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Białowieża Forest. Remote Sens. 2022,

14, 995. https://doi.org/10.3390/

rs14040995

Academic Editors: Antonio M.

Rinaldi and Beniamino Murgante

Received: 1 January 2022

Accepted: 14 February 2022

Published: 18 February 2022

Publisher’s Note: MDPI stays neutral

with regard to jurisdictional claims in

published maps and institutional affil-

iations.

Copyright: © 2022 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

remote sensing  

Article

Semantic Segmentation (U-Net) of Archaeological Features in
Airborne Laser Scanning—Example of the Białowieża Forest
Paweł Zbigniew Banasiak 1,*,† , Piotr Leszek Berezowski 1,† , Rafał Zapłata 2, Miłosz Mielcarek 3 ,
Konrad Duraj 4 and Krzysztof Stereńczak 3
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Abstract: Airborne Laser Scanning (ALS) technology can be used to identify features of terrain relief in
forested areas, possibly leading to the discovery of previously unknown archaeological monuments.
Spatial interpretation of numerous objects with various shapes and sizes is a difficult challenge
for archaeologists. Mapping structures with multiple elements whose area can exceed dozens of
hectares, such as ancient agricultural field systems, is very time-consuming. These archaeological
sites are composed of a large number of embanked fields, which together form a recognizable spatial
pattern. Image classification and segmentation, as well as object recognition, are the most important
tasks for deep learning neural networks (DLNN) and therefore they can be used for automatic
recognition of archaeological monuments. In this study, a U-Net neural network was implemented
to perform semantic segmentation of the ALS-derived data including (1) archaeological, (2) natural
and (3) modern features in the Polish part of the Białowieża Forest. The performance of the U-Net
segmentation model was evaluated by measuring the pixel-wise similarity between ground truth
and predicted segmentation masks. After 83 epochs, The Dice-Sorensen coefficient (F1 score) and
the Intersect Over Union (IoU) metrics were 0.58 and 0.5, respectively. The IoU metric reached a
value of 0.41, 0.62 and 0.62 for the ancient field system banks, ancient field system plots and burial
mounds, respectively. The results of the U-Net deep learning model proved very useful in semantic
segmentation of images derived from ALS data.

Keywords: deep neural networks; convolutional neural network; U-Net; ancient field systems; Celtic
fields; Polish part of the Białowieża Forest; UNESCO World Heritage Site; LiDAR; ALS; DTM

1. Introduction

The archaeological heritage of forested areas representing traces of past human activi-
ties remains poorly researched and inventoried. Conducting an archaeological inventory
is limited by available research methods. In recent years, Airbone Laser Scanning (ALS)
technology has greatly increased the chance for discovering archaeological objects in these
areas. In Poland, forests cover over 30% of the country’s territory and the ALS data of the
ISOK system (Informatyczny System Osłony Kraju) cover the entire national territory.

The most common method of detecting archaeological objects in forested areas is
their visual recognition and identification based on ALS data processing. Techniques
based on manual labelling and georeferencing of objects require a lot of desk work and are
very time-consuming. Therefore, the process of ALS data analysis has been supported by
human-supervised procedures for semi-automatic or automatic recognition of potential
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archaeological objects [1–3]. Modern systems for image analysis and classification are
based on the so-called Deep Neural Networks (DNN). The most important feature of deep
neural networks is their ability to learn from examples and the possibility of automatic
generalisation of the acquired knowledge [4]. The discussed methods fall into the category
of non-destructive activities, the application of which is expected mainly in those areas
where invasive methods should not or cannot be used, e.g., intact cultural heritage sites,
nature reserves or difficult access sites.

In order to develop automatic recognition of archaeological objects, deep learning
image segmentation methods were applied to the Polish part of the Białowieża Forest
(UNESCO World Heritage Site). This area has been covered by an ALS survey acquired
during two photogrammetric missions—as part of the Life+ ForBioSensing project and as
part of the ISOK system [5,6]. Extensive archaeological research has been carried out in
recent years, mainly using the ALS data [7,8].

