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ABSTRACT 
 

Topographic lineaments seen on digital elevation models (DEM) provide 

good insights into geological structures and lithotypes. To extract useful 

information from these images, interpretation is a crucial step. 

Interpreting DEM images is conventionally done by trained scientists 

drawing line segments over the image, in an often repetitive, time-

consuming, and undoubtedly subjective process. Recently, machine 

learning techniques have been employed for recognizing patterns in 

DEM data and extracting lineaments in semi-automated mode. This 

technique has the potential to help scientists reduce subjectivity and 

reduce the life cycle of interpreting lineaments on remote sensed 

images. In this paper we take on the task of extracting lineaments from 

Shuttle Radar Topography Mission (SRTM) DEM data in the central 

Ribeira fold belt in SE Brazil, a deep eroded Neoproterozoic-Cambrian 

orogen. We analyze how human interpretation varied over five rounds of 

lineaments annotations in the same area and compare them with the 

output of a convolutional neural network (CNN) with U-net architecture 

trained to classify images at pixel level into lineaments or non-

lineaments. Results show that the criteria for manual lineament 

extraction varied substantially throughout the interpretation rounds. 

Lineaments became fewer, and repeatability increased towards the later 

versions. The CNN hyperparameters had to be set through a series of 

trial-and-error tests but eventually yielded results that mimic the ones 

obtained manually. CNNs are powerful tools to process and analyze data, 

but require time and effort to build, label, parametrize, train and test. In 

this sense it is justifiable to apply CNNs over large datasets, when it is 

unfeasible to interpret lineaments manually, otherwise, it is more 

practical to have a human draw by hand with two or more interpretation 

versions to reduce the subjectivity. 

Keywords: machine learning, manual lineament interpretation, 

Convolutional Neural Networks, U-Net, topographic lineaments. 

 RESUMO 
 

Lineamentos topográficos presentes em modelos digitais de elevação 

(MDE) oferecem boas indicações sobre estruturas e litotipos. Para extrair 

informação útil desses dados a interpretação é uma etapa crucial, 

tradicionalmente feita manualmente por um geocientista, em um 

processo repetitivo, demorado e sem dúvida subjetivo. Recentemente, 

técnicas de aprendizado de máquina têm sido empregadas para 

reconhecer padrões e extrair lineamentos de MDEs de maneira semi-

automática. Esta técnica tem mostrado potencial de reduzir 

drasticamente o tempo necessário para a obtenção de lineamentos e 

reduzir a subjetividade da interpretação em dados adquiridos por 

sensores remotos. Neste trabalho assumimos a tarefa de extrair 

lineamentos de dados SRTM (Shutle Radar Topography Mission) na região 

central da Faixa de dobramentos Ribeira, SE do Brasil, um orógeno 

Neoproterozóico-cambriano profundamente erodido. Analisamos como a 

interpretação humana variou ao longo de cinco rodadas de interpretação 

de lineamentos na mesma área e comparamos os resultados com 

extrações de lineamentos feitas por uma Rede Neural Convolucional 

Profunda (RNCP) com arquitetura U-Net treinada para classificar 

imagens a nível de pixel como lineamento ou não-lineamento. Os 

resultados mostram que os critérios para extração manual de 

lineamentos variaram substancialmente ao longo das diferentes rodadas 

de interpretação. Lineamentos se tornaram menos numerosos e a 

repetibilidade aumentou em direção às últimas versões. Os 

hiperparâmetros da RNCP foram definidos em uma série de testes por 

tentativa e erro, mas entregaram resultados que mimetizam aqueles 

obtidos manualmente. RNCPs são uma poderosa ferramenta de análise e 

processamento de dados, mas requerem tempo para construir, anotar, 

parametrizar, treinar e testar. Neste sentido, se justifica utilizá-las em 

grandes conjuntos de dados quando não é viável a interpretação manual. 

Do contrário, é mais prático que um humano desenhe os lineamentos à 

mão com duas ou mais versões de interpretação para reduzir a 

subjetividade. 

