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Automatic segmentation and recognition of content and element information in color geological map are
of  great  significance for  researchers  to  analyze the  distribution of  mineral  resources  and predict  disaster
information.  This  article  focuses  on  color  planar  raster  geological  map  (geological  maps  include  planar
geological maps, columnar maps, and profiles). While existing deep learning approaches are often used to
segment general images, their performance is limited due to complex elements, diverse regional features,
and complicated backgrounds for color geological map in the domain of geoscience. To address the issue,
a color geological map segmentation model is proposed that combines the Felz clustering algorithm and an
improved  SE-UNet  deep  learning  network  (named  GeoMSeg).  Firstly,  a  symmetrical  encoder-decoder
structure backbone network based on UNet is constructed, and the channel attention mechanism SENet has
been  incorporated  to  augment  the  network’s  capacity  for  feature  representation,  enabling  the  model  to
purposefully extract map information. The SE-UNet network is employed for feature extraction from the
geological map and obtain coarse segmentation results. Secondly, the Felz clustering algorithm is used for
super  pixel  pre-segmentation  of  geological  maps.  The  coarse  segmentation  results  are  refined  and
modified based on the super pixel pre-segmentation results to obtain the final segmentation results.  This
study applies  GeoMSeg to  the  constructed  dataset,  and the  experimental  results  show that  the  algorithm
proposed in this paper has superior performance compared to other mainstream map segmentation models,
with an accuracy of 91.89% and a MIoU of 71.91%.
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1. Introduction

A large  number  of  geological  maps  have  accumulated  in
the geological industry, and play a pivotal role across various
domains  including  the  preservation  geological  environments
(Do  Valle  Júnior  RF  et  al.,  2019),  mineral  exploration
(Rahimi H et  al.,  2021; Qiu QJ et  al.,  2023b) and geological
disaster detection (Ma ZJ and Mei G, 2021).  However,  these
reported  geological  maps  are  often  stored  in  raster  format
(semistructured  data)  after  scanning,  which  is  not  structured

data  and  thus  cannot  be  directly  used  for  data  analysis  and
knowledge  discover.  The  traditional  method  is  to  vectorize
them  manually,  which  requires  considerable  manpower  and
material  resources,  as  well  as  technicians  with  a  certain
reserve of expertise and experience. However, the data results
are inevitably incomplete and inconsistent, and can even have
errors. Image recognition (Liu Y and Wu LZ, 2018; Yu HG et
al.,  2022)  and  information  extraction  (Rauch  A  et  al.,  2019;
Qiu  QJ  et  al.,  2023a; Tian  M et  al.,  2023)  provide  solutions
for the understanding of geological map information, and can
increase  the  information  base  and  sources  of  geoscience
research and thus are of great significance to obtain more data
and  information  sources  and  further  develop  geoscience
analysis and research.

Segmentation  of  geological  maps  stands  as  a  pivotal
technology  crucial  for  the  intelligent  analysis  and
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understanding  of  geological  maps,  and  provides  important
auxiliary  information  for  researchers  in  the  domain  of
geoscience.  The  regional  mineral  resources,  distribution
patterns  and  other  information  can  be  obtained  by  analyzing
the  information  of  various  objects  and  related  relation  in
geological maps. Although large breakthroughs and advances
have  been  made  in  general-purpose  domain  image
segmentation  algorithms  (such  as  deep  learning),  these
algorithms  cannot  be  directly  applied  to  geological  map
segmentation,  and  the  main  problems  are  as  follows:  (1)  At
present,  most  of  the  automatic  image  recognition  and
information  extraction  technologies  demonstrate
commandable  efficacy  in  engineering  drawings,  but  their
performance  remains  constrained  when applied  to  geological
maps.  The  main  reason  is  that  the  elements  (such  as
geological  objects)  in  the  map  are  complicated  and  overlap
with  each  other,  which  increases  the  difficulty  of  automatic
map  recognition  and  information  extraction.  (2)  There  are
various distortions in the scanned raster color geological map,
for  example,  dispersion  and  confusion  of  geological  map
colors,  and  noise,  burr  and  bifurcation  of  geological  map
elements,  which  increase  the  difficulty  of  automatic
recognition and information extraction from geological maps.
(3)  A  scanned  raster  color  topographic  map  has  only  four
colors  to  the  human  eye,  and  it  cannot  achieve  the  same
recognition  effect  for  computers.  The  color  separation  (color
segmentation)  of  topographic  maps  is  easier,  and  the
information  extraction  is  more  convenient.  However,
geological maps have many and ever-changing colors, which
undoubtedly  increases  the  difficulty  of  color  segmentation.
(4)  There  are  many  kinds  of  elements  in  a  geological  map,
and  they  overlap  in  space  to  a  certain  extent,  such  as  the
interference  of  line  elements  such  as  water  systems  and
kilometer  grids  on  the  geological  map,  and  the  overlay  of
characters  and  various  symbols,  which  creates  great
difficulties  in  the  recognition and extraction of  line  elements
in  the  map.  Moreover,  the  intersection  of  various  elements
may leave many breakpoints on the single-page map obtained
after  color  segmentation,  which  increase  the  duration  and
difficulty of line tracing.

In  response  to  the  aforementioned  challenges,  this  study
proposes  a  color  geological  image  segmentation  model  that
combines the Felz clustering algorithm and an improved SE-
UNet  network  (named  GeoMSeg).  First,  mathematical
morphology operations, encompassing techniques like erosion
and  dilation  are  employed  to  pre-process  the  geological
images.  The UNet  with  an  encoder-decoder  structure  is  used
as the foundational model, and a channel attention mechanism
called  SENet  is  added  to  focus  on  key  image  features  while
suppressing  unnecessary  features,  thereby  reducing  the
influence of  complex backgrounds in  the  image.  Second,  the
Felz  clustering  algorithm  is  combined  with  the  pre-
segmentation  of  the  geological  image,  allowing the  semantic
segmentation results of deep learning to refine and modify the
extracted  feature  information  based  on  the  pre-segmentation.
The  combination  of  dilation  and  erosion  in  mathematical

morphology  operations  can  effectively  eliminate  noise  in
geological  images,  and  the  Felz  clustering  algorithm  can
adaptively adjust  the threshold based on the local  features  in
the image data to perform pre-segmentation processing on the
geological images. Finally, deep learning is used to fit regions
with  the  same  semantic  information  based  on  the  Felz
clustering  algorithm’s  pre-segmentation,  such  that  the
segmentation results are as consistent as possible with the pre-
segmentation  results.  Experimental  results  indicate  that  the
algorithm put  forth  in  this  study  attains  notable  performance
levels on a color geological image dataset. 

2. Related work

Image  segmentation  constitutes  a  crucial  component  of
image analysis,  which aims to  segment  images  into  different
regions  based  on  homogeneous  features,  including  pixel
intensities,  texture  structures,  etc.  (Ma  BJ  et  al.,  2023).
Currently,  semantic  segmentation  can  be  divided  into  two
categories (Zhang WH et al., 2019): Traditional segmentation
methods,  and  the  machine  learning-based  (especially  deep
learning) methods. 

2.1. Traditional image segmentation methods

Traditional  segmentation  methods  employ  low-level
semantic  features  like  color,  shape,  and  texture  to
automatically  segment  the  target  area,  resulting  in  regions
with  similar  features  and  differences  between  regions.  This
approach categorically encompasses four main classifications:
Threshold-based  segmentation  methods,  edge-based
segmentation  methods,  region-based  segmentation  methods,
and segmentation methods combining specific theories.

Threshold-based  segmentation  method  obtains  one  or
more gray thresholds by utilizing the grayscale features of the
image,  and  then  compares  these  thresholds  with  the  gray
values of each pixel in the image to classify each pixel based
on  the  comparison  result.  Common  threshold  segmentation
methods  include  the  maximum  inter-class  variance  method
(Otsu)  (Otsu  N,  1979),  the  minimum error  method  (Kittler  J
and  Illingworth  J,  1986),  and  the  maximum entropy  method
(Kapur  JN  et  al.,  1985).  For  example,  Levachkine  S  et  al.
(2002)  used  pseudo-color  technology  to  construct  a  two-
dimensional  histogram  of  the  image  and  determined  the
optimal  threshold  using  a  method  before  and  after  threshold
processing  to  achieve  segmentation  of  color  images.  Huang
MX  et  al.  (2012)  proposed  an  improved  threshold  image
segmentation  algorithm  based  on  Otsu’s  method,  which
selects  the  optimal  threshold  by  narrowing  the  threshold
selection range and searching for the minimum variance ratio.
Hosseini-Fard  E  et  al.  (2022)  proposed  a  texture  attribute
extraction strategy based on the concept of direction gradient
histogram  (HOG)  for  automatic  segmentation  and  attribute
extraction  of  seismic  images.  This  method  can  separate
diverse shape, distinct seismic patterns, and geological objects
exhibiting contrast  with the surrounding medium. Threshold-
based  segmentation  methods  are  simple  to  implement  and
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have low computational cost, but they are susceptible to noise
and  require  significant  grayscale  value  differences  between
the target and surrounding environment, making it difficult to
accurately segment complex images.