Due to the availability of ALS data covering the entire territory of Poland, it is now
possible to conduct surveys over large areas. This prompts the development of a methodol-
ogy for large-scale activities with a standardized formula for data processing and the use
of neural networks to identify archaeological monuments and monitor their condition.

Therefore, the aim of the research was to implement deep neural network for automatic
object recognition from preprocessed ALS data for large areas. The specific goals were: (1) to
develop a system based on deep neural networks to automate the process of recognition
of multiple classes of objects (archaeological, natural and modern); and (2) to evaluate the
performance of deep neural networks in the recognition of archaeological monuments.

1.1. Deep Learning

Deep learning (DL) is a subcategory of Machine Learning (ML) and, more broadly, of
Artificial Intelligence (AI). Considering archaeological heritage, DL offers new possibilities
of archaeological monuments recognition. Large amounts of data can be analysed in a
short time, thus improving the manual work of specialists and enriching the interpretation
process.

Deep learning methods have dominated computer vision in recent years. Deep learn-
ing is based on multi-layer computing systems that are capable of learning and recognizing
data at multiple levels of abstraction [9]. The main mathematical operation used in DNNs is
convolution. Since the introduction of (CNNs) by LeCun in the early 1990s, these networks
have reached a high level of performance [10]. CNNs outperform all other techniques
in image recognition. A convolutional neural network compresses input images into a
vector representation, which can then be used for classification, recognition or segmentation
processes. The vectors, called feature vectors, represent the objects in the analysed image.
Features extracted from the successive layers are combined hierarchically to recognize
higher order functions [11,12]. A typical CNN consists of several layers, which can be
divided into the input, the hidden and the output layers [13].

The most important advance in CNNs came after Krizhevsky created ‘AlexNet’, a
CNN model that won the ILSVRC (ImageNet Large Scale Visual Recognition Challenge)
in 2012. AlexNet classified 1.2 million images into the 1000 classes with an error rate of
15.3% [13]. This is one of the most influential papers in the field of deep learning and
image recognition. The rectified linear unit (ReLU) and dropout layer techniques became
standard features widely used in deep learning networks. The implementation of 2D
(two-dimensional) convolution in the graphics processing unit (GPU) and the increase of
available memory by using two coupled graphics cards yields impressive results.

Recent CNNs developments mainly stem from increasing the number of network
layers to improve the learning depth, a crucial factor for difficult non-trivial data [14,15].
Deep neural networks are much more difficult to train since they overfit the training data
and perform poorly on test data and also because gradients can disappear or explode. A
significant improvement with respect to the above-mentioned issue was achieved in ResNet
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(Residual Neural Network) by using so-called skip connections. ResNet won the ILSVRC
competition in 2015 with an error rate of 3.57% [16].

Deep learning networks in computer vision generally perform image classification,
object recognition and image segmentation. These methods help estimate the probability
that an object is present in the analysed image, indicate its location with a ‘bounding box’
and obtain an outline called a ‘mask’. Method selection depends on the requirements of the
project and requires adequate preparation of the input data. Semantic image segmentation
involves assigning a predefined classification label to each pixel.

In the last decade, image segmentation methods using deep machine learning so-
lutions have evolved significantly. The first approach to such solutions was a study of
so-called ‘Fully Convolutional Networks’ (FCN) [17]. Such networks only contain convolu-
tional layers and are therefore capable of processing images of arbitrary size and generating
a segmentation mask. By using so-called ‘skip connections’, it is possible to combine infor-
mation from deeper layers of the network (semantic information) with features extracted
in the initial layers. This architecture pioneered the use of deep learning networks for
image segmentation problems. Although the model produced state-of-the-art results when
used on available datasets (‘benchmarks’), it suffered from problems such as long inference
times and the inability to process data in so-called ‘real time’. In addition, the solution
did not take the global context into account and was difficult to implement with 3D data.
The next step in the exploration of semantic segmentation methods that addressed the
problems of FCN was an encoder-decoder network called SegNet [18]. In this solution,
the segmentation mask is created step by step through successive layers of deconvolution.
The U-Net created by Ronneberger, Fischer and Bronx in 2015 [19] was the next big step
in image segmentation with neural networks. Similar to SegNet, the U-Net architecture
consists of two parts, namely an encoder and a decoder. However, when processing the
feature vector through successive deconvolution layers, the features generated by the
encoder and decoder are combined to avoid the loss of spatial information. The authors
proposed a training strategy of data augmentation to train the model to more efficiently
extract an image feature from a small number of samples.

