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In Architectural Heritage, the masonry’s interpretation is an essential instrument for analysing the construction phases, the assessment
of structural properties, and the monitoring of its state of conservation. This work is generally carried out by specialists that,
based on visual observation and their knowledge, manually annotate ortho-images of the masonry generated by photogrammetric
surveys. This results in vector thematic maps segmented according to their construction technique (isolating areas of homogeneous
materials/structure/texture or each individual constituting block of the masonry) or state of conservation, including degradation areas
and damaged parts.

This time-consuming manual work, often done with tools that have not been designed for this purpose, represents a bottleneck in
the documentation and management workflow and is a severely limiting factor in monitoring large-scale monuments (e.g.city walls).
This paper explores the potential of Al-based solutions to improve the efficiency of masonry annotation in Architectural Heritage.
This experimentation aims at providing interactive tools that support and empower the current workflow, benefiting from specialists’

expertise.
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1 CONTEXT AND AIMS

In the Architectural Heritage (AH) domain, survey-based models and representations of material structures are key tools
to address the safety assessment, restoration, and consolidation. The first documentary source for studying historical
architectures is the geometry of the building and its construction elements. Geometrical features form the basis of
every operation of conservation aiming at preserving the material and immaterial heritage values, namely the historical
building and the traditional body of knowledge and craftsmanship that contributed to its survival over the centuries.

Traditional geometric surveys and more innovative techniques allow for a complete and extensive metric documentation

and knowledge of the AH at different levels of detail and scale, depending on the scope [3].

Total coverage 293.8250 m”™2

M 26.3236 m~2 STONE 03
134.7009 m~2 STONE 01
7.3374 m~2 MIXED 01
1.7815 m~2 PUTLOG HOLES
8.9504 m~2 STONE 04
30.5133 m~2 BRICK 01
12.9670 m~2 NR

69.5983 m~2 STONE 02
1.6526 m~2 ARCH

Fig. 1. An ortho-image of an historical architecture (city walls of Pisa, Vi[ario Veneto A area) segmented in semantic classes
representing construction techniques, and their related per-class coverage estimation.

In particular, 2D and 3D photorealistic representations of external masonry surfaces, coming from photogrammetric
surveys, allow archaeologists, engineers and conservators to investigate and document the composition, organisation,
construction phases and damage of walls. The survey of historical wall surfaces is of particular interest in structural
engineering to predict the capability of the construction to withstand external actions. This is sometimes preferable
to direct experimentation on masonry panels that is difficult to perform [23], generally expensive, and not always
representative of the whole structure. Ancient masonry constructions are often the product of century-old series of
transformations that affect the structural homogeneity and the flow of internal forces within the structure. The wall
texture bears signs of these changes, as well as past collapses and alterations [11], and may reveal the quality of the
masonry and its attitude to crumble during seismic shaking [4, 6]. Furthermore, the strength of the masonry material
can be derived using, from the literature, qualitative and quantitative indicators based on the knowledge of materials

and block pattern.

The annotation of historical masonry is understood as a process of association between the graphically represented
element and any relevant knowledge-based information. As a result of a preliminary diagnostic process, the base
representation is covered with a number of patterns, either polygons or regions, and labels that describe the masonry
walls (as shown in Fig. 1). Two kinds of data are usually relevant in the field of AH, namely the characterisation of

construction techniques and the identification of the state of conservation [12].
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Significant features to identify the construction techniques are the materials’ typology, the geometry of blocks, the
filling percentage of joints, and arrangement of units. It is important to remark that a regular arrangement on the
external surface may not correspond to a regular section, which is more often extremely irregular. For this reason, the
investigation of masonry walls should also account for the thickness and type of cross-section, especially for multi-leaf
cases. The same approach is adopted to map degradation, alterations and damage patterns caused by weathering
conditions and adverse events [24]. Regions with homogeneous phenomena are grouped in classes associated to the

presence of vegetation, stains, cracks, rising damp, surface crusts, and spalling of the material.

The characterization of the construction techniques may be performed at two different levels of detail. At the level of
the whole masonry structure, it consists in the detection of areas with homogeneous material and texture in order to
investigate the construction phases and masonry characteristics within the structure [8, 12].

At a finer local level, in areas with a more homogeneous nature, characterization is done by isolating the individual
constituent elements: bricks, stones, mortar. This segmentation allows for the extrapolation of useful information such
as the block shape and size, horizontality of mortar bed joints, and staggering of vertical mortar joints. Besides, the
segmentation of individual blocks is an important source of guidance for physical interventions and consolidation works
on historical masonry walls. For instance, once blocks are outlined and enumerated, they can be correctly reassembled
once they are dismantled or eventually crumbled, ensuring that the rebuilt form reflects the original. Additionally,
tracing the horizontal mortar bed joints may help archaeologists to identify discontinuities, which can be related to
different construction ages, or may provide insights on the occurrence of foundation settlements whereas layers are all
slanted in the same way.