Edge-based  segmentation  detects  the  boundaries  between
different regions in an image by utilizing the discontinuity of
pixel  grayscale  values  between  the  regions,  achieving  image
segmentation.  The  key  is  to  perform  edge  detection  on  the
image.  Commonly  used  edge  detection  operators  include  the
Robert operator (Rosenfeld A, 1981), Sobel operator (Lang Y
and Zheng D,  2016),  Prewitt  operator  (Yang L et  al.,  2011),
LoG operator (Ulupinar F and Medioni G, 1990), and Canny
operator (Li ES et al., 2009), among others. For example, Xu
JL et al. (2020) proposed an automatic extraction method for
linear  features  based  on  wavelet  edge  detection.  To  reduce
tunnel  construction  accidents,  Jiang  F  et  al.  (2022)  used  a
threshold-adaptive  segmentation  algorithm  combining  the
Canny  operator  to  segment  and  detect  tunnel  rock  fissures
from  tunnel  face  images.  The  experimental  results
demonstrate  that  the extraction error  rate  of  this  algorithm is
less  than  2%,  and  it  can  accurately  extract  complete  rock
fissures.

Region-based  segmentation  method  is  a  process  of
continuously  merging  pixels  or  sub-regions  according  to
certain  rules  to  form  segmentation  regions.  There  are  many
methods for segmentation based on the region concept (Pham
DL  et  al.,  2000;  Zhang  YJ,  2006),  which  can  be  usually
divided  into  three  categories:  Watershed  segmentation
(Vincent L and Soille P, 1991), region growing (Adams R and
Bischof L, 1994), and region splitting and merging (Tremeau
A  and  Borel  N,  1997).  Watershed  segmentation  is  usually
performed  on  gradient  images  and  requires  the  use  of  a
marker  image  to  achieve  better  segmentation  results.  For
example,  Leyk  S  and  Boesch  R,  (2010)  used  a  constrained
seed  region  growing  method  based  on  color  similarity  and
spatial  connectivity  to  segment  19th-century  archival
topographic  maps.  This  method  was  assessed  across  map
pages  exhibiting  diverse  graphical  attributes,  and  obtained
reliable results from accuracy evaluation. Ji  XQ et al.  (2015)
proposed  a  distance  transformation-based  watershed
algorithm to segment cell adhesion images, which effectively
solves  problems  such  as  cell  proliferation  and  discontinuous
cell  boundaries.  The  algorithm  uses  Otsu  threshold
segmentation  for  coarse  segmentation  and  then  uses  an
optimized  watershed  algorithm  for  fine  segmentation  by
optimizing  seed  points.  The  region-based  segmentation
method  is  less  sensitive  to  noise  and  has  strong  noise
resistance,  but  it  often  suffers  from  over-segmentation
problems.  On  the  other  hand,  edge-based  segmentation
methods are characterized by straightforward implementation
and rapid processing speeds  but  are  easily  affected by noise.
Therefore,  these  two  segmentation  methods  are  often
combined to segment image content.

The segmentation method based on specific theory can be
categorized  into  two  categories:  Clustering-based
segmentation and graph-based segmentation. Clustering-based

segmentation  methods  cluster  pixels  with  similarities  in  the
image  into  the  same  region  or  image  block,  and  iteratively
modify the clustering results to form the segmentation result.
Main  algorithms  include  MeanShift  algorithm  (Cheng  YZ,
1995),  TurboPixels  algorithm  (Levinshtein  A  et  al.,  2009),
and  Slic  algorithm  (Achanta  R  et  al.,  2012).  For  example,
Huang  CL  et  al.  (2016)  proposed  a  geological  segmentation
algorithm  for  different  geological  features  such  as  rivers,
forests,  and  soil.  The  experimental  results  show  that  this
method  is  effective  and  reliable  in  geological  segmentation.
Graph-based segmentation methods map the entire image into
a weighted undirected graph, transforming the image problem
into a graph partitioning problem, and the segmentation result
of the image is subsequently derived through the optimization
of the objective function. For example, Felzenszwalb PF et al.
(2004)  proposed  an  algorithm  based  on  the  minimum
spanning  tree  of  the  image,  clustering  nodes  of  the  graph  to
achieve  segmentation.  The  generated  super  pixels  are  the
minimum spanning trees of the pixel set, which can maintain
the  image  boundary  well.  Van  den  Bergh  M  et  al.  (2015)
proposed  the  energy-driven  sampling  (SEEDS)  algorithm,
which  uses  hill-climbing  to  optimize  the  objective  function
iteratively  by  searching  for  the  minimum  local  change  to
update  the  solution  and  continuously  refine  the  boundary  to
obtain  the  optimal  segmentation  effect.  Graph-based
segmentation  methods  have  strong  noise  resistance  and  fast
computing  power,  but  their  biggest  disadvantage  is  that  they
can  only  perform  binary  segmentation  of  pixel  points  in  the
image,  and  it  is  difficult  to  achieve  end-to-end  multi-class
segmentation of objects in the image. 

2.2. Machine learning-based image segmentation methods

There has been a progressive application of deep learning
techniques  to  the  domain  of  geological  image  segmentation.
Compared with traditional image segmentation methods, deep
learning-based  image  segmentation  methods  (Hinton  GE  et
al.,  2006)  are  less  affected  by  human  factors  and  can  obtain
abstract  image  features,  mine  the  internal  structures  of
different features, and have made significant improvements in
segmentation  performance  and  efficiency.  Deep  learning-
based  image  semantic  segmentation  methods  mainly  include
four  types:  Segmentation  methods  based  on  FCN,
segmentation  methods  based  on  encoder-decoder,
segmentation  methods  based  on  dilated  convolution,  and
segmentation methods combined with attention mechanism.

Segmentation  methods  based  on  FCN.  Fully
Convolutional  Network  (FCN)  is  the  most  used  network  for
semantic  segmentation  and  is  a  pioneering  work  of  deep
learning in image semantic segmentation tasks (Long J et al.,
2015).  Currently,  the  FCN  model  has  garnered  extensive
utilization  across  various  computer  vision  tasks  and  has
shown  excellent  performance  in  object  detection,
classification,  image  segmentation,  and  other  tasks.  For
example,  Teimouri  N  et  al.  (2019)  developed  and
implemented  a  novel,  optimal,  and  lightweight  network
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structure  based  on  FCN  and  ConvLSTM  network,  using
multi-temporal  radar images to recognize various crop types.
Ji  J  et  al.  (2020)  proposed  a  parallel  FCN  that  mainly
integrates  the  Holistically-Nested  Edge  Detection  (HED)
network  to  capture  image  edge  information  and  improve  the
segmentation  performance  of  semantic  segmentation.  Zheng
SX et al. (2021) proposed the SETR model based on the FCN
framework,  mainly  treating  semantic  segmentation  as  a
sequence-to-sequence prediction task.

Segmentation  methods  based  on  encoder-decoder.  The
encoder-decoder  structure  consists  of  two  fundamental
components:  Encoder and decoder.  The encoding component
predominantly  comprises  a  series  of  stacked  convolutional
layers,  pooling  layers,  etc.,  to  acquire  higher-level  semantic
information.  The decoding part  includes convolutional  layers
and upsampling operations to gradually restore spatial details
until  the  segmentation  process  is  completed.  Some
representative  models  include  UNet  (Ronneberger  O  et  al.,
2015), ENet (Paszke A et al., 2016), SegNet (Badrinarayanan
V  et  al.,  2017),  etc.  For  example,  (Zhang  Y  et  al.,  2022)
proposed  an  intelligent  image  segmentation  model  RUNet
based on residual network ResNet and UNet for rock fracture
detection,  providing  an  automated  and  reliable  method  for
rock  quality  evaluation. Liu  HQ et  al.  (2023) proposed  a  U-
shaped transformer framework RockFormer for Martian rock
segmentation.  The  framework  encompasses  a  layered
encoder-decoder architecture and feature refinement modules
connected between them.

Segmentation  methods  based  on  dilated  convolution.
Dilated  convolution  (Yu  F  and  Koltun  V,  2015)  essentially
injects  “zeros”  into  a  standard  convolution  kernel  to  expand
the receptive field with different sampling rates, allowing for
the  extraction of  multiscale  feature  information over  a  larger
range  without  increasing  the  number  of  convolution  kernel
parameters,  while  maintaining  the  resolution  of  the  feature
map. This effectively utilizes contextual information to solve
the  problem  of  spatial  information  loss  in  semantic
segmentation. For example, Wei YC et al. (2018) used dilated
convolution  to  obtain  more  reliable  target  areas,  effectively
improving  the  performance  of  weakly  supervised  and  semi-
supervised  image  semantic  segmentation.  Chen  LC  et  al.
(2018) designed a  porous  spatial  pyramid pooling  scheme to
achieve robust segmentation of multiscale targets, distributing
multiple dilated convolutions in parallel to capture multiscale
object  and  context  information.  Chen  WK  et  al.  (2022)
proposed  a  three-dimensional  multithreaded  dilated
convolution  (MTDC)  network  for  automatic  segmentation,
which  can  better  extract  and  integrate  low-dimensional
structural features by combining the MTDC strategy.