1.2. Deep Learning and ALS Data in Archaeology

The interest in DCNNs (Deep Convolutional Neural Networks) for the recognition
of archaeological structures is gradually increasing among the archaeological community.
Research with ALS data using deep learning methods has involved spatially simple objects,
e.g., burial mounds [1–3,20,21], charcoal piles [1,3,21,22], post-mining pits [23] as well as
roundhouses and huts [2]; attempts to identify more spatially complex structures such as
polygonal megalithic tombs [24] were also undertaken. Deep learning methods have also
been implemented for the detection of multi-element objects with complex, irregular relief
such as Celtic field systems [1,20].

The following deep neural network models were applied in the recognition of the
archaeological monuments based on the ALS data: R-CNN (Region Based Convolutional
Neural Networks) [21], Faster-R-CNN [1,20], Mask R-CNN [24] and U-Net [24]. The fol-
lowing feature extraction modules were used: ResNet18 [2], ResNet50 [20], ResNet101 [21]
and VGG16 (Visual Geometry Group) [1,25].

Conventional ALS data acquisition and processing is usually performed according
to the following procedures: (1) acquisition of data, (2) classification of the point cloud,
(3) generation of a DTM (Digital Terrain Model) followed by transformation into a visuali-
sation (4). The preferred method of ALS data transformation to increase the visibility of
the detected objects is LRM (Local Relief Model) [1–3,20,22,23]. This technique is used to
extract small changes in terrain relief and is based on subtracting the mean values from the
input DTM [26]. Machine learning has also been used to analyse archaeological resources
directly from a point cloud [27].



Remote Sens. 2022, 14, 995 4 of 21

1.3. Celtic Fields and Burial Mounds

Prehistoric and ancient field systems are among the best-preserved relics of the past
agricultural landscape in western, central and northern Europe. The commonly used name
“Celtic fields” was introduced by O.G.S. Crawford, who first described them in southern
England in 1923 [28]. Celtic fields are composed of linear terrain elevations formed of
soil and stones (from now on referred to as field banks) enclosing quadrangular or square
land areas that might have been cultivated (further on referred to as field plots). Those past
agricultural systems are characterized by a recognisable spatial pattern and can be traced
chronologically from the Neolithic to the Iron Age [29–40]. The field banks can be a few
centimetres to about a meter high and a few meters to over a dozen meters wide. The
length of the banks varies ranging from a few meters to over a hundred meters. Within
the enclosures, denivelations with a regular linear pattern may be preserved, which are
most likely the remains of former agricultural earthworks. A field system may cover large
areas of up to 200 hectares [35]. Several studies have indicated that Panicum miliaceum,
Hordeum vulgare, Triticum dicoccum, Triticum spelta and Avena sativa were cultivated
there [34,41–43]. Ancient field systems can be easily irreparably damaged, for example
by scarification or deep ploughing. Nevertheless, many of them can still be detected in
modern forests. Due to their location in areas with favourable agricultural conditions, some
of the fields had been reused and formed a mosaic of cultivated areas in successive periods
of use.