By segmenting the blocks, it is also possible to gather information about the masonry’s mechanical properties through
established methods like the Masonry Quality Index (MQI) [5]. This technique consists in the geometrical observation
of masonry, the accurate tracing of the constructive elements, and the calculation of a numerical index representative
of the masonry quality. The latter is deduced by estimating a set of critical parameters regarding the typological and
constructive characteristics that have a direct influence on the structural response of the masonry building under
investigation. This computed index can also be used to evaluate the mechanical properties of the masonry, namely the
compressive strength, shear strength and Young’s modulus, by applying experimentally derived correlation curves
[5]. The MQI is particularly interesting in analysing AH assets on which structural testing, especially using invasive
or destructive techniques, may not be feasible due to the risk of damaging buildings with high cultural and material
value [6, 11].

The conventional annotation approach is based on the manual drawing of the regions over the mappings and, for
this reason, it is long and time-consuming. This causes a major bottleneck in the pipeline of creating and updating the
documentation, and poses limitations on the ability to manage frequent large-scale monitoring surveys on massive
monuments (e.g. city walls). This problem is becoming more and more evident with the availability of off-the-shelf
photogrammetric tools that allow the creation of surveys with much lower efforts.

Another issue of these methodologies is the lack of software tools specifically designed for this task. Most of this work
is done in image-editing software (like Adobe Photoshop or Illustrator), CAD or GIS tools. 2D CAD tools are probably
overkill for this task, with cumbersome interfaces; and while it is true that GIS tools have been specifically created

to map information on 2D+ domains, they still are more focused on a different granularity (geographical, and not
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architectural).

Nowadays, Al solutions for the 2D semantic segmentation automate the annotation of AH masonry structures
(see Section 1.1), facilitating the processing of large amounts of input data. Modern Convolutional Neural Network
(CNN) could be used to support a specialist in the practical task of tracing the contour of the area he/she is annotating,
and, at the same time, can be employed to automatically segment a whole map, producing a complete annotation
of the AH ortho-image. Our aim is not to create an alternative strategy for the AH masonry annotation, but to
complement the current workflow with Al-assisted interactive tools and techniques. The idea is to provide tools to
support and facilitate the manual annotation, and to automatize some of the large-scale tasks, but always keeping
the human experts in-the-loop. In this way, this improved, faster, annotation process is still compatible with what

today is the standard workflow in terms of methodologies, input and output data, protocols, and the specialists’ expertise.

This paper explores the use of TagLab, a specific Al-powered tool, for the semantic segmentation of orthographic
data in the workflow of interpretation and annotation of ortho-images of historical masonry. TagLab is a complete
software for the semantic segmentation of 2D orthographic images. It has been developed in the context of analysis of
marine biological environments [20, 21] and, given its generality it can be successfully used for assisted tracing of a
generic ortho-image, as it provides high level, content independent, Al-powered tools for the tracing of contours of
entities, and a set of specialized editing tools. Additionally, it can be used to train a semantic segmentation CNN to
automatically trace a new ortho-image for specific classification problems.

These features have been used to test the effectiveness of Al methodologies in this task, and to outline a possible

integration of these assisting tools in the specialists’ consolidated workflow.

1.1 Al-assisted solutions for annotations

In recent years, the performance of convolutional neural networks in the semantic segmentation task has grown
enormously. Their progress has led to the parallel development of several platforms dedicated to the data labelling task.
Among the many commercial software, we mention Supervisely, a web-based solution for the data annotation and
network training, and LabelBox. Generally, labels can be outlined using polygons, bounding boxes, or a points-clicking
approach. Castrejon et al. [9] proposed to speed up polygon tracing using Recursive Neural Network (RNN). However,
drawing a polygon always requires multiple clicks, while bounding box annotations are undoubtedly faster. Starting
from an initial bounding box, a precise object segmentation can be carried out through several methods; most of them
use different declinations of the Mask R-CNN [14].

Papadopoulos et al. [19] demonstrate that the task of selecting 4 extreme points (top, bottom, right, and left) is about
five times faster than drawing an high-quality bounding box around the object and require a lower cognitive workload.
The annotation of an object by picking its extremities takes an average time of around seven seconds. Starting from
the Extreme Clicking approach, Maninis et al. [18] designed an interactive agnostic segmentation model called Deep
Extreme Cut CCN. The Deep Extreme Cut network uses as input a 4-channel data, the RGB object image and a heatmap
which encodes its extremities, and outputs a precise per-pixel label.

A recent click-based solution [13], builds upon a U-Net [22] architecture, scores an exceptional accuracy (between
95%-99% of mloU) when a high number of clicks (around 20) is given. This model works iteratively; every time a

new click is added, previously masks are given in input, and all the clicks are encoded as an image to improve the

Manuscript submitted to ACM



On Assisting and Automatizing the Semantic Segmentation of Masonry Walls 5

segmentation. Always exploiting the segmentation masks from previous steps, but employing a lower number of
positive/negative clicks, [16] reaches a remarkable level of accuracy.

Concerning the walls’ segmentation into individual blocks, recent works such as [15] uses the U-Net [22] architecture.
This promising strategy implies that the CNN, known for its applications in medical imaging, is optimized to work on

masonry data.

