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Introduction
Archaeologists engaging with remote sensing data rely heavily on manual inspection. This presents
a major bottleneck in the data analysis pipeline, preventing them from keeping up with ever increasing data volumes, and creating a pressing need for computational methods that can automate data
annotation and analysis.
Within archaeological community, critics of computational methods like to stress the superiority of
human vision for identification of archaeological objects from remote sensing data. For the purposes
of manual inspection, raw data is often converted to a representation that is most intuitive for visual
interpretation. In this regard, the airborne laser scanning data (ALS) data used in archaeological
prospection is usually visualized, e.g. the ALS-derived digital elevation model (DEM) represented as
Visualization for Archaeological Topography (Kokalj and Somrak, 2019). Meanwhile, in the field of
computer vision we see proliferation of deep convolutional neural networks (CNNs), which mimic the
human visual system and achieve state-of-the-art performance on optical images. While there have
already been applications of CNNs in remote sensing, only a handful of them concern ALS data in
archaeological prospection (Verschoof-van der Vaart and Lambers, 2019; Trier et al., 2019).
We therefore propose a CNN-based method to distinguish among various types of anthropogenic
objects in ALS visualizations. Development of such a CNN requires incorporating manually annotated data with thousands of samples. While manual annotation of data from our own ALS survey
took several man-months, having in mind that thousands of square kilometers of similar data have
already been collected in other surveys, further manual work can be minimized if the annotation
process is automated.
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Data and Methods
220 km² of ALS data have been collected around Chactún, one of the largest Maya urban centers
known so far in the central lowlands of the Yucatan peninsula. More than 12,000 anthropogenic
objects of three different types (building, platform, and aguada—artificial rainwater reservoirs) were
manually annotated over 130 km² (hereinafter referred to as the analyzed area).

Fig. 1. Chactún with annotated data. (© M. Somrak)

Fig. 2. Examples of generated data samples for different classes: a) platform, b) platform, c) aguada, d) terrain, e)
terrain. Platforms on images a) and b) contain one and six buildings, respectively. (© M. Somrak)

Method development and implementation is split into several stages, of which the first is currently
being developed and is presented in this paper. Advancements at every stage will build upon the
previous to produce results, which are gradually closer to the final desired outcome—a model, which
could potentially replace manual annotating. Method development includes: 1) Image classification
(classification of ALS visualizations of individual objects); 2) Object recognition (recognition and localization of different objects on ALS visualization of a larger area); 3) Semantic segmentation (location and exact boundaries of objects); 4) Instance segmentation (segments joined into individual
instances, counting instances); and 5) Repetition of previous implementation steps using elevation
data (DEM) instead of ALS visualizations.
The analyzed area was split 80/20, to account for training and validation sets. Samples were generated for each class of anthropogenic objects; square bounding boxes were enlarged with a 30 pixels
buffer. For negative samples, i.e. samples of natural terrain, it was assumed that areas of 128 × 128
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pixels that do not contain any annotated objects can be considered. The total number of terrain
samples equals the combined number of all anthropogenic samples (Table 1).
Class

anthropogenic
objects

other / natural

Number of
samples

Percentage of annotated samples
from total area of 220 km2

Class recall
(at 4 classes)

Class precision
(at 4 classes)

building

9303

~ 60 %

96 %

93 %

platform

2110

~ 60 %

63 %

78 %

aguada

173

100 %

79 %

70 %

terrain

11,586

/

98 %

98 %

structure

Table 1. Types and number of different objects annotated in our ALS survey data.

The VGG16 model (Simonyan and Zisserman, 2014) was used for transfer learning for the deep
CNN model. VGG16 is a network with 16 convolutional layers and very small (3 × 3) convolutional
filters. It has already been successfully applied in a few other remote sensing studies, where it obtained state-of-the-art results for some specific datasets (Wang et al. 2017). The VGG16 model used
in this study was implemented in Python, using Keras and TensorFlow libraries, with modifications.
Our dataset images were rescaled for input size of 128 × 128 pixels just before they were fed into
the network. Three variations of the model were made to distinguish between two, three, or four
different classes. Output of each of these model variations is one of the class values:
a) terrain or structure—where class structure is introduced as a joined class of buildings and
platforms
b) terrain, building or platform
c) terrain, building, platform, or aguada.

Results
Model performance was tested for class recall, class precision and overall model accuracy. Accuracy
was lower for two and three different classes and higher at four classes (Table 1), achieving overall
accuracy of 94 % at four classes.
Discussion
The neural network’s low performance on the aguada class is likely a result of its low sample count,
therefore data augmentation should be considered to overcome the issue. All of the samples also
have to be checked for accuracy of annotation. The overlap between the majority of building and
platform objects resulted in the two classes’ datasets containing very similar images. Probably as a
result, the neural network did not so successfully distinguish between the two classes. Misclassified
terrain samples were usually classified as structures (or buildings/platforms). After manual inspection
of misclassified samples, it was evident that terrain samples did indeed contain anthropogenic objects that have not been annotated. This was a known potential issue from the beginning, as some
objects—such as terraces, tracks, walls, quarries and other less common anthropogenic features
were known to be present but were not annotated.
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Conclusion
It was shown that CNNs can be successfully used to classify ALS-derived visualizations of different
anthropogenic objects against natural terrain. Main misclassification issues have been identified and
further work on data annotation, data augmentation, neural network fine-tuning and design modifications should further improve the classification accuracy.
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