In Poland there are relics of ancient agricultural field systems with different spatial
patterns. Field systems whose spatial arrangement is consistent with Celtic fields described
in other European countries have also been identified. Using ALS data from forested
areas, Banasiak and Berezowski discovered hundreds of such locations over the whole
area of country via desk-based work. The discovery was supported by AlexNet and
ResNet [44]. Despite extensive occurrence of Celtic fields, excavations and dating have
been very limited. Approximately 300 km of linear terrain elevations of earth and mudstone
of 2–8 m in width and several dozens of centimetres in height were identified in many areas
of the investigated complex of the Białowieża Forest. Fragments of the discovered field
systems were investigated by excavation as well as geophysical and soil analyses. This
made it possible to date them back to the pre-Roman period, the period of Roman influence
and the early Middle Ages [7,45–48]. Remains of ancient field systems chronologically
associated with the Late Roman period have also been detected in the Tuchola Forest [49].

In the Białowieża Forest there are various mounds of anthropogenic origin. Until the
remains of ancient field systems were found, the most numerous group of archaeological
monuments in this area had been burial mounds. The latter are individual or group forms;
some of these were investigated by excavations and dated back to the period between the
1st and the 12th century AD [50–58]. They are typically round shape but vary in size. As
previous research has shown, a large group of mounds are structures related to historical
processing of raw wood, including charcoal piles, or sites for the production of potash and
tar [55,59].

2. Materials and Methods
2.1. Characteristics of the Area—The Primeval Forest of Białowieża

The Białowieża Forest (BF) is one of the last and largest remnants of a vast primeval
forest that once stretched across the European lowlands. It is characterised by a high degree
of biodiversity, including species-rich, multi-layered forest stands of varying ages. The
topography is relatively flat (131.6–195.6 m above sea level). The Białowieża National Park
(BNP) and nature reserves are protected by both national and international law (UNESCO)
(Figure 1).
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The character of primeval forest, mainly located in the BNP, and the modern legal
protection of the best-preserved fragments of the BF make it an area with limited modern
and historical human activities. This could be the reason for such a large number of
anthropogenic relics, which, under other circumstances, could have been destroyed or
altered.

2.2. Airborne Laser Scanning and Digital Terrain Model

An airborne laser scanning mission was conducted during the leaf-off season between
25 November and 7 December 2015. Acquiring data during the leaf-off season allowed
better mapping of the area under the tree canopy. The ALS dataset was collected using a
Riegl LMS-Q680i full waveform system (installed on the Vulcanair P-68 Observer platform)
at an average speed of 105 km/h and from an altitude of 500 m above ground level (AGL).
The average point density was 11 points/m2. The horizontal and vertical accuracies of the
acquired point cloud were 0.20 m and 0.15 m, respectively.

The Digital Terrain Model was calculated using ALS point cloud. Only LiDAR points
classified as ground—2nd class ASPRS LAS (American Society for Photogrammetry and
Remote Sensing LASer) were used. Finally, a grid with a resolution of 0.50 m was created
using the Triangular Irregular Network (TIN) method.

2.3. Digital Terrain Model Visualizations

The Relief Visualization Toolbox ver. 2.2.1 (https://iaps.zrc-sazu.si/ accessed on
6 February 2022) [60] was used to create the DTM visualization. SLRM (Simple Local
Relief Model—radius for trend assessment 20 pixels, 8 bits), LD (Local Dominance—
minimum/maximum pixel radius 10/20) and an analytical hillshading (Z-factor = 4)
were created.

Images of the same area obtained with three different visualization techniques were
combined into one image referred to as modality fusion. The channels of the RGB colour
model (red, green, blue) were filled with SLRM, analytical hillshading and LD images,
respectively (Figure 2). A combination of different DTM visualizations allows the mutual
complement of information between images. In the next step, the obtained raster data

https://iaps.zrc-sazu.si/
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were transferred to the QGIS ver. Bucaresti (QGIS Development Team. QGIS Geographic
Information System, https://qgis.org accessed on 6 February 2022).
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2.4. Research and Training Area

The research area is located in the territory of the Browsk, Hajnówka and Białowieża
Forest Districts and the Białowieża National Park, i.e., the Polish part of the Białowieża
Primeval Forest, and its total area is 697.8 km2 (Figure 1). The research dataset includes the
DTM area obtained within the Life+ ForBioSensing project.