In this paper, we exploit two different click-based solutions and other advanced editing instruments to speed up the
annotation of objects, as detailed in Section 2.2. Additionally, since there are no publicly available datasets to train a
neural network for stones/bricks segmentation, we implemented a bricks segmentation tool. This tool allows reaching
two goals: to segment individual bricks/stones very quickly w.r.t manual segmentation and to create a training dataset

for the future development of a specific CNN for this task.

2 IMPROVING THE MANUAL WORKFLOW

As described in Section 1, the annotation may happen at multiple levels. In this experimentation we will firstly work at
a higher level, on a mapping aimed at the characterisation of building techniques: i.e. isolating and annotating those
areas with homogeneous material and texture. Then, we will work inside those mapped areas, to identify and segment

the individual stones/bricks.

Following the idea of keeping the experts in-the-loop, by providing tools for assisting their mapping task, we wanted
to evaluate how much the use of assisted tracing in TagLab could speed-up the human part of the workflow, with
respect to the use of non-specialized tools like Adobe Illustrator or GIS packages. Solving the speed bottleneck is the
primary concern of this test, but we are also interested in finding out if the resulting annotations are comparable, in
terms of accuracy, with the ones produced with other tools.

As a next step, we tested the use of a segmentation CNN to understand if a completely automatic annotation of this
kind of dataset is indeed possible and, if so, what the performance of the network is. This automatic segmentation could
really speed-up the annotation process, but probably at the price of some accuracy. For this reason, still inside TagLab,

the specialists can use the editing features to correct what has been mis-classified by the CNN.

The two stages of assisted and automatic are interconnected, as the results of the human assisted annotation are
used to train the CNN used in the automatic step.
Ideally, this two-step strategy would perfectly fit in the current annotation workflow, and it would make even more sense
when the input dataset is large. The specialists start with the assisted annotation on some representative ortho-images,
already gaining an advantage in speed due to the use of a specialized tool. When they have enough data, they can train
the CNN on the characteristic of that specific heritage and its specific classes, and then they can automatically annotate
the remaining ortho-images with this newly trained CNN. Finally the result of this automatic segmentation may then

be corrected using the editing tools.

2.1 Dataset

The photogrammetric survey used in this work covers part of the ancient city walls of Pisa: the north side of the
fortification, that was constructed during the XII century, using local materials, techniques and workmanship [2]. The

investigated portion is approximately 2 km long, the average height of the walls is 11 m, and the mean thickness is 2.20
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m. The structure is made of multi-leaf masonry, with two brick and stone outer-leaves and the inner core of rubble
masonry.
Today, the outer side of the town walls is fully accessible and unimpeded, except for localised areas where the sight is

hindered by trees. Conversely, the inner side is almost entirely included in private properties and thus inaccessible.

The dimension and extension of the city walls, as well as the particular relation to environment, required the adoption
of a rapid photogrammetric surveying workflow, particularly in the data acquisition phase, in order to obtain results of
the entire investigated portion in a reasonable time. Photographs were acquired using an iPhone 11 camera having a
resolution of 12MP and a 1/2.55-inch sensor, with GPS on. The distance from the wall ranged between 7 m and 12 m
depending on the available space and presence of trees, roadways, and fences. Photographs were taken in longitudinal
strips with an overlap of 70%, with two bottom-to-top shots wherever the shooting distance was too small to acquire
the whole wall height.

The acquisition was done over several days at different times, to have the most uniform illumination possible, avoiding
too-strong direct light and hard shadows. Data have been processed using Agisoft Metashape to export ortho-images
from the generated 3D models. The number of photos in each ortho-image varies between 15 and 30.

The dataset used in this study comprises nine ortho-images (see Table 1) over a total number of 53, with resolution of

approximately 3 pixels per cm depending on the acquisition distance.

Orthos used in the assisted test and the CNN training

Contessa Matilde A | 15 photos, single vertical shot

Contessa Matilde C | 30 photos, single vertical shot
Vittorio Veneto A 16 photos, double vertical shot
Vittorio Veneto B 17 photos, double vertical shot
Vittorio Veneto C 17 photos, double vertical shot
Vittorio Veneto D 17 photos, double vertical shot
Vittorio Veneto E 16 photos, double vertical shot

Orthos used in the automatic test

Contessa Matilde B 20 photos, single vertical shot
Vittorio Veneto F 21 photos, double vertical shot

Table 1. Ortho-images used for the assisted and automatic segmentation tests. The images are named according to the road facing

the portion of city walls.

In spite of the heterogeneous appearance of the walls, seven classes have been initially identified to characterise
locally homogeneous areas showing similar construction techniques (Fig. 2). The classes consider the lithology, shape
and dimension of blocks, the presence of mortar, and finally their arrangement. The latter accounts for the organisation
in coursed rows or radial shapes, the even or uneven height of courses, the presence of snecks, and the way units
are overlapped. Among these classes, one concerns brick masonry, five describe stone walls, and one regards mixed
masonry that is typical of infilled openings and reconstruction works with diverse materials. Two additional classes
have been included to map putlog holes and plants (i.e. grasses, bushes and even trees) that hinder the recording of

masonry.
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