Palavras-chave: aprendizado de máquina, interpretação manual de 

lineamentos, Redes Neurais Convolucionais, U-Net, lineamentos 

topográficos. 
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1. INTRODUCTION 

Large amounts of data available in geosciences are 

best displayed as images, for example seismic data, 

gravimetry, magnetometry, satellite images, outcrops, 

thin section photos, and digital elevation models. To give 

meaning to these images and extract useful data, one 

must go through the process of interpretation, in which 

one object or structure is similar, and therefore related to 

others, and can be classified in the same group. 

Manual interpretation is subjective. The way that 

human visual perception works is still not fully 

understood. What people see is not just a simple case of 

translating the retinal stimuli. Vision is the result of 

unconscious inference, making assumptions based on 

visual clues and previous experience stored in memory 

(von Helmholtz, 1866 apud Froner, 2013). This means that 

the results of one’s visual interpretation are conditioned 

by their former experience, cultural background, and 

knowledge. 

For example, some operators tend to draw 

lineaments strictly where they are visible, whereas others 

may be inclined to extrapolate to areas with no clear linear 

structures to connect two or more lineaments to create a 

big one. If a structure is slightly curve, some operators will 

draw one lineament that will overall represent the feature, 

but others will choose to draw two or more line segments 

to represent the bending feature. These different 

interpretation styles are frequently related to the 

conceptual model adopted by the operator. For instance, 

if the operator believes that lineaments are expressions 

of normal faulting, he or she will likely draw lineaments in 

a fault linkage pattern.  On the other hand, if the operator 

believes that lineaments are related to foliation in a fold 

belt, he or she will tend to capture folds and shear zones 

patterns.  Hence, although the experience of the operator 

adds value to the interpretation product, it may also be an 

important source of bias. In an experiment conducted by 

Peacock (2019), it is suggested that one operator tended 

to measure more fractures from satellite images and 

aerial photographs as his experience increased, and 

instead of viewing just each individual fracture, it became 

easier to identify fractures as part of a larger structure. 

After some interpretation work the image will be full of 

lines that may cover some of the minor linear features, 

increasing the chances of letting them pass unnoticed. Or 

yet, will tend to distribute lineaments in a uniform way, so 

they will look harder in areas where naturally less 

structures occur.  

There are biological issues that may influence the 

interpretation results and introduce an unconscious bias. 

People have different quality eyesight or may work under 

different psychological conditions that can alter their 

willingness to detect patterns (Peacock, 2019). Working 

for long periods of time may induce repetitive stress 

injury, that will affect the speed and style of 

interpretation.  

The term “lineament” was introduced by Hobbs 

(1904) but had been used in rather loose manner until 

O’Leary et al. (1976) proposed the definition: “A lineament 

is a mappable, simple or composite linear feature of a 

surface, whose parts are aligned in a rectilinear or slightly 

curvilinear relationship, and which differs distinctly from 

the patterns of adjacent features and presumably reflects 

a subsurface phenomenon.” Topographic lineaments are 

linear crests and valleys, ridgelines and slope breaks 

(Jordan et al., 2005), not to be mistaken by other linear 

features such as roads, agricultural areas borders, and 

other manmade high pixel contrast structures. They are 

superficial expressions of planar structures such as dykes, 

faults, rock beddings and shear zones truncated by the 

topographic surface, and therefore important in many 

fields of geoscience. Identifying linear features on maps 

or remotely sensed data is one of the keys to 

understanding groundwater occurrence (Sander, 2007; 

Akinluyi et al., 2018; Chandra et al., 2006) and 

incorporating structural information into landslide 

assessment (Ramli et al., 2010; Yusof et al., 2011; 

Lulseged et al., 2005). Lineaments can be representative 

of fracture zones, which act as secondary porosity and 

may control migration and accumulation of hydrocarbons 

(Bashliov, 1982; Enoh et al., 2021; Saha, 2022) and play a 

main role predicting the distribution of ore deposits, as 

they often represent discontinuities such as faults, where 

hydrothermal fluids circulate and concentrate certain 

elements. In Iran for example, more than 90% of metallic 

ore deposits lay within 15km of fault-related lineaments 

and 50% are closer than 5km (Meshkani at al., 2013). In 

northeast Brazil major lineaments control a large number 

of mineral-bearing pegmatites (Liu et al., 2000). 