The choice of location for the training area was based on the best possible represen-
tation of the objects from the listed classes (described in Section 2.6). The training area
has a rectangular shape, a size of 5 × 10 km (50 km2) and is located on the territory of the
Białowieża Forest District and the Białowieża National Park (Figure 1).

2.5. Research and Training Datasets

The research dataset is a collection of 11,165 tiles containing the fused DTM visualiza-
tions described above. Each image represents an area 250 × 250 m ALS data coverage and
is georeferenced. The research dataset was created to obtain a semantic segmentation mask
for the whole area.

The training dataset is used for learning the model and consists of pairs of input
images and the corresponding ground truth masks (Figure 3). The software included
QGIS, GIMP (GNU Image Manipulation Program, https://www.gimp.org/ accessed on 6
February 2022) and Gimp Selection Feature Plugin QGIS (Luiz Motta, https://plugins.qgis.
org/plugins/gimpselectionfeature_plugin/ accessed on 6 February 2022).

The training datasets are split into the training set, validation set and test set. The
training area was divided into 200 square areas of 500 by 500 m, of which a training set
(160 tiles) and a test set (40 tiles) were randomly derived. The validation set was derived
from the training set (see Section 2.7.2). For each tile obtained in this way, 13 images sized
256 × 256 m (512 pixels) were generated, as shown in Figure 4. The database has separate
areas for the training set and the test set. The tiles of the training set and the validation
set overlap to produce unique images from one area. By using the overlapping regions
technique, the database could be increased by more than three times.

https://qgis.org
https://www.gimp.org/
https://plugins.qgis.org/plugins/gimpselectionfeature_plugin/
https://plugins.qgis.org/plugins/gimpselectionfeature_plugin/
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2.6. Classes of the Objects

In the initial phase, deep learning neural network experiments focused on two classes
of archaeological objects, namely, field systems banks and burial mounds. Low intersection
over union (IoU) values and a large number of false positives were observed, mainly due
to misidentified inland dunes. Therefore, the set of classes was expanded by inland dunes
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to include objects with competing shapes and textures. Based on a characteristic terrain
relief, a novel class was added to archaeological features, defined as field system plots.

The burial mounds class includes 211 objects in the training area. The class was
created based on visual resemblance to the burial mounds excavated and described in
recent decades. Examples of objects from this class are shown in Figure 5. Finally, 9 classes
of objects, including archaeological, natural and modern objects, listed in Table 1, were
prepared for training the U-Net model.
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Table 1. List of classes used to train the U-Net model.

Archaeological features:

1 field system banks

2 field system plots

3 burial mounds

Modern features:

4 roads

5 forest paths and divisions

6 modern landscape (e.g., houses, farmlands)

Natural features:

7 inland waterways

8 inland dunes

Remaining land/area:

9 background

2.7. Deep Learning—Method Description and Training
2.7.1. Data Description

The prepared dataset consisted of 2600 images comprised 512 × 512 pixels, the basis
for deriving the training and test sets. The training set and test set consisted of 2080 and
520 images, respectively; each has an associated mask with regions of interest; each class
was marked with a specific colour. The data were distinguished between 9 classes (including
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background). Figure 6 shows an example pair of an input image and a corresponding mask
(Celtic fields).
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2.7.2. Data Preparation

In the data preparation phase, both the images and the masks were divided into
256 × 256-pixel patches. Due to class imbalance (Figure 7) and one class domination in
the training set, the patches that contained only pixels assigned to the background class
were removed. Then the fields were split into the training and validation datasets with
a 0.2 (rate) validation split. The samples in the training dataset were also enlarged. The
ground truth image and mask were expanded to obtain 5 additional samples after applying
various combinations of the following operations: horizontal flipping, vertical flipping and
grid distortion.
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Augmentations were performed using an augmentation library [61]. The prepared sets
were normalized to be in the range of 0–1. As a final step in the preprocessing phase, the
RGB masks were encoded using a one-hot encoding, also known as the “dummy variable”
method. This method also ensures normalization of categorical variables. The encoding
transforms the label tensor from the form of (N,W,H,3) to (N,W,H,9), where N is the number
of samples, W is the width and H is the height; the last parameter represents a change
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from the number of channels to the number of classes. The final dataset consisted of 7779
training and 1945 validation patches (Figure 8).
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2.7.3. Problem Description