Segmentation  methods  combined  with  attention
mechanism. The fundamental concept underlying the attention
mechanism  is  to  generate  different  weight  parameters  for
objects  of  varying  scales  within  the  image,  tailored  to  the
requirements  of  the  segmentation  task,  selectively
emphasizing  target  objects  relevant  to  the  task,  and
suppressing  those  irrelevant  ones.  The  key  is  to  generate
weight  maps  with  appropriate  attention  weights,  which  can

capture richer contextual information. For example, Lin GS et
al.  (2017)  proposed  a  multi-path  learning  network  that  uses
attention  modules  with  long-range  residual  connections  to
fuse  low-level  and  high-level  features  for  high-resolution
semantic segmentation models. Wang F et al.  (2017) stacked
attention  modules  with  residual  connections  to  capture  the
response results of feature maps at different levels. Ding L et
al.  (2020)  proposed  a  method  that  combines  patch-based
attention  modules  and  attention  embedding  modules  to
enhance the embedding of  contextual  information and enrich
the semantic information of low-level features. Zhou TX et al.
(2022) proposed a multi-modal segmentation network guided
by  triple  attention  fusion,  which  uses  dual  attention  fusion
modules  and  correlation  attention  modules  to  form  triple
attention  fusion  blocks,  and  learns  the  correlation  between
modalities and the potential features relevant to segmentation
to improve segmentation results.

Within the domain of image segmentation, a large amount
of  research  has  been  devoted  to  extracting  information  from
unstructured  images.  Although  these  efforts  have  achieved
certain  achievements,  existing  image  segmentation  methods
still have limitations in geological image scenes. Firstly, when
extracting  information  in  geological  image  scenes,  there  is  a
dearth  of  image  segmentation  methodologies  capable  of
diminishing  manual  intervention  and  attaining  high-
performance  results.  On  one  hand,  most  of  existing  image
segmentation methods use rule-based traditional segmentation
methods or supervised machine learning methods. Rule-based
and  supervised  machine  learning-based  image  segmentation
methods  can  solve  the  heterogeneity  and  complexity  of
images  by  learning  many  representative  examples,  thereby
achieving  high-performance  image  semantic  segmentation.
However,  traditional  rule-based  segmentation  methods,  are
difficult  to  adapt  to  the  segmentation  requirements  of
geological  image  scenes  that  have  overlapping  features  and
are  complex  and  diverse.  Specific  problems  mainly  include
the  following  two  points:  (1)  Segmentation  methods  and
improved  segmentation  algorithms  have  increased  the
limitations  of  the  algorithm  on  usage  conditions  or
segmentation rules while improving segmentation accuracy or
efficiency,  such  as  threshold-based  segmentation  methods
requiring  different  probability  distributions  for  background
areas  and  target  areas,  and  region-based  segmentation
methods  requiring  similarity  rules,  merging  rules,  and
splitting rules to be set. (2) Traditional segmentation methods
often  require  human  intervention  and  mainly  use  manually
annotated feature rules for segmentation, using visual surface
features  like  texture  and color  within  the  image and external
structural characteristics for processing. The performance and
robustness  of  the  features  are  greatly  limited,  and  the
segmentation accuracy is easily affected. Supervised machine
learning  methods  are  not  suitable  for  geological  image
segmentation  scenes,  as  geological  images  contain  element
symbols  such as  text  annotations,  numeric  annotations,  point
symbols,  and line symbols that  are intertwined and complex,
and  the  characteristics  of  each  element  formed  in  different
locations  and  times.  Therefore,  it  is  impossible  to  uniformly
label  all  elements  in  geological  images,  making  supervised
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machine  learning  methods  ineffective  for  geological  image
segmentation.  On  the  other  hand,  while  image  segmentation
methods  founded  on  semi-supervised  and  unsupervised
machine learning offer practicable solutions to address labor-
intensive  challenges,  existing  semi-supervised  and
unsupervised  machine  learning-based  image  segmentation
methods still have certain limitations in extracting information
from  geological  images  characterized  by  high  levels  of
heterogeneity  and  complexity.  Therefore,  further  research  is
still  needed on how to  improve or  combine other  theories  or
algorithms  to  make  the  segmentation  results  more  accurate
and robust for the problem of complex and diverse features in
geological image segmentation. 

3. Methodology

Within  this  study,  a  method  that  integrates  the
combination of the UNet model and Felz clustering algorithm
is presented for the segmentation of geological maps (Fig. 1).
To  reduce  background  noise  interference  within  geological
maps  and  enhance  the  feature  extraction  proficiency  of  the
segmentation  model.  Firstly,  pre-processing  operations  such
as  mathematical  morphology  are  adopted  before  pre-
segmentation of geological maps to reduce the impact of noise

and  other  factors  in  maps  on  segmentation  performance.
Secondly, the channel attention mechanism SENet is added to
the  UNet  network  to  enhance  the  attention  to  target
information  and  suppress  unnecessary  feature  information  to
improve the feature expression ability of the model. In terms
of  model  segmentation  metrics,  commonly  used  indicators
such as the pixel accuracy (PA), mean intersection over union
(MIoU)  (Rahman  MA  and  Wang  Y,  2016),  and  Dice
coefficient  (Shamir  RR  et  al.,  2019)  in  pixel  level
segmentation are selected to evaluate the segmentation effect,
in  order  to  more  objectively  and  directly  reflect  the
segmentation accuracy of the model. 

3.1. Geological image dataset construction

Due  to  the  absence  of  publicly  available  colored  image
datasets  in  the  domain  of  geoscience,  the  colored  geological
image  dataset  (named  Geo_Dataset)  was  obtained  from
various websites, such as the U.S. Geological Survey (https://
www.usgs.gov/),  Geo  cloud  (https://geocloud.cgs.gov.cn/),
National Geological Archives Data Center (http://dc.ngac.org.
cn/Home), and the National Geological Data Museum (http://
www.ngac.org.cn/),  as  well  as  large  amount  of  regional
geological  reports,  this  study  mainly  selected  color  planar
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Fig. 1.   Overall architecture of unsupervised color geological image segmentation model. Unsupervised color geological image segmentation
model can be divided into three steps: Geological image data set construction, segmentation model combined with clustering algorithm and im-
proved SE-UNet network, and image segmentation result analysis.
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geological  image  data  with  scales  of  1∶50000,  1∶200000,
and  1∶250000,  with  an  image  size  of  512  ×  512,  in  RGB
format.  The  geological  images  in  this  dataset  cover  the
geological features of several countries, including the Kaiping
sheet geological map and Xingxing Gorge Geological map of
China,  and  Alaska  geological  map  of  the  United  States,  and
more.  The  constructed  color  geological  atlas  contains  200
images in total. The partial sample images of the Geo_dataset
are  shown  in  Fig.  2.  An  unsupervised  image  segmentation
method  that  does  not  require  training  data  or  labeled  data  is
used  in  this  paper,  where  the  training  process  is  also  the
prediction  process,  eliminating  the  need  to  partition  the
dataset into training and test sets.

As  the  collected  geological  images  have  different
resolutions and sizes, the image size is uniformly adjusted to
512 × 512 through cropping to adapt to the model’s input size.
To  quantitatively  evaluate  the  segmentation  results  of  the
model,  the  collected  data  is  manually  labeled  using  the
Labelme  annotation  software,  generating  a  corresponding
JSON  file  for  each  original  image.  Python  is  then  used  to
process the original image and JSON file,  generating a mask
image with the same name as the original image. 

3.2. SE-UNet  image  segmentation  model  combined  with  Felz
clustering algorithm
 

3.2.1. Image preprocessing
Image  normalization.  In  this  study,  the  maximum

minimum  normalization  method  was  used  to  normalize  the
input image, and Formula 1 is as follows: 

norm =
xi−min(x)

max(x)−min(x)
(1)

xi min(x) max(x)Where    denotes  the  image  pixel  value,  , 
denotes the minimum and maximum value of the image pixel
respectively.

By  converting  the  value  range  of  image  data  to  between
[0,  1]  through  the  above  normalization  formula,  effective
enhancements in both the convergence speed and accuracy of
the  model  can  be  achieved,  and  the  problem  of  gradient
explosion or gradient disappearance caused by too large or too
small  image  pixel  values  can  be  avoided  in  the  optimization
process.