Deep Learning (DL) has been increasingly applied to 

image segmentation problems. Previous works show that, 

in the field of geosciences, it has the potential to 

drastically reduce the data interpretation life cycle. An et 

al. (2021) applied deep convolutional networks (DCNN) to 

extract fault planes from seismic data, and achieved 

performances comparable to expert human 

interpretation, besides reducing time requirements from 

months to hours. Haslebacher et al. (2023) aimed to 

identify and classify linear features on the Jupiter´s icy 

moon Europa. The authors stated that one expert took 4 

hours of focused time to map 260 features on a dataset 

that covers less than 0.1% of Europa’s surface. At that 

rate it would take 500 days of 8-hour focused workdays to 

map the whole surface. A network composed of 

convolutional and fully connected layers was employed, 
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trained in 5.2 hours, and yielded satisfactory results in 

minutes, even though it is difficult to assess the time 

involved in building, testing, and evaluating the network. 

Zhang et al. (2018) tested several deep learning models 

that classifies geological structures in different 

categories, such as anticline, ptygmatic folds, gneissose 

structure, ripple marks, fault, boudin, and others. It was 

trained over 2206 labeled images, and the best model 

reached 90% accuracy. Daynac et al. (2024) employed a U-

Net CNN to map dune outlines and crests with 90% 

precision, a promising prospect for monitoring dune 

dynamics. 

This paper describes the use of a CNN trained to 

find topographic lineaments in DEM data. Its results are 

compared to a series of manual classic interpretations, 

and they prove to be, although different in nature, 

satisfactory for analyzing big data sets, and probably 

adequate for most lineaments analysis in geosciences. 

 

1.1. Geological setting 

The studied area is 52 km wide and 140 km across 

and extends from the city of Andrelândia, in the north, to 

the coast (Ilha Grande) in the south. It is inserted in the 

tectonic context of the Ribeira belt (Hasui et al., 1975). 

The Ribeira belt is an NE-SW trending orogen that 

extends for more than 1400 km in the costal southeast of 

Brazil. It is the result of processes that culminated in the 

amalgamation of the Gondwana supercontinent between 

600 and 540 Ma (Trouw et al., 2000; Schmitt et al., 2004; 

Heilbron et al., 2020; Freitas et al., 2021) during the 

Panafrican-Brasiliano orogeny. Driven by lithospheric 

plate movement, the Archean/Palaeoproterozoic São 

Francisco-Congo and Angola paleocontinents collided 

during the last phases of the Neoproterozoic and early 

Cambrian, forming the supercontinent West Gondwana 

(Brito Neves et al., 1999). Each tectonic compartment that 

crops out in the present time is representative of this 

collision, such as deformed and metamorphized 

magmatic arcs and continental margin sediments (Figure 

1). What is visible at the surface today are the roots of a 

deeply eroded orogen. 

The last major tectonic event recorded was the 

development of the Continental Rift of Southeastern 

Brazil (CRSB), as defined by Riccomini et al. (2004) in the 

Paleogene. It consists of a series of ENE-WSW grabens, 

approximately 900 km long, roughly along the Brazilian SE 

cost. In the target area the CRSB developed the Resende 

and Volta Redonda basins in en échelon pattern (Cogné et 

al., 2013). 

In the DEM data it is possible to recognize the 

overall NE SW fabric trend of the Ribeira belt’s foliation, 

suture lines, shear zones and major faults. The Resende 

and Volta Redonda basins are seen as smooth terrain at 

the central north region, and a conspicuous corridor of 

lineaments of N-S/NNW direction is present in the 

northern portion. The southern coastal region and Ilha 

Grande island is a mountainous region dominated by 

plutonic rocks (Figure 1). 