Semantic segmentation is the pixel-by-pixel labelling of an image and has recently
emerged as one of the fundamental tasks that learning algorithms attempt to solve. With
the advent of artificial neural networks, especially convolutional neural networks, the
challenge has recently been solved using state-of-the-art (SOTA) techniques. Ulku and
Akagunduz [62] listed these methods and summarized their performance and limitations.

2.7.4. Model Architecture

For this project, we have chosen an encoder-decoder approach based on the U-NET
architecture (Figure 9) [19]. The encoder part is responsible for feature extraction and data
dimensionality reduction with sequentially stacked convolutional layers and max-pooling
layers. The decoder part is built with the upsampling and convolutional layers to create a
probability mask that describes objects in the image. The feature maps generated during
the encoding phase are pooled with the feature maps generated by the decoder to improve
and speed up the learning process.

Different types of convolutional neural networks were tested for the encoder. The best
results were obtained with ResNet-34, a 34-layer convolutional neural network [16]. The
weights for this network were not initialized randomly. Instead, we used a pre-trained
model on the ImageNet dataset as initial weights. In addition, the batch normalization
layers were added to the decoder part to further stabilise the training process. The final
model had a total of 25,679,458 parameters. The model was developed using the Keras
Deep Learning library (Chollet, F., and others. (2015). Keras. GitHub. Retrieved from
https://github.com/fchollet/keras accessed on 6 February 2022).

https://github.com/fchollet/keras
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2.7.5. Training

The developed model was trained on an Nvidia RTX 2080Ti (NVIDIA, USA) graphics
card, with 11GB of video-RAM memory (Random-Access Memory). The training was
carried out using ‘Adam’, a first-order, gradient-based optimiser [63]. A set of callbacks
was defined to effectively train the model and save its results:

Model checkpoint—allowed saving model weights that achieved the best results in
the validation set.

Reduce learning rate on plateau—implemented a decaying learning rate dropped by a
decay factor of 0.5 if the metrics score did not improve for 5 succeeding epochs.

Two metrics were applied to measure model performance effectively, namely:
Intersection over Union, also referred to as the Jaccard index—measured the overlap

between generated and ground truth masks for each of the defined classes. The mean score
across all classes was also calculated. It was defined as follows:

J(A, B) =
|A ∩ B|
|A ∪ B| (1)

Dice-Sorensen coefficient/ F1-score—similar to the IoU score; there is a positive
correlation between the two. Its metric definition is as follows:

DS(A, B) =
2 ∗ |A ∩ B|
|A|+ |B| (2)

For both metrics, the highest possible value is 1.0 and the lowest value is 0.0.
To measure the error and adjusting weights in the most effective way, a combination

of two loss functions was used:
Jaccard loss—loss function based on the IoU/Jaccard index; first introduced by

Bertels et al. [64].
Categorical focal loss—due to class imbalance in the dataset, focal loss was introduced

to handle this problem [65].
The two losses were added to determine the final loss subsequently used to train the

model.
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3. Results

The model was trained on 100 epochs. However, since both metrics and loss functions
reached a plateau, the process was stopped at the 83rd epoch. The best results were obtained
with the following hyperparameters: Learning Rate—0.001 (start), Batch Size—32 samples,
and Epochs—100. The learning curves for the training set (orange), validation set (blue),
and learning rate decay levels are shown below (Figures 10–13).
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Table 2 shows metrics and loss values that the model reached at its best.

Table 2. F1-score, IoU and Loss scores for the training, validation and test set.