Mathematical  morphology.  Mathematical  Morphology
was  proposed  by  Serra  and  Matheron  in  France  in  1964
(Angulo  J  and  Serra  J,  2007)  to  obtain  topological  and
structural information of objects by exploiting the interaction
between objects and structural elements. In this study, closed
operations  are  used  to  process  the  input  images
mathematically  morphologically.  The  closed  operation
improves the quality and morphology of the geological image
by combining dilation (Fig. 3) and erosion (Fig. 4) operations.
The  computational  formulas  for  dilation  and  erosion,
respectively, and are defined as follows: 

A⊕B = {z|[(B∗)z∩A] ⊆ A} (2)
 

A⊖B = {z|(B)z ⊆ A} (3)

A B B∗

z
A⊕B B A

z
B∗

A A⊖B B A
z B

A

Where   represents the set of foreground pixels,   and 
represent  structuring  elements,  and   denotes  the  foreground
pixel value.   denotes the dilation of   with respect to  ,
which  is  the  collection  of  all  displacements    for  which  the
foreground elements  of   overlap  with  at  least  one  element
of  .   denotes the erosion of   with respect to  , which
is  the  collection  of  all  points    for  which  the  translated    is
contained  within  .  By using Formula  2 and Formula  3,  the
Formula 4 for the closed operation can be derived, defined as
follows: 

A ·B = (A⊕B)⊖B (4)

Closed operation can smooth the boundaries of geological
images,  enhance  their  continuity  and integrity.  Moreover,  by

 

(a)

(d)

(b)

(e)

(c)

(f)
 
Fig.  2.     Partial  sample  graph.  a‒China,  Kaiping  sheet;  b‒United
States,  Alaska;  c‒China,  Xingxing  Gorge  sheet;  d‒China,  Hindu
Kush-West  Kunlun;  e‒China,  Zijin  sheet;  f‒United  States,  The
northern White Hills, Mohave County, Arizona.
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Fig. 3.   Dilation diagram.
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combining erosion operations, it can effectively eliminate the
influence  of  characters  in  geological  images  on  element
segmentation,  thereby improving the  quality  of  segmentation
results. 

3.2.2. Clustering algorithm: Felz
Before introducing the basic idea and calculation steps of

the  Felz  (Felzenszwalb  PF  and  Huttenlocher  DP,  2004)
clustering  algorithm,  the  related  definition  based  on  graph
representation is as follows:

G = (V,E)
n m V

E V
vi ∈ V (vi,v j) ∈ E

(vi,v j)

Definition 1:   denotes an undirected graph with
 vertices  and   edges,  consisting  of  vertex  set    and  edge

set  .    is  the  set  of  vertices  to  be  partitioned,  which  is  a
single  pixel  point  in  the  image,  where    and 
denotes the edges connected between adjacent vertices  .

(vi,v j) ∈ E G
ω = (vi,v j)

Definition 2: Each connected edge  in a graph 
has  a  weight  ,  which  indicates  a  nonnegative
measure of dissimilarity between vertices (such as brightness,
color, motion, position, or other properties of itself), meaning
that  the  larger  the  weight,  the  more  dissimilar  the
corresponding vertex.

G S = (C1, · · · ,
Cr) Ci

Ci ⊆ V(1 ⩽ i ⩽ r)

Definition 3: Segment the graph   to obtain 
,  where  represents  the  mutually  disjoint  regions  after

segmentation, where  .
The  Felz  clustering  algorithm  is  a  graph-based  greedy

clustering  algorithm,  as  shown  in  Fig.  5.  The  primary
objective of image segmentation is to segment the image into
several  specific  regions  characterized  by  unique  properties,
and  then  extract  the  target  of  interest  from  these  areas.  The
delineation  of  boundaries  between  image  regions  constitutes
the  key  of  the  image  segmentation  algorithm.  The  algorithm
provides  the  judgment  standard  for  the  boundary  definition
between  image  regions  based  on  graph-based  representation.
The basic  idea is  to  merge regions by the judgment  standard
of  the  distance  difference  between  regions  and  the  distance
difference  within  regions  to  adaptively  adjust  the  threshold
according  to  the  local  features  of  image  data  and  use  the
greedy decision algorithm to segment images.

Ci(1 ⩽ i ⩽ r)

Int(C) Ci ⊆ V(1 ⩽ i ⩽ r)
Int(C)

The  judgment  criteria  for  the  definition  of  the  boundary
between image regions of the Felz clustering algorithm are the
interregion spacing.  The intraregion spacing is  the maximum
weight in the minimum spanning tree (MST) in the segmented
region ,  which corresponds the weight of an edge
with  the  largest  dissimilarity  in  the  corresponding  region,
expressed  as .  For  any ,  Formula  5  of

 is denoted as: 

Int(C) = max
e∈MS T (C,E)

ω(e) (5)

C
Int(C)

That  is,  for  a  given region   will  remain connected only
when the weight is at least  .

Di f (C1,C2) vi,v j ∈ V(1 ⩽ i, j ⩽ r,
i , j) Di f (C1,C2)

The  interregion  spacing  is  the  minimum  weight  value
among  the  pairs  of  points  belonging  to  two  regions  and
connected  by  edges  to  each  other,  that  is,  the  weight  of  the
edge  with  the  minimum  dissimilarity  between  two  regions,
denoted  by  ,  that  is,  for  any 

, Formula 6 of   is denoted as: 

Di f (C1,C2) = min
vi∈C1,v j∈C2,(vi,v j)∈E

ω(vi,v j) (6)

C1

C2 Di f (C1,C2) = +∞
When there is no connected edge between regions   and
,  .

D(C1,C2)

By comparing  the  differences  between  intra-area  spacing
and inter-area spacing, it is possible to evaluate whether there
is  a  boundary  between  different  areas.  The  boundary
judgment function is represented by , and defined as
Formula 7: 

D(C1,C2) =
{

True,Di f (C1,C2) > MInt(C1,C2)
False,Di f (C1,C2) ⩽ MInt(C1,C2)

(7)

MInt(C1,C2)where the minimum internal variance   formula is
defined as: 

MInt(C1,C2) =min(Int(C1)+τ(C1), Int(C2)+τ(C2)) (8)

τ

D(C1,C2) Int(C)

C

In Formula  8,    serves  as  a  threshold  function to  control
the extent  to  which the difference between two regions must
be  greater  than  the  intraregional  disparity  to  prove  the
existence  of  a  boundary  between  them,  that  is,  the  boundary
function    is  true.  For  small  regions,  does  not
reflect  the intraregional spacing well,  because in the extreme
case, when the region   contains only one vertex, that is, the
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Fig. 4.   Erosion diagram.
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Int(C) = 0region is an isolated pixel point,  , which will lead to
oversegmentation in the absence of restriction, so a threshold
function based on the region size is added, defined as Formula
9: 

τ(C) =
k
|C| (9)

|C|
k

k = 0

k = +∞

τ

where    denotes  the  count  of  pixel  points  it  encompasses
and   is a fixed parameter that sets the observation range and
is used to control the size of the formed region. When  ,
each pixel point in the graph is an independent region, while
when  ,  the  whole  graph will  become a  region,  so  the
image  can  be  partitioned  into  regions  of  a  specific  shape  by
adjusting  the  threshold  function  .  The  Felz  clustering
algorithm is as follows:

In terms of the time efficiency, the algorithm is basically
linear correlation with the quantity of edges corresponding to
the  graph  representation  of  the  image,  and  the  edges  of  the
graph  representation  are  proportional  to  the  pixel  points,
which means that the time efficiency of image segmentation is
linear  with  the  number  of  pixel  points  in  the  image,  and  the
actual operation is fast. Another advantage is that it can keep
the details of low-variation regions while ignoring the details
of  high-variation  regions,  which  is  conducive  for  finding
visually consistent regions and has a good segmentation effect
on images. 

3.2.3. Attention modules: SENet
SENet (Hu J et al., 2018) model structure consists of three

parts:  Squeeze,  excitation  and  reweight,  and  the  core  idea  is
that the network can learn the importance of feature channels
autonomously  according  to  the  loss,  and  increase  the  weight
of more effective feature information and decrease the weight
of  less  effective  feature  information  according  to  the
importance of feature channels, so that the model can achieve
better results. The structure of SENet is shown in Fig. 6.

Squeeze  operation.  A  feature  map  of  size  C  ×  W ×  H is

obtained by compressing and encoding the spatial information
on  each  channel  into  global  features  using  global  average
pooling  to  acquire  a  feature  map  of  size  1  ×  1  ×  C.  The
mapping relationship is shown in Formula 10: 

zc = Fsq(uc) =
1

HW

H∑
i=1

W∑
j=1

uc(i, j) (10)

C H W uc

Fsq i
j

where  ,  ,    are  feature  map dimension  dimensions,  is
the feature channel,   is the Squeeze operation definition,  ,
 are pixel location variables.
Excitation  operation.  The  global  features  obtained  from

the Squeeze operation are passed into the two fully connected
layers,  and  the  weights  of  the  different  feature  channels  and
channel correlations are represented by the parameter W. The
mapping relationship is shown in Formula 11: 

s = Fex(z,W) = σ[g(z,W)] = σ[W2δ(W1,z)] (11)

Fex z
W1 W2

δ σ

where    is  the  Excitation  operation  definition,    is  the
Squeeze  operation  output;    and    are  the  channel
weights,    is  the  activation  function,    is  the  normalization
function.

Reweight  operation.  The  weight  s  obtained  from  the
Excitation  operation  is  weighted  onto  the  original  input
features  to  acquire  the  output  and  used  as  input  for  the  next
level. The mapping relationship is shown in Formula 12: 

xc = Fscale(uc, s) = scuc (12)

Fscale scwhere    is  the definition of Reweight operation,    is  the
output matrix channel of Excitation operation. 

