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Abstract

Urban growth modeling is essential for effective urban planning, yet conventional
techniques often lack spatial precision and rely heavily on manual image processing.
This study proposes a semi-automated methodology using Spatial Markov Chains
(SMC) to enhance urban growth projection by incorporating a novel image pre-
processing technique. This approach combines automated image treatment

with SMC modeling to estimate not only the probability of urban expansion but
also its spatial placement, addressing a critical gap in urban growth forecasting
methods. Using Landsat 7 and 8 satellite imagery, six Mexican cities—Acapulco,
Puebla, Querétaro, Tampico, Tijuana, and Toluca-were selected as case studies. Data
from 2003 were used to project urban expansion for 2017 and 2031, with four
performance metrics-Kappa index, Jaccard index, Shannon’s entropy, and fractal
dimension-applied to evaluate model accuracy. Results indicate that this approach
produces reliable projections with a spatial accuracy exceeding 85%, as validated

by metrics such as the Kappa index (0.75-0.81) and the Jaccard index (0.68-0.92).
These results highlight the method's capability to outperform traditional models in
terms of precision and spatial detail, making it a robust tool for urban planning. The
findings demonstrate the potential of semi-automated SMC methods to improve the
precision of urban growth models, offering a valuable resource for policymakers and
urban planners seeking to manage sustainable development effectively.

Keywords GIS, Urban growth, Markov Chains, Goodness fit metrics

1 Introduction

Urbanization represents one of the most pressing global challenges of the 21 st century,
profoundly impacting sustainable development worldwide. As cities expand, they face
increasing pressures on infrastructure, environmental resources, and social equity [19].
Addressing these challenges aligns directly with the United Nations Sustainable Devel-
opment Goals (SDGs), particularly SDG 11, which aims to make cities inclusive, safe,
resilient, and sustainable, and SDG 13, which underscores the urgency of action to com-
bat climate change and its impacts [16]. Urban expansion modeling plays a pivotal role
in achieving these objectives by providing decision-makers with tools to guide urban
growth in a sustainable and climate-conscious direction.
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Traditional urban expansion models often rely on static Geographic Information Sys-
tems (GIS) and manual image processing, which are limited in their adaptability and
spatial precision. These methods struggle to capture the complex dynamics and spatial
dependencies inherent in urban growth, constraining their effectiveness for data-driven
urban planning [14]. As urbanization continues to intensify, particularly in rapidly devel-
oping regions, addressing these methodological limitations is critical for improving the
predictive accuracy and practical utility of urban growth models.

In response, this study introduces a semi-automated methodology based on Spa-
tial Markov Chains (SMC). This approach integrates automated image processing with
probabilistic spatial diffusion rules, dynamically accounting for temporal and spatial fac-
tors such as land use, vegetation cover, and urban density. The method not only predicts
the likelihood of urban expansion but also provides granular insights into its spatial dis-
tribution, addressing critical gaps in traditional modeling techniques.

Urbanization is increasingly reshaping global landscapes, necessitating predictive
tools that are not only spatially accurate but also computationally scalable. This study
seeks to answer two central research questions: 1. How can spatial dynamics be effec-
tively integrated into Markov Chain-based urban growth models? 2. To what extent can
semi-automated Spatial Markov Chain (SMC) approaches overcome the limitations of
traditional urban growth models?.

Our approach enhances spatial modeling by integrating spatial neighborhood effects
into SMC, validated through moderate-resolution Landsat imagery. Unlike classical
Markov models, our method incorporates not only spatial heterogeneity but also tem-
poral projections across six Mexican cities, yielding insights into urban transitions over
three decades.

Recent advancements in semi-automated urban modeling methodologies highlight the
potential of use probabilistic models. These approaches offer significant improvements
over traditional methods by incorporating spatial heterogeneity, improving resolution,
and enabling dynamic predictions [4]. The SMC framework contributes to this growing
body of research by providing a robust, scalable solution that balances computational
efficiency with spatial precision [9].

This research addresses a critical methodological gap by offering a lightweight, trans-
parent, and replicable framework that does not depend on deep learning models or spe-
cialized socioeconomic data, making it particularly suitable for contexts with limited

resources.