Previous works in the studied area relate the 

topographic lineaments to normal and transcurrent 

faulting and Riedel associated structures (Negrão et al., 

2020). Guedes et al. (2016) points out that Precambrian 

structural lineaments are parallel to the Resende-Ilha 

Grande Dyke swarm (RIGDS) and should control the 

emplacement of this series of NNW-SSE oriented 

tholeiitic dykes. The NNE lineaments in the central Ribeira 

foldbelt contrasts with the main NE direction and coincide 

with a series of Neoproterozoic-Ordovician foliations, 

shear zones, lithological boundaries and fractures filled 

by pegmatitic veins. According to Giro et al. (2021) the 

NNE lineaments represent a crustal weakness zone that 

was recurrently reactivated.  

 

2.  MATERIALS AND METHODS 

2.1. Data 

The Shuttle Radar Topography Mission (SRTM) 

digital elevation model data was acquired by Space 

Shuttle Endeavour from US space agency NASA in 2000. 

The raw data was processed by INPE, the Brazilian 

institute for space research to the resolution of 30 m per 

pixel, and 1 m of vertical resolution. The data was 

downloaded from the Topodata. 

 

2.2. Manual interpretation 

For classical, human interpretation, DEM data was 

loaded into Esri® ArcMap 10.5, and Hillshade effect was 

applied, as in Figure 2. Hillshade enhances the topography 

and makes the image more natural to the eyes by 

emulating the patterns of light and shade produced by 

sunlight. This, however, introduces a bias component, as 

it highlights structures that are perpendicular to the 

pseudo illumination, but it dims the ones that are parallel 

(Cardoso-Fernandes et al., 2022). Because of that it is a 

common practice to interpret DEM images under different 

pseudo lighting directions. In this case two different 

pseudo illumination directions were used: 315 and 265 

azimuths, both had 45 degrees elevation. These 

directions were chosen for been nearly orthogonal to the 

most prominent linear structures. Lineaments were 

interpreted in two scales: 1:500.000 and 1:250.000 and 

defined by two points as a line segment, no smaller than 

50mm at each scale, so minimum lineament length is 

1,250 m in the field. To avoid fatigue bias interpretation 
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sections lasted one hour, maximum. Lineaments 

extractions were made by the author, and then repeated 

three times under the same conditions, with a time spam 

of at least two weeks between them, allowing a 

repeatability measurement.  Another version of manual 

extraction was performed by a first-year undergraduate 

student, to assess the conceptual model bias. 

Manual lineament interpretation may vary 

significantly, even when done by the same operator, 

under the same conditions. Mabee et al. (1994) suggests 

a method of manually interpreting lineaments based on 

repeated mapping sessions by the same observer or more 

than one observer superimposed, aiming the reduction 

the inherent subjectivity associated with interpretation. 

Lineaments were visually assessed and considered 

coincident when azimuths were within ± 5° and the 

separation distance between them was within 2 mm at the 

scale of drawing.  

To quantify the repeatability among the various 

versions of mapping, we apply the Jaccard index of 

similarity, a well-accepted metric for comparing datasets

(Fletcher et al., 2018). For that we take the ratio between 

the superimposed lineaments and the total amount of 

lineaments. Equation 1 a) defines the Jaccard index for 

two datasets 𝑎 and 𝑏 and in the case of lineaments 

similarity, the coinciding ones must be removed from the 

denominator, as shown in Equation 1 b) and since 𝐽(𝑎, 𝑏) 

is different from 𝐽(𝑏, 𝑎), the mean value was taken. 

 

 
 

Equation 1. A.  Jaccard index of similarity, where𝑎 and b are different 

interpretation datasets. B. Jaccard index for overlaying data.