3.2.4. UNet network
UNet is a deep learning structure for image segmentation

tasks, consisting of a symmetric encoder and decoder, and the
network structure is shown in Fig. 7. The primary function of
the encoder lies in the extraction of feature information from
the input image and abstracting it for fine segmentation in the
decoder.  The encoder  part  has  four  down sampling modules,
each  of  which  consists  of  a  convolutional  layer,  a  ReLU
(Glorot  X  et  al.,  2011)  correction  linear  unit  and  a  pooling
layer. The convolution layer serves as the primary instrument
for  extracting  features  from  the  input  image,  and  the
convolution  kernel  applies  sliding  windows  to  different
regions of the image to extract the local feature matrix of the
image, defined as Formula 13: 

zi, j =
∑M−1

m=0

∑N−1

n=0
ωm,nx(i+m),( j+n)+b (13)

x ω

b M N
z

(i, j)

where   denotes  the  input  image,   denotes  the  convolution
kernel,   denotes the bias term,  ,   represent the size of the
convolution  kernel,    represents  the  output  feature  map,  and

  denotes  the  location  index  of  the  output  tensor.  The
correction unit ReLU is an activation function that performs a
nonlinear  mapping  of  the  features  extracted  from  the
convolutional  layer  to  make  the  special  features  easier  to
distinguish, and its calculation is shown in Formula 14: 

 

Algorithm 1: Felz clustering algorithm

G = (V,E) n mInput: a graph   with   vertices and   edges
V S = (C1, · · · ,Cr)Output: a segmentation of   into components 

1: //clustering phase:
o ∈ E2: for each edge   do

φ = (e1, · · · ,em)3:  ←sort by weight in descending order of dissimilarity of
each edge
4: end for

S 0← vi ∈ V(1 ⩽ i ⩽ r)5: 
vi v j←6:  , represents the vertices connected by the qth edge

q = 1 m7: for   to   do

Oq = (vi,v j) vi ∈Cq−1
i v j ∈Cq−1

j8:     

Cq−1
i ,Cq−1

j D(Oq) ⩽ MInt(Cq−1
i ,Cq−1

j )9: if   && 

S q← Cq−1
i Cq−1

j10:  merge   and 

S q = S q−111: else 
12: end for

S = S m13: return 
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y =max(0, x) (14)

xwhere   denotes the output  feature map of  the convolutional
layer. the ReLU function sets the input less than 0 to 0 and the
input  greater  than  or  equal  to  0  remains  unchanged.  this
nonlinear  transformation  contributes  to  augmenting  the
network’s  capability  for  nonlinear  expression,  solve  the
gradient  disappearance  problem  in  model  training,  and
accelerate  the  convergence  speed.  The  maximum  pooling
layer  compresses  the  size  of  the  feature  map’s  size  through
down-sampling, chunking the input feature map according to
the  specified  pooling  size  and  retaining  only  the  strongest
features  in  the  local  area,  which  can  effectively  reduce  the
dimensionality  and  size  of  the  feature  map,  reduce  the
computational  effort  and  prevent  overfitting,  as  shown  in
Formula 15: 

ci, j =
M−1

max
m=0

N−1
max

n=0
x(i+m),( j+n) (15)

x c
(i, j)

where    represents  the  input  feature  map,    represents  the
output  tensor,  and  represents  the  positional  index  within
the output tensor.

The decoder uses a skip connection to connect each layer
in  the  encoder  to  the  corresponding  layer  in  the  encoder  to
pass  the  multi-scale  feature  information  from  the  encoder  to
the  decoder,  and  then  restores  the  spatial  resolution  of  the

feature map to the original size through the upsampling layer
to output a segmentation result of the same size as the input.
The  network  structure  of  the  decoder  part  is  similar  to  the
symmetric structure of the encoder, which is also divided into
four  layers,  and  each  upsampling  module  is  composed  of  a
convolutional  layer,  a  ReLU-corrected  linear  unit  and  a
transposed convolution.  The transposed convolution recovers
the position information of the image through the upsampled
feature map, while combining it  with the corresponding low-
level  features  of  the  encoder,  aiming  to  leverage  multi-scale
feature  information and enhance segmentation accuracy.  The
calculation method is shown in Formula 16: 

µ(x,y) =
∑k−1

i=0

∑l−1

j=0
υ(x+ i,y+ j) ·ω(i, j)+ p (16)

ω υ

p k l

x y

where    is  the  transposed  convolution  kernel,   denotes  the
input feature map,   represents the bias term,  ,    represents
the size of the transposed convolution kernel in the horizontal
and vertical directions, and  ,   represents the position index
of the output feature map.

Skip  connection  is  the  key  to  the  structure  of  UNet
network. The skip connection splices the feature maps in the
encoder  with  those  in  the  corresponding  decoder  by  channel
to  build  a  richer  feature  representation,  and  then  downscales
them  by  convolution  operation  to  obtain  a  more  compact
feature representation as the input to the decoder. The mutual
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Fig. 6.   Felz clustering algorithm diagram.
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Fig. 7.   UNet network structure.
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amalgamation of low-level and high-level features allows the
model  to  access  rich  multi-scale  information,  thus  restoring
the feature information of the original image more accurately. 

3.2.5. SE-UNet  model  for  color  geological  image
segmentation

The  overall  structure  of  the  SE-UNet  model  proposed  in
this paper is shown in Fig. 8. The model is composed of a U-
shaped  convolutional  network  and  an  attention  mechanism
module  SENet.  The  U-shaped  convolutional  network  is
primarily  employed  for  feature  extraction,  and  it  contains  an
encoder  and  a  decoder.  The  encoder  comprises  two modules
consisting of 3×3 convolutions repeatedly, each convolutional
layer  is  followed  by  a  batch  normalization  and  ReLU
operation.  Each  module  is  followed  by  a  2×2  max-pooling
layer for downsampling, where the size of the feature map is
doubled  for  each  downsampling  and the  number  of  channels
is  doubled.  The  decoder  follows  each  3×3  convolution
module  with  a  2×2  deconvolution  layer  for  upsampling,
doubling  the  size  of  each  upsampled  feature  map  and
doubling  the  number  of  channels.  The  decoder  of  U-shaped
convolutional  network  is  structured  upon  the  architecture  of
VGGNet.  In  comparison  to  the  original  UNet  network,  the
SE-UNet,  as  proposed,  removes  the  last  downsampling layer
and the upsampling layer, because the multiple downsampling
is easy to the gradient disappearance will occur if there are too
many convolutional layers.

The attention mechanism module SENet is mainly used to
process  the  attention  mechanism for  the  features  of  the  high
and  low  spatial  network  layers.  Since  the  semantic
information  extracted  from  different  layers  of  the  U-shaped
convolutional  network  varies  greatly,  the  feature  maps
obtained by fusion of jump connections are not conducive to
the learning of  the  network.  Consequently,  the  integration of
the attention module to the skip connection can highlight the
salient  features  through  the  jump  connection,  allowing  the
network  to  learn  the  task-relevant  feature  information  and
disregard  the  interference  of  irrelevant  feature  information.
The attention mechanism enables the network to acquire more

useful information, heightens the sensitivity of the network to
the target, and obtain better segmentation accuracy. 

4. Experimental results and analysis
 

4.1. Experimental parameter settings

To evaluate the proposed algorithm objectively and fairly,
all experiments were conducted under the same experimental
environment. The experiments were performed on a Windows
operating  system  with  an  NVIDIA  GTX  3060  GPU  and
CUDA  version  12.0.134.  PyTorch  deep  learning  framework
was used, and the programming language was Python.

The  input  size  of  the  network  images  was  set  to  512  ×
512.  The  optimizer  was  chosen  as  Stochastic  Gradient
Descent (SGD) (Tian Z et al., 2016), with 64 epochs of model
iterations,  a  batch  size  of  1,  an  initial  learning  rate  of  0.05,
and  momentum  set  to  0.9,  which  effectively  reduced
oscillation  caused  by  gradient  descent  direction  changes.
Cross-entropy (Chockler H et al.,  2007) was used as the loss
function. 

4.2. Evaluation metrics

The predicted images and ground-truth images were used
to calculate the confusion matrix, which is also known as the
error matrix and is a standard format for accuracy evaluation.
The  confusion  matrix  is  represented  in  a  matrix  form with n
rows and n columns.