2 Literature review

Urban expansion modeling has been widely studied, utilizing a variety of methodologi-
cal approaches. Markov chains and hybrid models such as CA-Markov have been fun-
damental in predicting land use changes, providing acceptable predictions in terms of
accuracy [24, 28].

2.1 Evolution and applications of urban change models

Hybrid models like CA-Markov have demonstrated their ability to integrate spatiotem-
poral data and project future urbanization patterns. For instance, [28] used data from
the Saddle Creek basin in Florida to predict land use change, showing an increase in
urban areas and a decrease in agricultural areas, validated by the Kappa Index. Similarly,
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[24] applied a CA-Markov model to project urbanization in Anzali, Iran, highlighting
significant urban growth, although limitations in simulating certain land classes were
noted.

Moreover, advanced techniques such as Artificial Neural Networks (ANN) have
enabled the detection of complex urban change patterns, although they face challenges
in precise spatial prediction [13, 32]. For example, [13] compared the LTM and LCM
models in Madrid, concluding that ANN are useful for identifying patterns but do not
always precisely locate these patterns. Similarly, [32] integrated ANN with GIS to proj-
ect urban growth, achieving reasonable results in urban areas but limited success in agri-

cultural changes.

2.2 Recent advances in urban modeling (2020-2024)

Recent literature has seen significant advancements in urban growth modeling
approaches. The SLEUTH model (Slope, Land use, Exclusion, Urban extent, Transporta-
tion, and Hillshade) has been widely applied for its ability to simulate urban expansion
patterns using cellular automata principles [5]. However, SLEUTH requires extensive
calibration and multiple input layers, limiting its applicability in data-scarce regions.

Machine learning approaches, particularly deep learning models such as Convolu-
tional Neural Networks (CNNs) and Long Short-Term Memory (LSTM) networks, have
shown promising results in capturing complex urban dynamics [18, 33]. These models
can learn spatial patterns from historical data but require large training datasets and
substantial computational resources.

The MOLUSCE plugin in QGIS offers a user-friendly interface for land use change
modeling, integrating various algorithms including artificial neural networks and logistic
regression [29]. While accessible, its black-box nature may limit transparency in deci-
sion-making processes.

Recent applications of Markov chains in spatial modeling have evolved to incorporate
spatial dependencies and neighborhood effects. Studies by [12] and [17] demonstrate
how spatial Markov approaches can improve prediction accuracy by accounting for local
contextual factors.

The proposed framework builds upon these advances while addressing key limitations
in scalability, transparency, and computational requirements.

2.3 Research gaps
Despite advancements, several limitations exist in the current research. First, scalability
remains a challenge, as current models are often limited to specific geographic areas and
cannot be easily extended to larger scales or diverse contexts. Second, automation is still
an issue, as data integration and model calibration require manual intervention, making
real-time implementation challenging. Finally, while models provide acceptable predic-
tions, there are gaps in accuracy, particularly in simulating certain land types or specific
patterns, such as agricultural changes or non-urbanized areas.

Additionally, there is a notable gap in frameworks that balance computational effi-
ciency with methodological transparency, particularly for institutions with limited tech-

nical capacity or data availability.
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2.4 Connection to the proposed framework

The proposed research framework addresses these gaps through three key strategies.
First, it integrates automated and scalable methods that combine Markov modeling
techniques with advanced image processing to enhance accuracy across diverse geo-
graphic contexts. Second, it incorporates advanced spatiotemporal analyses that enable
semi-automated evaluation of land use changes. Third, it provides a visual and practical
approach to interpret and communicate results effectively to urban planners.

3 Materials and methods

This section introduces the methodology developed to implement Spatial Markov
Chains (SMC) as a novel framework for automating urban area projections. While
inspired by principles outlined in [14], this work presents significant advancements,
explicitly focusing on integrating spatial diffusion rules and semi-automated image pro-
cessing. These features allow the simultaneous incorporation of temporal and spatial
characteristics of urban growth, surpassing the limitations of classical Markov Chains,
which estimate transition probabilities solely between states without considering spatial
dynamics. In this study, the methodology is outlined in three main steps: 1. Raster Image
Processing, 2. Executing the SMC Model, and 3. Validation. This concise structure high-
lights the innovation and practical steps (see Fig. 1) of the proposed method, ensuring
clarity for the reader.