 

 

Figure 1. Tectonic configuration of the studied area. A. Ribeira Belt location. B. Major geological features of southeastern Brazil (modified from Heilbron 

et al., 2016 and Giro et al., 2021). C. main lithological occurrences in Ribeira belt (Modified from Heilbron et al., 2016). 
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2.3. CNN lineaments extraction methodology 

With the objective of predicting topographic 

lineaments in DEM data we adopted a deep-learning 

semantic segmentation approach, by training a CNN in a 

supervised workflow. We chose a U-Net architecture 

(Ronnenberger et al., 2015) for the network with PyTorch 

as the development framework, a widely applied method 

for image segmentation because of its versatility and due 

to the availability of a large expertly annotated dataset 

used for training. Our implementation easily allows for 

variations in architecture parameters such as depth and 

width of the network. Conventional methods, as the one 

proposed by Farahbakhsh et al. (2018), use edge 

detection, adaptive filters and principal components 

analysis to satisfactorily extract lineaments from DEMs. 

This approach, however, requires extensive data pre-

processing and attribute calculations to highlight the 

desired features. U-Nets, on the other hand, updates its 

parameters during training to maximize the association 

between input and output and finds by its own which 

relations work best.  

The network’s parameters were trained not on the 

studied area, but on a control area, about 50 km east of 

the studied area (Figure 2), using lineaments manually 

interpreted and published by Giro et al. (2021), under 

conditions so similar that criteria variation is neglected. 

This ensured that the results in the studied area did not 

simply replicate the training data and show that the CNN 

is properly generalizing on unseen areas.  

 

2.4. CNN workflow 

First the DEM data and mask containing the 

lineaments were cropped to the same size, normalized 

between zero and one, and saved as TIFF format. They 

were then divided into a subset of images called tiles, 

made of 128 by 128 pixels each, and subsequently loaded 

into the CNN. In the data loader step a stride is defined for 

training and validation, and it controls the number of tiles 

loaded into the CNN (Equation 2). The bigger the stride, 

the fewer tiles are loaded, and less information is used to 

train the model, resulting in faster training. For example, 

a stride equal to 1 would load all possible tiles, 

approximately 5×106, whereas setting a stride to 7 would 

load approximately 105  tiles. Attention is required to load 

enough tiles for adequate training and avoid overfitting. 

 

 

Equation 2. Describes the number of tiles of size (T) that can be cut from 

an image with (C) columns and (R) rows of pixels and loaded for training 

and validation, given the stride (s). Floor is the function that rounds 

down the number. 

 

 
Figure 2. Control area, where 1437 manually interpreted lineaments by Giro et al. (2021) were used to train the CNN, later applied in the studied area. 

Pseudo illumination azimuth 265°, 45° inclination. 
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Next, the actual training takes place, and the chosen 

loss function was the Dice loss function (Equation 3). The 

Dice loss function is based on the intersection of sets, and 

it yields robust results in image segmentation when 

applied to unbalanced datasets, that is, when one of the 

classes occurs much more frequently than others. In this 

case, where we aim to classify images into two classes 

(lineament and non-lineament), the Dice loss function is 

defined as: 

Where: 

r = reference value, training data 

p= Probability predicted by the neural network 

ɛ = stabilization term that avoids division by zero 

problems 

 
 

Equation 3. Dice loss function for two classes. Appropriate for image 

classification tasks in unbalanced datasets. 

 

The loss function guides the training, according to 

the hyperparameters, as the model iteratively acquires its 

parameters in a way to maximize the relationship between 

the DEM data and the interpreted lineaments. The model 

output is assessed visually, as it predicts the lineaments 

in the control area, and by its metrics. The training and 

validation loss values are expected to be as low as 

possible and validation accuracy and intersection over 

union, that measure how much of the classified pixels are 

correct, are expected to be as high as possible. These four 

metrics are normalized between zero and one. The time 

spent during training is expected to be as little as 

possible. Finally, the approved model receives as input 

the DEM data from the studied area, processes it, and 

classifies each pixel as lineament or non-lineament. After 

that a Hough transform is applied so that only line 

segments are output as predicted lineaments. Figure 4 

shows a schematic workflow and hyperparameters for 

model 22, considered the best performer. The code is 

available in a repository at GitHub (link at Section 

Computer code availability). 

 

2.4.1. Neural network architecture 

The technique for lineaments extraction is based on 

semantic segmentation, which is the ability to segment an 

unknown image into different parts and objects at a pixel 

level (Guo et al., 2018). In this case we aim to classify the 

image’s pixels in two classes: lineament or no-lineament. 