When  verifying  the  effectiveness  of  image  segmentation
results, existing studies often used the pixel count of the target
region  to  evaluate  the  segmentation  effect  (Sezgin  M  and
Sankur B, 2004). In this experiment, the confusion matrix was
used to reflect the segmentation of each area in the geological
image  by  the  algorithm;  to  better  reflect  the  performance  of
the  algorithm  and  compare  the  geological  images  based  on
different  models  or  clustering  algorithms  more
comprehensively  and  intuitively,  PA,  MIoU,  frequency-
weighted  intersection  over  union  (FWIoU)  and  Dice
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Fig. 8.   SE-UNet network structure.
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coefficient  were  used  to  evaluate  the  performance  difference
of  the  color  segmentation  algorithm,  where  PA  signifies  the
ratio of pixel correctly identified to the total pixels, the larger
the PA, the better the recognition effect of various geological
elements  in  the  image.  MIoU  is  the  standard  metric  of
semantic  segmentation,  which  computes  the  ratio  of  the
intersection  of  the  predicted  results  of  the  categories  and the
true  value  of  the  segmentation  algorithm  to  the  merged  set
and then to the total number of its categories. A higher MIoU
value  indicates  a  higher  degree  of  overlap  between  the
predicted  and  ground-truth  segmentation  maps.  When  the
MIoU  is  greater  than  0.5,  the  segmentation  model  is
considered  to  have  good  recognition  ability.  FWIoU  is  the
lifting  formula  of  the  MIoU,  which  can  be  calculated  by
setting  the  corresponding  weight  according  to  the  frequency
of each category; the Dice coefficient is used to calculate the
similarity of two samples and takes the value of [0,1], and can
be  used  to  calculate  the  similarity  between  the  ground-truth
and segmentation maps, the closer the Dice value is to 0, the
less similar the two contour areas are, and the closer it is to 1,
the  more  similar  the  two  contour  areas  are.  The  calculation
formula  for  the  four  evaluation  indicators  is  as  follows
(Formula 17‒20): 

PA =
T P+T N

T P+T N +FP+FN
(17)

 

MIoU =
1

k+1
· T P
T P+FP+FN

(18)
 

FWIoU =
1∑k

i=0

∑k
j=0 pi j

k∑
i=0

pii∑k
j=0 pi j+

∑k
j=0 p ji− pii

(19)

 

Dice =
2T P

2T P+FP+FN
(20)

k+1
i j

pi j i
j T P

FP
FN

T N
T P T N

FP FN

pii

T P pi j FN p ji

FP p j j T N

In  the  above  formula,  it  is  assumed  that  there  are 
classes,    denotes  the  true  value,    denotes  the  predicted
value, and   denotes the number of pixels that predict class 
as class  .   denotes positive samples whose model predicts
the positive class;   denotes negative samples whose model
predicts  the  positive  class;    denotes  positive  samples
whose model predicts the negative class;   denotes negative
samples  whose  model  predicts  negative  class.    and 
denote  the  total  number  of  pixels  that  correctly  segment  the
geological  image  area  of  the  corresponding  category,  while

  and    denote  the  total  number  of  pixels  that  do  not
correctly  segment  the  geological  image  area  of  the
corresponding  category.  Therefore,  indicates  that  the
number  of  pixels  in  the  correctly  segmented  category  of  the
model  is  equivalent  to  ,    is  equivalent  to  ,    is
equivalent to  , and   is equivalent to  . 

4.3. Experimental results
 

4.3.1. Experimental analysis of closed operations for different
kernel sizes

In  unsupervised  segmentation  of  color  geological  maps,

due  to  the  complex  structure  of  geological  maps  and  the
inhomogeneity  of  color  distribution,  direct  segmentation  is
prone  to  incorrect  segmentation,  so  this  study  introduces  the
closed  operation  in  mathematical  morphology  in  the
preprocessing  stage  of  geological  maps,  that  is,  the  maps  is
first subjected to the expansion operation and then the erosion
operation.  Geomorphology is  used as  a  tool  to  extract  useful
image components from the image that express and depict the
shape  of  the  region,  such  as  boundaries,  skeletons,  etc.
(Gonzalez RC and Woods RE, 2002). In layman’s terms, the
expansion  and  erosion  operations  are  to  convolve  the  image
with  the  corresponding  kernel.  By  using  the  erosion  and
expansion  operations  in  mathematical  morphology,  the  fine
noise in the image can be removed, while the connectivity of
the  region  can  be  preserved,  so  that  the  structural  and  edge
information of the image can be better preserved, providing a
more accurate information basis for subsequent unsupervised
segmentation.  In  addition,  the  processing  process  is  simple
and the computational effort is small, which is feasible for the
image segmentation task in practical applications and assumes
a  pivotal  role  in  enhancing  the  segmentation  accuracy  and
preserving the image structure information.

In  order  to  verify  the  effect  of  the  closed  operation  with
different  convolutional  kernel  sizes  on  the  segmentation
performance,  the  geological  image  segmentation  was
performed  using  convolutional  kernel  sizes  of  2,  3,  4  and  5,
respectively,  and  the  experimental  results  were  compared  as
shown  in  Table  1.  Segmentation  performance  for  closed
operation  with  different  sizes  of  convolutional  kernels.  The
experimental  results  show  that  the  best  segmentation  results
were  obtained  with  the  convolutional  kernel  size  of  5,  with
PA  values  up  to  91.89%,  MIoU  values  up  to  71.91%,  and
Dice  values  up  to  77.91%.  Compared  with  other  sizes  of
convolutional  kernels,  the  PA  improved  by  0.63%–4.1%,
MIoU  improved  by  0.39%–14.92%,  and  Dice  values
improved  by  0.04%–14.71%.  The  segmentation  performance
is  worst  for  convolutional  kernel  size  of  2.  The visualization
results of the closed operation with a convolution kernel size
of  5  are  shown  in  Fig.  9.  It  is  obvious  that  the  closed
operation  with  a  convolution  kernel  size  of  5  can effectively
remove  the  characters  and  other  factors  affecting  the
geological image segmentation, and better maintain the shape
and  boundary  of  the  geological  entities,  while  too  small
convolution kernels cannot completely cover the target area of
the  geological  image,  which  leads  to  the  degradation  of  the
segmentation  performance.  The  segmentation  gap  is  not
obvious  when the  convolutional  kernel  size  is  3,  4,  5,  which
means that the constructed geological image dataset does not
 

Table  1.    Segmentation  performance  for  closed  operation  with
different sizes of convolutional kernels.
Kernel size PA MIoU FWIoU Dice
(2, 2) 0.8779 0.5699 0.7971 0.6320
(3, 3) 0.9174 0.7152 0.8522 0.7787
(4, 4) 0.9126 0.7111 0.8450 0.7751
(5, 5) 0.9189 0.7191 0.8563 0.7791
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have a  significant  impact  on  the  segmentation  results  for  the
closed  operation  with  the  convolutional  kernel  size  between
3–5. 

4.3.2. Experimental analysis of different clustering algorithms
The  unsupervised  geological  image  segmentation

algorithm  proposed  in  this  study  obtains  the  superpixel
segmentation  map  by  Felz  clustering  algorithm,  then  uses
different segmentation models to obtain the feature map of the
geological  image,  and  then  refines  and  corrects  the  feature
map  by  the  superpixel  segmentation  map  to  finally  arrive  at
the segmentation map. The Felz clustering algorithm uses the
edge weight of the difference between the gray value of each
pixel and the gray value of the neighboring pixels to combine
into connected regions by the similarity between pixels of the
geological image is grouped to form different regions, so the
performance  of  the  clustering  algorithm  directly  affects  the
quality of the segmentation results.

To  evaluate  the  presegmentation  effect  of  the  Felz
clustering algorithm more comprehensively on the geological
maps,  this  study  also  adds  Slic  (Achanta  R  et  al.,  2012)  and
K-means  (Likas  A  et  al.,  2003)  clustering  algorithms  for
comparison. Compared with the Slic clustering algorithm, the
Felz clustering algorithm can better capture the boundaries of
regional  elements  for  geological  images,  which  are  rich  in
texture  and  have  different  target  sizes,  because  the
segmentation boundaries are calculated based on the degree of
difference  between  pixels  in  the  region;  the  K-means

clustering  algorithm  is  a  prototype-based  objective  function
clustering  method,  and  it  is  also  a  basic  cluster  partitioning
method  (Recky  M  and  Leberl  F,  2010; Hu  JL  et  al.,  2010).
Compared  with  the  Felz  clustering  algorithm,  the  K-means
clustering  algorithm relies  heavily  on  the  number  of  clusters
K. In geological images, the number and density of features in
different regions are different,  and it  is  difficult  to determine
the appropriate number of  clusters,  so for  geological  images,
which  have  different  numbers  of  image  features,  it  requires
several  attempts  to  determine  the  number  of  cluster  centers,
and  the  K-Means  clustering  algorithm  is  vulnerable  to  noise
and  outliers  Therefore,  this  study  mainly  compare  Felz
clustering  algorithm  and  Slic  clustering  algorithm,  and  the
images  processed  by  Felz  clustering  algorithm  and  Slic
clustering  algorithm  are  shown  in  Fig.  10.  The  parameter
settings  of  Felz  clustering  algorithm  and  Slic  clustering
algorithm are shown in Table 2 and Table 3.