F1-Score IoU Loss

Training set 0.91 0.84 0.16

Validation set 0.79 0.68 0.33

Test set 0.58 0.50 0.53
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The values of the IoU metric for the included classes on the test set are presented in
Table 3. The IoU metric was 0.41 for ancient field system banks, 0.616 for ancient field
system plots and 0.62 for burial mounds.

Table 3. IoU metric results for the test set.

Class IoU

field system banks 0.408

field system plots 0.616

burial mounds 0.615

roads 0.673

forest paths and divisions 0.514

modern landscape 0.531

inland waterways 0.573

inland dunes 0.333

background 0.782

Examples of results in the analysed object classes are shown in Figure 14 (from the
left: input image, ground truth mask and prediction masks). The result of the network
operations seems to fulfil the assumptions of the study. The obtained segmentation masks
are characterized by good recognition of the objects’ contours (Figure 14A–J).
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It should be noted that it is almost impossible to obtain a mask of an object’s true
shape in the class of field system’s banks since it is based on subjective human assessment.
The model repeatedly made more accurate decisions, e.g., detecting gaps in the banks of
the field system (Figure 14B,C). The above-mentioned objects’ IoU has resulted from the
recognition system errors and human errors.

In the next phase, the trained U-Net model was used to perform semantic segmentation
of the research dataset to obtain predicted segmentation masks. The latter were then
georeferenced and spatially aggregated to produce a single terrain segmentation map. The
smaller scale representation of the results, shown in Figure 15, is the area of the Białowieża
National Park covering over 105 km2 (10,558 ha).

In the Białowieża Forest, the ancient field systems occur in the form of clusters of
various sizes. The model recognized field systems at all previously known sites, and, in
most cases, the quality of the preserved mask was satisfactory (Figures 14, 15 and 16A–D).
However, some sites exhibited fragmentary classification of the banks (Figure 16E). In these
cases, low quality of the mask was much more related to lack of detection (false negatives)
than to false positives, the most probable reason being the insufficiently representative
training set.

Inland dunes proved to be the main cause of false positives in our previous experi-
ments; these objects were classified by the neural networks as field system banks. Increasing
the number of training classes to include the objects with competing visual features and
applying a fusion of three DTM transformations lessened this problem. Only few false
positives occurred outside the fields’ area (Figure 16).

The class of ancient field system plots was defined based on the characteristic terrain
relief within the land enclosures. The IoU metric of 0.616 seems to confirm this identification.

In the burial mound class, most objects were correctly marked (IoU = 0.615), but
there were also areas with incomplete recognition. Small diameter burial mounds were
sometimes ignored by the neural network (Figure 17A,B). In addition, numerous misdiag-
noses (noise) with a very small area (approx. 0.5 m2) were made (Figure 17C,D). The same
problem, although less pronounced, concerned the other classes.
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U-Net model.
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Figure 17. Examples of problems in the segmentation of objects in the burial mounds class (blue
outline): (A,B)—incomplete recognition; (C,D)—misdiagnoses/noises visible on a large scale.

4. Discussion

The application of the deep neural model U-Net to ALS data obtained from the Polish
part of the Białowieża Forest helped identify two types of archeological monuments: (1) sim-
ple structures (round mounds)—burial mounds; and (2) complex structures with multiple
elements—ancient field systems. The latter were divided into two classes: (A) linear land
elevations called banks, which form enclosures; and (B) potentially cultivated areas called
plots.