To achieve this, we apply a CNN deep learning technique 

with a U-net architecture. The U-net architecture for 

CNN’s was developed for image analysis and classification 

in medical science (Du et al., 2020), but recently it’s been 

used in many different fields, including geoscience. The 

name refers to the characteristic U-shape, and it consists 

of two paths. The first is the encoder, or contractive path. 

This is where the input image is deconstructed, as it gains 

more “depth” at the expense of its size. In other words, 

through a series of convolutions and pooling operations 

the image’s representation decreases in height and width 

but gets more channels (Figure 3). After reaching the 

innermost segment the representation enters the 

decoder, or expansive path. Here the data is sampled 

through a series of transposed convolutions, that 

gradually restores the data to its original image size. Also, 

at the decoder path some information from the encoder 

path is directly transferred in an operation called “skip 

connection”. This information is concatenated to the 

representation so the CNN can best learn to classify and 

localize features (Siddique et al., 2021). 

The CNN’s output is an image where white pixels 

represent the non-lineament class and black the 

lineament class. The results are noisy, with small clusters 

of black pixels scattered across the image (Figure 4), as 

opposed to the desired aligned disposition. Hence, a 

Hough transform was applied to the images produced by 

the CNN, which is a method for isolating a particular shape 

within an image, in this case, lines. It works by 

transforming spatially extended patterns to produce 

features in a parameter space (Hassanein et al., 2015). In 

practice, it converts the aligned classified pixels output by 

the CNN into straight line segments, eligible for 

comparison with the manually interpreted lineaments. 

 

 

 

𝐷𝐿2 = 1−
 𝑝𝑛 𝑟𝑛
𝑁
𝑛=1 +𝜖

 𝑝𝑛+𝑟𝑛
𝑁
𝑛=1 +𝜖

 - 
 (1−𝑝𝑛 )(1−𝑟𝑛 )
𝑁

𝑛=1
+𝜖

 2−𝑝𝑛−𝑟𝑛
𝑁
𝑛=1 +𝜖
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Figure 3. Schematic representation of the U-Net architecture. The input image is divided into tiles, and feed to CNN. In the first half of the way the data 

is rearranged through a series of convolutions and maxpooling. It loses height and width but gains channels (or depth). In the second half it is upscaled 

back to its original dimensions and outputs the classified image. 

 

 

Figure 4. Model 22 schematic workflow and characteristics 

2.4.2. Hyperparameters definition 

A total of 30 models were tested, over which the 

CNN hyperparameters were extensively varied and tested, 

in a trial-and-error fashion that shaped the output to the 

expected results, a collection of lineaments.  

The first models had a training and validation stride 

of 16 and 31 respectively (~21,000 tiles for training and 

~5,600 for validation), and yielded highly varying 

amplitude validation metrics over training, which was 

resolved by lowering the learning rate, so that the 

validation values could work their way down the loss 

function smoothly. The tradeoff was that it took longer to 

complete the training, as more epochs were necessary to 

achieve convergence. Next, the strides decreased to 5 for 

training and 11 for validation (~213,000 tiles for training 
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and ~44,000 for validation), in a model that took 9 hours 

to train. The visual inspection of the result showed no 

improvement from models that required 1,5 hours to train 

with strides set to 10 for training and 23 for validation 

(training and validation strides were never multiples to 

avoid overfitting). One model trained in 15 seconds with 

25 epochs was able to capture the overall lineaments 

trend. Up to this point CNNs were tested with 3 depth 

blocks, or 3 maxpooling operations at the encoder path. 

When a 5 depth blocks architecture was tried, the results 

showed substantial improvement, with sharper and less 

noisy lineaments. Models with even more depth blocks did 

not show better results. Finally, models were trained and 

validated with subsets of data, restricted in height or 

width. As digital images are matrices of pixels, we can 

think of height and width as lines and columns. Model 

M22, for example, was trained using all the control image 

lines, but only 1/3 of its columns. It was as if the training 

image was divided in 3 N-S stripes, and only one was used 

for training and validation, the west stripe. Its results were 

considered the best compromise between the time spent 

on training and results obtained. Figure 4 displays the 

CNN’s schematic workflow with model 22’s 

hyperparameters. 

