83-1/p91

Fig. 3: Hyperbola detection on different example radargrams from new sites and with different equipment: a) Archaeological site, 
measured with GSSI 200 MHz antenna. b) Urban site, measured with GSSI 400 MHz antenna. c) Pond, measured from the water sur-
face with a GSSI 400 MHz antenna. 
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Discussion and conclusion

The success or failure of the hyperbola detection on new 
data can be seen in different ways depending on the aim: 
(1) If one wants to have an overview on all (!) hyperbola 
present in a dataset for e.g. inferring clusters of objects or 
counting of subsurface features, the detection performance 
definitely needs to be increased. (2) If one wants to get a 
quick automatic look on some hyperbolas and also derive 
the propagation velocity from them automatically to get a 
rough velocity model of the site, the detection capability is 
probably sufficient.

For further training of the network with new data care 
has to be taken to choose the best aspect ratio. A test 
should be conducted if it is helpful to include images with 
many different aspect ratios or to better train the network 
for one specific aspect ratio. The aspect ratio of new data-
sets can easily be adjusted by changing the trace spacing 
with respect to the time range.

With respect to the following automatic velocity deter-
mination it is helpful that very wide hyperbola originating 
from rays travelling through air and being reflected at ob-
jects above the surface, are not detected by the Retinanet 
as it is now. 

For new datasets it is helpful to test different aspect ratios 
of the images in order to detect the ‘correct’ hyperbola. If 
the trace spacing gets too large, and thus the aspect ratio 
too, also slightly curved reflections are ‘seen’ as hyperbola. 

As hyperbola in different depths and with different veloc-
ities have different widths, it might be also good to infer 
hyperbolas from images with different aspect ratios and 
then combine the detection results in order to receive the 
best performance.
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