The U-Net deep learning network proved very useful in semantic segmentation of
multimodal images derived from ALS data. To evaluate the performance of the model, two
metrics were used in our research, i.e., Dice coefficient (DSC)/F1 score (F1) and Intersection
over Union (IoU). The F1 metric for the analysed object classes reached 0.91 for the training
dataset and 0.58 for the test dataset. The Intersection-over-Union (IoU) metric [23], also
known as the Jaccard index, was used to measure the overlap between the predicted
segmentation mask and ground truth mask. The segmentation accuracy of the U-Net
model in the classes of ancient field system banks, ancient field system plots and burial
mounds achieved IoU values of 0.41, 0.62 and 0.62 in the test dataset. These results cannot
be directly compared with those of other authors since previous research used different
tasks and objectives. The WODAN2 (Workflow for Object Detection of Archeology in
the Netherlands) system, based on the Faster R-CNN model, has been described as a
useful analytical tool for object detection tasks [1]. For the categories of Celtic fields and
barrows, the model achieved an efficiency of 46% and 50%, respectively. Knowledge of the
classification problem in the WODAN2 study: false-positive object classification in the case
of inland dunes, and our previous experience, caused us to expand the list of classes to
include objects that had been misclassified in previous attempts. The U-Net architecture
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has already been used in the semantic segmentation of archaeological objects and shows
an advantage over Mask R-CNN in the identification of such objects of, e.g., ancient Maya
civilization [24].

The class of ancient field system plots was included in the dataset after significant
differences in the terrain relief of these areas had been identified. The purpose of this step
was to test the ability of deep learning methods to detect (feature extraction) gentle terrain
relief details, which are not limited to linear terrain elevations (banks). The U-Net output
segmentation mask overlaying the ground truth mask reached an IoU value of 0.616 in
this class. The result still needs to be confirmed using larger datasets in other locations.
However, this solution, i.e., inclusion of ancient field system plots class, might enhance
ancient fields detection.

Most researchers applying deep learning techniques to ALS archaeological data use
DTM visualized as LRM. Such conversion provides a single-channel grayscale image while
most deep learning models expect a 3-channel RGB image as input. Hence, either the neural
network input must be changed [20] or the data must be tripled to fill all RBG channels [2].
To improve the visualization of different objects, the DTM data can be transformed in many
ways. In our study, three DTM transformations (SLRM, shaded image and LD) that had
been found optimal for archaeological object detection were fused into one image based on
the RGB model. This solution increased the efficiency of the system for the recognition of
historical objects already in the phase of data preparation. Other authors also reviewed the
usefulness of different DTM visualizations in the field of computer vision and found no
clear, unambiguous advantage of one visualization over another [66].

The main source of problems in creating the database were the objects that were
difficult to distinguish. The banks of the ancient field system have poorly visible bound-
aries/contours that are seamless and continuous with the surrounding environment. Object
labelling is the most time-consuming step in creating the database. The use of various DTM
visualizations and software graphics programs helps improve this process. Despite the
inaccuracy of the training mask resulting from human errors, our trained model detected
correct outlines of objects; breaks in banks were also more accurately indicated. Similar
observations were made by other researchers [21]. The ResNet-FPN-101 model was better
at recognizing the true shape of an object than the ground truth mask. Archaeological
inventories conducted with the use of deep learning methods can significantly reduce the
workload and error rate of traditional archaeological desk-based surveys [67].

The proposed method provides an opportunity to improve analytical work and more
efficiently verify the results of a standard archaeological inventory, mainly by reducing the
time for large-scale acquisition. Research has shown that such solutions can help assess the
density of archaeological objects over large areas and complex terrain [68]. The limitation
of machine learning methods seems to include different quality of ALS data (density of
land cover by survey, blind spots, etc.) and the condition of historical objects [67]. Another
weakness of machine learning is the tendency to ignore rare and unusual objects as the
models cannot fully account for the variability of the classified features and operate on a
limited set of pre-selected variables. Hence, they lack information necessary to differentiate
archeologically relevant classes [69]. The number of training images for U-Net deep neural
network is limited in this work but it can be easily extended to achieve better generalization
abilities. It should also be noted that, considering the effort and time needed to create
ground truth masks, a tool should be sought for automatic creation thereof.

5. Conclusions

The implemented machine learning solution allows automatic segmentation of the
transformed ALS data. The tool supports the process of detection and mapping of the
cultural resources of extensive areas. The developed system is a complete functional tool
ready for the number of classes to be increased and retraining with new datasets.
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