 
3. RESULTS AND DISCUSSION 

Over five rounds of manually interpreting 

lineaments significant differences are observed. The 

number of lineaments manually acquired decreased 

throughout the interpretation sessions (Figure 5). The 

author states that at the beginning of the project (V1) his 

moral/willingness was high, and overexcitement might 

have led to the annotation of second order lineaments as 

seen in a set of NW lineaments in the black rectangles 

(Figure 5B). These second order lineaments contrast with 

the major ones formed by the rock´s foliation, main shear 

zones and the lineament corridor at the northern portion 

of the studied area.  Over the following rounds of 

interpretation, when revisiting the data (V2, V3 and V4), 

the author decided that these lineaments make up a 

background, and do not differ from the pattern of 

adjacent features, as defined by O’Leary et al. (1976). 

These background lineaments exist, but are tightly 

spaced, and could not be represented in the chosen scales 

of mapping. That demonstrates that the criteria for 

choosing lineaments often fluctuate as mapping 

proceeds. During repeated mapping sessions the author 

focused more on the main structures, to best represent 

the lineaments in the studied area. This becomes clear 

when looking at the charts in Figure 6. As the number of 

lineaments decreases from the early mapping sessions to 

the latter, the Jaccard similarity index of the mapping 

sessions grouped two by two tends to increase among the 

later versions.  

The highest similarity is found between versions 3 

and 4 whereas the lowest is the one comparing CNN 

output Model 30 to the first-year student version -STD 

(Figure 6). The early versions also contain the largest 

number of non-repeating lineaments, indicating that they 

have lower consistency, or make up second order 

lineaments and probably should not be represented. Over 

the course of repeating the interpretation, lineaments 

became fewer, and more robust, as the criteria for 

recognizing lineaments consolidated. 

The higher similarity between a model and a 

handmade version is between M22, considered to be the 

best, and version 3, suggesting that although there is a 

tendency to ramp similarity up towards later versions, 

version 4 might have been too minimalistic (Figure 6). In 

the process of selecting the most important lineaments, 

some relevant ones could have been left out. 

The results obtained by the first-year student 

(STD) showed that even though not familiarized with the 

geological setting, she was undoubtedly able to capture 

the overall structures and trends. A major structure, the 

NEE suture zone at northern area, however, that is known 

to extend for hundreds of kilometers as a straight corridor 

(arrow 1), was poorly represented, and the footprint of 

merging images at the southern area was interpreted as a 

lineament (arrow 2), as she was unaware of this kind of 

noise (Figure 5F). 

The distribution of lineament’s lengths is 

represented by boxplots in Figure 7, where the box’s 

bottom shows the first quartile, the top shows the third 

quartile, the midline is the distribution’s median and the 

“x” the mean value. The whiskers are the two lines outside 

the box and represent the distribution’s minimum and 

maximum.  

Manually interpreted lineaments are seen from V1 

to V4 and STD. They are slightly positively skewed, 

meaning that there are more long than short lineaments. 

The lower whiskers tend to be similar, as lengths were 

limited to 1250 m, or 0,5 cm at mapping scale. Results 

obtained by the CNN show behaviors significantly 

different from humans. For example, computers often 

represent a slightly curvilinear feature as 3 or 4 small line 

segments, whereas humans tend to draw a single 

lineament, or draw closely spaced parallel lineaments, 

representing associated crests and valleys, while humans 

tend to choose just one of them. Computers place 

lineaments where costal line shores are straight, while 

humans tend to recognize shorelines as features not 

related to topographic lineaments, although they can 

coincide. From Figure 7 it’s possible to note that 

handmade lineaments are longer than the ones produced 
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by the computer (M22 and M30). Humans tend to have a 

broader view. We can extrapolate our interpretation and 

connect hill crests or valleys that line up together as a 

single lineament, even in areas where they are not visible. 