3.1 Data description

This study relies on Landsat 7 and 8 satellite imagery (Level 2A Surface Reflectance)
to model urban expansion across six major Mexican cities: Acapulco, Puebla, Queré-
taro, Tampico, Tijuana, and Toluca. These cities were selected for their dynamic urban
growth, diversity in morphological patterns, and availability of high-quality, cloud-free
satellite data. The imagery was acquired for two time periods, 2003 and 2017, enabling a
comparative analysis of urbanization patterns.

Download Satellite Data
(Landsat 7 for 2003, Landsat 8 for 2017)
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Fig. 1 Workflow of the semi-automated Spatial Markov Chain (SMC) urban expansion model
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Table 1 Possible combinations among Landsat 7 and 8 bands. Source: Elaboration based on [31]

Area of interest Landsat 7 and 8 combination
Farming 6,5,2
Vegetation analysis 6,54
Infrared color (vegetation) 54,3
Natural color 4,3y2
False Color (Urban spot) 7,6,4
Short Wave Infrared 7,5y4
Natural with atmospheric removal 7,53
Atmospheric penetration 7,6,5
Land/Water 56,4
Healthy vegetation 5,62

Table 2 Specifications of Landsat 7 and 8 imagery used in this study

Parameter Description
Satellite Landsat 7and 8
Sensors Operational land imager (OLI) and Thermal infrared sensor (TIRS)

Spatial resolution
- 30 meters for Bands 1-7 and 9
+ 15 meters for Band 8 (panchromatic)
- 100 meters for Bands 10 and 11 (thermal)

Bands used
- Bands 6, 5, 4: Vegetation analysis
- Bands 7, 6, 4: False color for urban detection
+Bands 10, 11: Thermal analysis

Temporal coverage 2003 and 2017

Image format Binary (urban: 1, non-urban: 0)

Source United States Geological Survey (USGS)

Landsat 8 imagery, used in this study, consists of eleven spectral bands produced by
two sensors: OLI and TIRS [2, 14]. Bands 1-7 and 9 have a 30-meter resolution, Band
8 (panchromatic) has a 15-meter resolution, and Bands 10 and 11 provide surface tem-
perature data at a 100-meter resolution [2, 15]. The spectral bands can be combined to
emphasize features of interest, such as vegetation, water, and urban areas, as shown in
Table 1.

Although Landsat 8 was primarily launched in 2013, our 2003 data utilized Landsat 7
ETM+ imagery, which has similar spectral bands. Pre-processing included radiometric
and geometric corrections to align spectral signatures between sensors. This correction
ensures comparability across temporal datasets.

Pre-processing steps included atmospheric correction using the DOS1 method, cloud
masking using the QA_PIXEL band, and radiometric normalization between Landsat 7
ETM+ and Landsat 8 OLI sensors to ensure data consistency across the study period.

Landsat 7 and 8 imagery provides a rich dataset for urban analysis due to its multi-
spectral capabilities and moderate spatial resolution. The main specifications of the
images are summarized in Table 2.

3.2 Raster image processing
In this research, binary images are processed through four main steps: enhancement,
highlighting, discrimination, and binarization:
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+ Enhancement: Noise from various sources, such as reflectance, radiance, and
cloudiness, is removed. This preprocessing ensures the accuracy of the subsequent
analyses.

« Highlighting: Specific spectral bands are combined using mathematical operations to
highlight features relevant to urban analysis.

+ Discrimination: Mathematical operations are applied and image processing
techniques to differentiate areas of interest within the images, resulting in grayscale
images.

+ Binarization: The final step converts grayscale images into binary format, assigning a
value of 1 to pixels representing areas of interest and 0 to all other areas. This process
is carried out using a semi-automatically calculated threshold, determined through
the identification of islands (regions of interest) and buffers (surrounding areas) [3].