In  this  study,  two  clustering  algorithms,  Slic  and  Felz,
were  used  to  compare  the  unsupervised  segmentation
experiments  of  geological  images.  To  test  the  performance
impact of different clustering algorithms on the unsupervised
geological  image  segmentation,  the  Slic  clustering  algorithm
and  Felz  clustering  algorithm  were  used  in  this  paper  for  a
comparative study, and the experimental results are shown in
Table  4.  The  experimental  results  show  that  the  Felz
clustering  algorithm  outperforms  the  Slic  algorithm  in  the
segmentation  task  of  geological  images.  Compared  with  the
Slic  algorithm,  the  segmentation  performance  of  the  Felz

 

Original image Dilation image Closed operation image

Dilate

Dilate

Dilate

Dilate

Erode

Erode

Erode

Erode

 
Fig. 9.   Schematic diagram of mathematical morphology preprocessing. By performing a closed operation on the image using a kernel size of
5 × 5.
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clustering  algorithm  is  significantly  improved,  for  example,
the  PA  value  is  increased  by  3.04%,  the  MIoU  value  is
increased by 7.45%, the FWIoU value is increased by 5.62%,
and the Dice value is  increased by 6.81%. In order to reflect
the  clustering  effect  of  Felz  clustering  algorithm  more
visually and Slic clustering algorithm, the visualization results
are given in Fig. 10, from which Felz clustering algorithm is
more accurate in segmenting the edge stripes and edges of the
image,  and  finer  in  segmenting  the  characters  and  small
regional elements in the image. This is because it can perform
adaptive segmentation based on the color and spatial distance
between  pixels,  thus  accurately  capturing  the  shape  and
boundaries  of  geological  entities.  In  contrast,  the  Slic
algorithm is rougher in the processing of small regions as well
as  boundaries,  resulting  in  less  refined  segmentation  of
geological  entities,  and  the  Felz  algorithm  has  better
computational  efficiency.  Since  geological  images  usually
have  high  resolution  and  complex  texture  features,  the
computational effort is larger. In contrast, Felz algorithm uses
a graph-based segmentation strategy, which can complete the
segmentation  task  in  a  shorter  time  and  improve  the
processing efficiency. In summary, this study found that Felz
algorithm  performs  better  than  Slic  algorithm  in  the
unsupervised  segmentation  task  of  geological  images.  It  can
accurately  capture  the  shape  and  boundary  of  geological
entities  with  better  robustness  and  computational  efficiency,
and is suitable for processing geological images with varying
number of features.
 

4.3.3. Experimental analysis of different models
To  assess  the  efficacy  of  the  proposed  method  in  this

study,  comparison  experiments  were  conducted  between  the
method  in  this  paper  and  FCN,  SegNet,  CNN  and  UNet
segmentation  algorithms  on  the  color  geological  image
dataset,  and  PA,  MIoU,  FWIoU  and  Dice  coefficients  were
used  as  evaluation  indexes,  and  the  quantitative  evaluation
results of each image segmentation model are shown in Table 5.
The segmentation visualization results are shown in Fig. 11.

As depicted in Fig. 11, compared with other segmentation
networks  such  as  UNet  and  SegNet,  the  SENet-optimized
UNet network is better than other networks in terms of detail
processing  of  region  edges  and  the  accuracy  of  recognizing
the  location  of  regions  with  similar  colors,  reflecting  the
advantages of SE-UNet in edge details and combining multi-
scale  information.  From the  first  geological  image,  SE-UNet
is  slightly  better  than other  networks in  recognizing multiple
regions  and  region  boundary  accuracy  in  the  processing  of
multiple geological regions, as well as in recognizing regions
with similar colors accurately compared with other networks.
In  the  geological  map  with  rich  colors  and  many  similar
colors,  SE-UNet  can  recognize  the  similar  color  areas  with
more  accurate  edge  details  than  other  networks,  while  other
networks  can  recognize  different  areas  as  the  same  area  and
miss  the  recognition.  In  general,  the  SENet-optimized
network  can  improve  the  segmentation  ability  of  color
geological  image  elements  more  obviously  and  the  overall
recognition is more accurate. It is conducive to the automatic
recognition  of  color  geological  images,  and  achieves  the
effect  of  real-time  intelligent  and  fast  recognition.  It  can
effectively  provide  a  reasonable  solution  for  researchers  to
analyze  regional  mineral  distribution  and  predict  disaster
information.
 

Table 2.   Felz clustering algorithm parameter setting.
Clustering algorithm Scale Sigma Min_size Others
Felz 40 0.4 60 Default

 

Original image Felz_image Slic_image
 

Fig. 10.   Clustering algorithm processing schematic.

 

Table 3.   Slic clustering algorithm parameter setting.
Clustering algorithm Compactness N_segments Max_iter Others
Slic 10 1000 10 Default

 

Table  4.    Segmentation  performance  for  different  clustering
algorithms.
Clustering algorithm PA MIoU FWIoU Dice
Felz 0.9189 0.7191 0.8563 0.7791
Slic 0.8885 0.6446 0.8001 0.7110

 

Table 5.   Evaluation of segmentation performance for different
models.
Model PA MIoU FWIoU Dice Inference Time
SegNet 0.7777 0.5317 0.6426 0.5871 8.70s
CNN 0.8908 0.6162 0.8077 0.6641 8.14s
FCN-8s 0.7836 0.4896 0.6571 0.5535 11.66s
UNet 0.9035 0.6479 0.8355 0.7066 15.62s
SE-UNet 0.9189 0.7191 0.8563 0.7791 14.72s
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To  test  the  effects  of  diverse  models  on  the  efficacy  of
unsupervised geological image segmentation, this paper tested
several commonly used segmentation models in the domain of
image segmentation, including UNet, SegNet, FCN, etc., and
evaluated  their  performance  in  terms  of  segmentation
performance, and the experimental results are shown in Table 5.
The  experimental  results  show  that  SE-UNet  has  the  best
performance  in  the  unsupervised  geological  image
segmentation  task,  and  compared  with  the  original  UNet
network,  the  PA  value  increases  from  90.35%  to  91.89%,
MIoU value increases from 64.79% to 71.91%, FWIoU value
increases  from  83.55% to  85.63%,  and  Dice  value  increases
from 70.66% to  77.91%.  And  all  of  them are  also  improved
compared to SegNet, FCN and CNN networks. Although the
inference  time  of  SE-UNet  is  slightly  longer  compared  to
some models,  its  performance advantage can compensate  for
the difference in inference time. Moreover, the inference time
of  SE-UNet  remains within an acceptable  range and will  not
have  a  significant  impact  on  practical  applications.
Additionally,  to  some  extent,  it  is  constrained  by  the
computational  power  of  the  experimental  equipment,  and
subsequent  testing  can  be  conducted  using  devices  with
higher  computational  capabilities.  In  summary,  the  SE-UNet
network  proposed  in  this  study  is  more  suitable  for  the
segmentation task of geological images. 

4.3.4. Experimental analysis of different optimizers
In the domain of image segmentation, the commonly used

optimizers include SGD (Song S et al., 2013), Adam (Kingma

DP and Ba J, 2014), and RMSprop (Tieleman T, 2012). SGD
optimizer  is  able  to  achieve  a  global  optimal  solution
compared  to  the  Adam  optimizer,  and  its  optimal  accuracy
during  training  is  also  higher  than  that  of  other  optimization
algorithms,  as  it  can  use  the  limited  information  more
effectively  in  the  case  of  more  redundant  information.  Its
simple  structure  and  faster  calculation  speed  can  effectively
save  time;  while  Adam  tends  to  oscillate  at  the  local
minimum, which may cause a sudden increase in the learning
rate  in  some  datasets,  thus  resulting  in  a  nonconvergence
situation.

In this study, the performance impact of SGD, Adam, and
AdamW  optimizers  on  unsupervised  geological  image
segmentation  was  compared  through  experiments,  and  the
quality  of  segmentation  results  was  evaluated  through
indicators  such as  PA,  MIoU,  FWIoU,  and Dice  values.  The
experimental  results  are  shown  in  Table  6.  The  SGD
optimizer  showed  the  best  test  results  with  the  following
metrics:  91.89%  for  PA,  71.91%  for  MIoU,  85.63%  for
FWIoU,  and  77.91%  for  Dice  value.  The  PA  values  of  all
three optimizers are above 85%, and most of the pixels in the
geological  images  are  better  classified,  but  the  optimizers  of
SGD improve  10.82% and 8.87% in  MIoU values  compared
with  Adam  and  AdamW,  respectively,  indicating  that  the
learning  rate  adjustment  and  parameter  update  strategies  of
Adam  and  AdamW in  the  optimization  process  do  not  fully
match  the  characteristics  of  geological  image  segmentation
match,  which  leads  to  a  certain  degree  of  performance
degradation. 

 

Original image SE-UNet UNet SegNet CNN FCN-8s
 

Fig. 11.   Effect comparison of different models on color geological image segmentation.
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4.3.5. Ablation experiment
To  further  confirm  that  each  module  added  in  this  paper

really  plays  a  role  in  improving  the  segmentation  accuracy,
ablation  experiment  is  carried  out  on  the  constructed  color
geological  image  data  set.  Ablation  experiment  refers  to  the
comparison  of  the  segmentation  performance  of  geological
images  after  different  modules  are  added  based  on  the  basic
network  used  in  this  paper.  The  experimental  results  are
shown in Table 7. In order to facilitate statistics, C and S are
used to represent the removed convolutional layer and SENet.
In  addition,  “T”  represents  the  modules  left  in  the  UNet
network, and “F” represents the modules eliminated.