Computers,   on    the    other    hand,    tend    to   annotate  

 

lineament where they are strictly apparent, drawing 

shorter lineaments.  

The rose diagrams in Figure 7 show that directions 

did not change significantly over versions and kept mean 

direction around 32°. 

 

 

Figure 5. Human extraction of topographic lineaments. A. DEM, pseudo illumination azimuth 265, elevation 45°. B. First round of interpretation – 726 

lineaments. Black rectangles show areas where second order lineaments were interpreted. C. Second round of interpretation – 493 lineaments. D. Third 

round of interpretation – 410 lineaments. E. Fourth round of interpretation – 393 lineaments. F. First-year undergrad student interpretation – 744 

lineaments. Arrow 1 indicates a poorly represented major lineament, arrow 2 indicates a lineament drawn over an image merge footprint. G.  Model 22’s 

output – 782 lineaments. H. Model 30’s output 552 - lineaments. 
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Figure 6. V1 to V4 represents the versions of mapping done by the author, STD represents the one from the first-year undergraduate student, M22 and 

M30 two CNN outputs. Left: Jaccard index of similarity between interpretation sessions. Right: Percentage of lineaments that appear in only once, 

indicating non-consistent interpretations. 

 

 
Figure 7. Boxplots representing the distribution of lineament lengths and rose diagrams showing directions. 

 

4. CONCLUSIONS 

In this paper we compare the results of lineaments 

extracted from DEM data by humans and by computers 

using a CNN with U-Net architecture. Interpretation, 

although essential to data incorporation, is subjective, 

and there is no ground truth from which our results can be 

compared. What we did was to analyze the various 

versions of lineaments extractions grouped two by two 

and assess their repeatability as a proxy for consistency. 

Results from manual extraction show that the 

criteria for identifying and drawing lineaments changed 

over repeated interpretations session. Early versions tend 

to capture more lineaments that often are not repeated in 

following sessions, but as the studied area becomes 

familiar to the interpreter, the criteria for selecting 

lineaments improve and second order lineaments were 

left out of later versions. The best similarity between 

computer models and handmade interpretations was M22 

and version 3, suggesting that version 4, the last one, 

could have become too minimalistic.     

A CNN was written, trained, and then applied to the 

studied area. Results show that once hyperparameters 

have been determined and the CNN satisfactorily trained, 
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it can be a powerful tool to reduce the time and 

subjectivity involved in interpreting lineaments in DEM 

data. However, the trial-and-error process required to 

find satisfactory hyperparameters and post-processing 

applied to improve results can take a lot of time and can 

even neutralize the gains obtained by applying CNN 

technology. Moreover, U-Net’s complex architecture has, 

in general, high computational cost and can 

underperform when the training data is unbalanced. 

Humans are immensely versatile. We can rapidly 

adapt to perform complex tasks using our common sense. 

Computers, on the other hand, have no common sense, 

and even though they can “learn” to predict lineaments 

each data set and hyperparameters, they will probably 

yield poor results in different areas. Therefore, it is 

justifiable to build and apply CNNs to predict lineaments 

over large datasets with similar characteristics in such 

that it is feasible to label a training dataset that is 

representative of the whole data. Otherwise, it is far more 

practical to manually extract lineaments with two or more 

interpretation versions performed by one or more people, 

aiming at the reduction of the inevitable subjectivity. 
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COMPUTER CODE AVAILABILITY 

Name of the code/library: 

 Lineament_DEM_extractor / Pytorch 

Contact: Antônio Pires:  

antonio.pires@petrobras.com.br; +5521 99783-9917 

Hardware requirements: Intel Core i5 or i7 processor, Full 

HD resolution, ideally 1920×1080 and 8GB of RAM 

Program language: Python 

Software required: Python 3.9.13 and Pytorch 2.0  

Program size: 4 KB  

Year first available: 2024 

Code available at github open repository: 

https://github.com/PedroRossi99/Lineament_DEM_extr

actor.git 
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