3.2.1 Rasterimage enhancement
Atmospheric and technical factors, such as sensor malfunctions, Earth’s movement, and
atmospheric interference, can introduce errors into raster images [8]. Radiometric cor-
rection mitigates these issues by restoring Digital Numbers (DN) and reducing noise
[7]. Incorrect pixels, typically represented as Not a Number (NaN) values, are corrected
using linear interpolation, which estimates their values based on the maximum and min-
imum pixel intensities, as illustrated in Fig. 2.

Geometric distortion is addressed using a reference image to align other images via
a second-degree polynomial transformation. This transformation, calculated using the
Kanade-Lucas-Tomasi (KLT) algorithm with control point pairs, corrects for issues such
as Earth’s rotation and sensor scan frequency (see Fig. 3) 1, 30].

3.2.2 Highlighting urban areas
The Brovey method [15] is used to enhance contrast in images, especially in urban areas,
by combining spectral bands as follows:

B;
B; = P
<31+B2+---+Bn) anc 1)

where 7 is the number of spectral bands, B; is the i-th band, and Panc is the panchro-
matic band. This method assumes that all input bands and the high-resolution panchro-
matic band cover the same spectral range.

pu val-j = interpolation between val-jmax and val-jmin
N [
/| Nan | Val-j
I} \
I \
1 1
Columnj I Nan : Vol
! ]
! I
1 T
' y
\ /2
N o

Fig. 2 Radiometric correction applied to raster images
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(a) Original image (b) Corrected image

Fig. 3 lllustration of geometric correction applied to raster images

a)

fegetation

Pearson’s R: 1.000

Pearson’s R: 0.985 |
Significance level: 0.01 |

Significance level: 0.01 | "

Fig. 4 Correlation scatter plot for combined bands: (a) Bands 6 and 7; (b) Bands 10 and 11. Source: [3]

For this study, combinations of Bands 6—7 and 10-11 are used to highlight urban den-
sity, as shown in Fig. 4. Urban areas exhibit a positive correlation between these bands,
enhancing the representation of impermeable surfaces associated with urban regions
[19].

3.2.3 Raster image discrimination

To classify areas within the images, a semiautomatic object-based discrimination
method is applied, calculating three indices from the electromagnetic spectrum: Nor-
malized Difference Vegetation Index (NDVI), Normalized Difference Built-up Index
(NDBI), and Modified Normalized Difference Water Index (MNDWT) [23]. Principal
Component Analysis (PCA) is conducted on the combined spectral indices (NDVI,
NDBI, MNDWTI) to reduce dimensionality and extract the dominant pattern of urban
change to compute NDBI as follows:

PCA(Band 6,7) + PCA(Band 10,11) — Band 5

NDBI =
PCA (Band 6,7) + PCA(Band 10,11) + Band 5 @

MNDWTI and NDVI are calculated as shown in Equations 3 and 4 to improve the distinc-

tion between urban and non-urban areas [11, 25]:

Band 3 — Band 7
MNDWI = Band 3+ Band 7 ®)
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Band 4 — Band 3
NDVI = Band 4 + Band 3 (4)

Using these indices, the Built-up Area Extraction Method (BAEM)>>is derived as
follows:

BAEM = NDBI — NDVI—- MNDWI (5)

The BAEM method is theoretically justified by its ability to enhance urban boundar-
ies through differential spectral responses, where built-up areas typically exhibit higher
NDBI values while suppressing vegetation and water features through NDVI and
MNDWI subtraction [11, 25].

3.2.4 Raster image binarization

The binarization process converts a raster image into a binary format, where urban areas
are represented by pixels with a value of 1 and non-urban areas by pixels with a value of
0. This transformation is critical for applying the Spatial Markov Chain (SMC) model, as
it simplifies the analysis by focusing on the presence or absence of urbanization.