Table  7  shows  that  based  on  the  original  UNet  network,
adding  the  SENet  attention  mechanism  alone,  PA,  MIoU,
FWIoU, and Dice are improved by 1.28%, 4.79%, 1.30%, and
4.81%, respectively,  and from the  above data,  it  can be  seen
that  the  UNet  with  SENet  attention  module  shows  a  certain
improvement  compared to  the original  UNet,  because SENet
can  effectively  capture  important  features  such  as  edges  and
element  details  in  the  geological  images,  and  add  more
attention  to  the  key  regions  that  help  the  segmentation  task,
which makes the network have stronger perceptual ability and
self-adaptability, and can better adapt to the characteristics of
different geological images, thus improving the quality of the
segmentation  results.  The  UNet  with  the  convolutional  layer
removed alone has a slightly better performance compared to
the original. This indicates that reducing the number of down-
sampling  and  up-sampling  layers  can  reduce  the  information
loss and blurring to a  certain extent  in  the task of  geological
image segmentation, but the magnitude of this improvement is
relatively small;  fusing the above two modules to obtain SE-
UNet, its PA value is 91.89%, MIoU value is 71.91%, FWIoU
value is  85.63% and Dice value of  77.91%, which are  better
than the first three models in terms of performance, so it can
be  seen  that  incorporating  the  two  modules  into  the  UNet
network  gives  the  best  results,  and  the  addition  of  each
module  has  a  certain  improvement  on  geological  image
segmentation. 

5. Discussion

Geological images typically encompass a diverse array of
geological  entities,  such  as  rocks,  minerals,  and  sediments,
each characterized by distinct features like color, shape, size,
and  texture.  Given  the  irregularity  in  the  number  and  spatial
distribution  of  these  entities,  achieving  comprehensive
coverage  of  all  possible  entities  within  geological  images,
including those not present in training data, poses a significant
challenge  in  supervised  image  segmentation  methods.  To
address  this  issue,  this  study  introduces  an  enhanced
unsupervised  segmentation  approach  that  combines  the  SE-
UNet network with the Felz clustering algorithm specifically
tailored  for  color  geological  images.  The  research  evaluates
and  compares  five  deep  learning  methods,  conducting
ablation experiments to validate the efficacy of the enhanced
components  and  assess  their  impact  on  segmentation
performance.  Evaluation  metrics  including  PA,  MIoU,
FWIoU, and Dice are employed to confirm the accuracy and
reliability  of  the  models,  showcasing  their  adaptability  in
handling  scenarios  involving  color  planar  geological  images.
The  proposed  method  leverages  the  intrinsic  color  feature
information  of  geological  images  for  clustering,  enabling
superpixel  segmentation  without  external  label  data
dependency.  By  effectively  capturing  key  geological  image
features,  the  method  achieves  precise  geological  element
segmentation,  particularly  suited  for  intricate  and  dynamic
geological  settings.  The  application  of  the  model  to  the
geological  map of  the  Guangdong coastal  zone demonstrates
its  proficiency,  with  the  SE-UNet  model  successfully
extracting  13  out  of  15  geological  elements,  outperforming
the  UNet  and  SegNet  models  extracting  12  and  8  geological
elements,  respectively.  Despite  this  success,  two  limitations
warrant  consideration  concerning  the  proposed  unsupervised
color geological image semantic segmentation method and the
associated experimental procedures.

The  proposed  segmentation  approach  encounters
challenges  in  fully  accommodating  various  color  geological
images  within  the  geological  domain.  Instances  arise  where
regions  with  analogous  colors  in  geological  images  result  in
mis-segmentation  issues.  This  dilemma  stems  from  the
reliance on pixel feature similarity and the associated adaptive
threshold  τ  in  the  Felz  clustering  algorithm  for  region
determination. Notably, the adaptive threshold’s sensitivity to
the  parameter  k,  which  regulates  segmentation  fineness  as  a
relative  scale,  plays  a  crucial  role  in  this  context.  The
selection of  an appropriate k value necessitates  consideration
of factors such as image resolution, segmentation granularity,
and computational capacity, as adjusting k  impacts the trade-
off between detail richness and refinement level in superpixel
generation.  Furthermore,  the  method  exhibits  limitations  in
accurately  segmenting  diminutive  targets  within  images  due
to  their  limited  discernible  features.  The  inherent  challenge
lies  in  the  neural  network’s  ability  to  effectively  extract  and
represent  intricate  details  of  small  targets,  compounded  by
potential visibility issues hindering feature capture. Although

 

Table 6.   Evaluation of segmentation performance for different
optimizers.
Optimizer PA MIoU FWIoU Dice
Adam 0.8896 0.6109 0.8069 0.6612
AdamW 0.8870 0.6304 0.8181 0.6928
SGD 0.9189 0.7191 0.8563 0.7791

 

Table 7.   Ablation study of individual modules on overall model
performance.
Model UNet S C SE-UNet
C F F T T
S F T F T
PA 0.9035 0.9163 0.9041 0.9189
MIoU 0.6479 0.6958 0.6641 0.7191
FWIoU 0.8355 0.8485 0.8396 0.8563
Dice 0.7066 0.7547 0.7263 0.7791
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efforts were made in this study to fine-tune the network depth
to  mitigate  detail  loss  and  demonstrate  efficacy  through
ablation  experiments,  opportunities  for  enhancement  persist.
Enhancing the network’s feature extraction capability through
further  refinements  stands  as  a  viable  avenue  for
improvement.  Moreover,  the  parameter  min  in  the  clustering
algorithm  governs  the  minimum  size  of  segmented
superpixels, dictating the minimum pixel count per superpixel
and guiding the merging of excessively small superpixels into
neighboring  entities.  Tailoring  the  min  parameter  to  specific
image attributes and application contexts is crucial for optimal
performance. Typically, a min value ranging between 10–100
is deemed reasonable for effective segmentation outcomes. In
essence,  while  the  method  does  not  strive  for  perfection  in
color  geological  image  segmentation,  acknowledging  the
impossibility  of  a  universal  solution,  it  aims  for  practical
effectiveness.  Experimental  validations  underscore  the
method’s  utility,  emphasizing  its  pragmatic  approach  to
addressing  segmentation  challenges  within  the  geological
domain.

While  the  unsupervised  color  geological  image
segmentation model introduced in this study has demonstrated
a certain level of success in the conducted experiments, there
exist  prospective  limitations  and  avenues  for  refinement.  To
enhance  the  model’s  performance  and  broaden  its
applicability, the authors outline three key research directions
for  future exploration.  (1)  The authors  propose incorporating
additional  feature  information,  such  as  texture,  gradient,  and
structural details, into the clustering algorithm to refine region
differentiation based on color similarities but distinct features.
This  augmentation  aims  to  mitigate  missegmentation  errors,
thereby  augmenting  the  accuracy  and  robustness  of  the
segmentation methodology. (2) The focus is on optimizing the
encoding-decoding  module  of  the  neural  network  by
integrating more advanced attention mechanisms,  multi-scale
feature fusion strategies, and leveraging pre-trained backbone
networks.  These  enhancements  are  intended  to  bolster  the
model’s  feature  extraction  capabilities,  particularly  in
detecting  and  segmenting  small  targets  within  images
effectively.  (3)  To  bolster  the  model’s  adaptability,  future
investigations may entail incorporating a broader spectrum of
geological  image  data  encompassing  diverse  geological
settings  and  conditions.  This  diversified  dataset  approach
seeks to facilitate enhanced learning and generalization within
the  model,  fostering  improved  performance  across  varied
scenarios.  Future  endeavors  are  poised  to  refine  the
unsupervised color geological image segmentation method by
iteratively  refining  the  algorithm,  enhancing  network
architectures,  and  fortifying  model  adaptability.  These
enhancements  aim  to  elevate  the  precision  of  information
extraction  from  geological  images,  furnishing  a  dependable
and  efficacious  tool  for  geological  image  analysis  and
interpretation. 

6. Conclusions

This  paper  proposes  an  unsupervised  geological  image

segmentation model combining Felz clustering algorithm and
improved  SE-UNet  network,  which  is  based  on  the  UNet
network with encoder-decoder structure, and incorporates the
channel  attention  mechanism  SENet,  focusing  on  the  key
features of the image to enhance the feature expression ability
of  the  network,  and  using  Felz  clustering  algorithm to  guide
the neural network to segment the image.

(i)  The  algorithm  proposed  in  this  paper,  compared  with
other  mainstream  segmentation  models,  improves  the
performance  on  PA,  MIoU,  FWIoU,  and  Dice  on  the
constructed colour geological image dataset, and the PA is up
to  91.89%,  and  MIoU  is  71.91%,  which  verifies  the
effectiveness of the model.

(ii)  The image semantic  segmentation model  proposed in
this  paper  is  an  unsupervised  segmentation  scheme  without
training data, and its training process is the inference process,
and  the  segmentation  results  can  be  obtained  when  training
the  image,  which  means  that  the  model  can  be  used  without
labelled  data,  and  effectively  solves  the  problem  of  the
elements in the coloured geologic image not being able to be
effectively labelled (due to the variable nature of the elements
in  the  geologic  maps)  and  the  inability  to  perform
segmentation in a supervised manner.

(iii) The model can help geologists quickly and accurately
extract  the  geological  elements  in  the  image,  help  geologists
identify and understand the geological  elements,  and provide
reliable  technical  support  for  geological  image  analysis  and
interpretation. Moreover, geological exploration and resource
evaluation  often  need  to  describe  and  analyze  the  spatial
distribution  and  characteristics  of  geological  elements  to
guide  mineral  exploration  and  resource  development,  so  the
model can provide support for the above research. 
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