To achieve this, the Binary Adaptive Extraction Method (BAEM) output is thresh-
olded. The threshold value determines which pixel intensities correspond to urban areas.
This value is selected using the Double Window Flexible Pace Search (DFPS) algorithm,
which iteratively adjusts the threshold until the success rate Lj, for urban area extraction
reaches an optimal range. The success rate is calculated using Equation 6 [3]:

Ck, — Ck,

Ly =~

x 100 (6)

where:

« (' Represents the total buffer pixels, which define the boundary areas used to refine
the classification of urban regions.

o (g, : Denotes the island pixels, referring to isolated clusters of urban areas within the
image.

o C,: Represents the total urban pixels identified within the buffer area.

Figure 5 illustrates the concept of an island and its corresponding buffer with a radius of
100 meters, used to refine the identification of urban areas during the binarization pro-
cess. The buffer helps ensure accurate classification by providing a spatial boundary that
contextualizes urban regions relative to their surroundings.

The DFPS algorithm iterates through possible threshold values, analyzing the relation-
ship between these variables to refine the classification. Specifically, L; measures the
effectiveness of the threshold in isolating urban areas while minimizing the misclassi-
fication of non-urban regions. The process continues until L;, falls within a predefined
optimal range, ensuring accurate binary classification.

A sensitivity analysis was conducted to evaluate the impact of threshold selection on
classification accuracy. The results showed that variations of + 10% in the threshold
value resulted in less than 5% change in the Kappa index, demonstrating the robustness
of the selected threshold.
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Fig. 5 lllustration of an urban island and its associated 100-meter buffer

By accurately binarizing raster images, the methodology ensures that urban areas
are consistently and effectively represented, forming the foundation for reliable urban
expansion projections.

The workflow is semiautomated. Automated components include image enhancement,
spectral index calculation, and binarization via thresholding algorithms (DFPS). Manual
components are limited to calibration of buffer regions and groundtruth selection for
validation.

Although our model currently focuses on spatial metrics, future iterations will include
socioeconomic variables such as zoning regulations, population density, and infrastruc-
ture networks as probabilistic weights or transition rules in the SMC model.

3.3 Executing the spatial Markov chain

The Markov Chain method is a widely used tool in urban planning for modeling stochas-
tic processes, such as urban growth, by estimating the probability of transitions between
states over time [22]. In this context, each pixel in a raster image is treated as a random
variable X (¢), representing its state at a given time ¢. The states are defined as:

o 1: Urban area (presence of settlement).
+ 0: Non-urban area (absence of settlement).

A Markov Chain is defined by the Markov property, which states that the probability of
a pixel transitioning to a subsequent state depends solely on its current state and not on
any prior states. Mathematically, this is expressed as:

P(Xn-l-l:x|Xn:37na~--7X1:xl):P(Xn-H:'7;|Xn:xn) (7)

where X, represents the state of the pixel at time n, and x,, is the observed value of X,.
Let s; and s; represent the two possible states of a pixel (0 or 1), and let p;; denote the
probability of transitioning from state s; to state s;. This probability is calculated as:
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fij

bij = 3,
Zk:l ik

(8)

where:

+ fi;: Frequency of transitions observed from state s; to state s;.
. Zi:l fir: Total number of transitions from state s; to any state (0 or 1).

The probabilities p;; are organized into a trausition matrix P, a square matrix where
each row corresponds to a starting state and each column corresponds to a destination
state. The rows of P are normalized, meaning that the sum of each row equals 1:

2
> pi=1, Vie{0,1} 9)
j=1

For the SMC model, binary images from the years 2003 and 2017 were used as inputs
for each city. These images represent the starting and ending states of the system over a
14-year period and were used to compute the transition matrix P. This matrix quanti-
fies the probability of pixel state changes (e.g., urban to non-urban or vice versa) during
this interval, capturing the dynamics of urban expansion with precision. For instance,
Table 3 illustrates the transition matrix for Toluca, detailing the number of pixels that
either remained in the same state or transitioned between states.

The 14-year span between the input images ensures that the model accurately reflects
the temporal dynamics of urban growth. To capture the gradual nature of urban devel-
opment, the projection to 2031 was decomposed into 5-year intervals (2017, 2022, 2027,
2031) using the same transition matrix applied iteratively. This approach allows for inter-
mediate validation and reduces the influence of classification errors. Using the calculated
transition matrix, the projected image for 2031 is generated by extrapolating the same
14-year period forward. Urban expansion is then estimated by multiplying the count of
projected urban pixels by the pixel resolution (15 m x 15 m), providing a precise mea-
sure of the projected urban area for each city. This approach ensures consistency with
the interval of the input data and facilitates accurate projections of urban expansion.

Figure 6 illustrates an example of two binary images, each of size 8 x 8 pixels, where
1 represents urban areas and () non-urban areas. The corresponding transition matrix
P is generated by counting pixel state transitions, offering a detailed snapshot of urban
growth dynamics.

Table 3 highlights a limitation of traditional Markov Chains: while they provide the
total number of state transitions, they do not indicate the spatial location of each transi-
tion within the image, which is essential for precise urban growth modeling.

To address this, we implement a spatial diffusion rule that assigns transition probabili-
ties to specific pixels based on their likelihood of changing state. The spatial allocation of
transitions is guided by an Urbanization Potential Index (UPI) calculated for each pixel,
which combines: (1) density of urban pixels in a 3x3 neighborhood, (2) historical change

patterns in the immediate environment, and (3) proximity to existing infrastructure.

Table 3 Transition matrix from the period established in Fig. 6

0 1 Total
0 39 10 49
1 0 15 15
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Fig. 6 Example of binary images representing urban and non-urban areas at times t and ¢t — 1 respectively

Pixels with higher UPI values receive priority for transition to urban areas. This requires
generating random numbers within the range of the image dimensions, calculated as
follows:

Znt1 = (azy, + ¢) modm (10)

where a is the multiplier, c¢ is the increment that shifts the sequence to prevent repeti-
tive patterns, m is the modulus defining the range of generated values, and z,, the
seed, which must be a positive integer. This sequence generates random positions (i, j)
within the raster image, ensuring that each position is assigned a unique probability of
transition.

The linear congruential random number generator (LCRNG) is used primarily as a
tie-breaking mechanism when multiple pixels have equal transition probabilities, rather
than as the main allocation method. This ensures statistical consistency while maintain-
ing spatial rationality.

To ensure positive integers in the random sequence, we require:

0<x, <m (11)

Additionally, according to Ref. [10], an effective random number generator should maxi-
mize cycle length, which is achieved when:

ax(m-—1)+c¢ (12)

These random numbers are then used to identify pixel locations (4, j) by means of the
highest probability of transition, as shown in Fig. 7. The raster image is treated as a grid,
where each cell corresponds to a pixel, and a 3 x 3 neighborhood is considered for eval-
uating transitions. The state of a specific pixel in the grid is denoted as A; ;), where A
represents the grid and (4, j) indicates the pixel’s position. The diffusion rule for pixel
distribution within this neighborhood can be expressed as:

Agy =1 ifany of A1), At1,5), Ai-1,-1)> AGi,j-1) AGi+1,j-1)

f@,5) = AGi—1,j41), A g+1) Agi+,g+1) = 1 (13)
A5 =0 otherwise.
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Fig. 7 Graphical representation of pixel distribution based on the diffusion rule

This diffusion rule is theoretically grounded in neighborhood-weighted propagation
models commonly used in cellular automata, where urban growth tends to occur con-
tiguously to existing developed areas [5].

To incorporate spatial constraints, exclusion masks were applied to prevent urbaniza-
tion in: (1) permanent water bodies, (2) officially registered protected natural areas, and
(3) areas with slopes greater than 15° using a digital elevation model (DEM). These con-
straints ensure that projected urban growth respects realistic geographical limitations.

The mathematical formulation of the Markov transition matrix (Equation 8) quantifies
the probability of pixel state changes, while the spatial diffusion rule (Equation 9) allo-
cates these transitions in a geographic context. Together, these mechanisms ensure that
both the magnitude and the spatial distribution of urban growth are captured.

This integration is visually reflected in Figs. 12 and 13, where probabilistic urban
expansion patterns are projected and mapped using the calculated transition probabil-
ities. By explicitly linking statistical outputs to their spatial manifestations, the model
bridges theoretical rigor with practical applicability for urban planning.

Other approaches to urban growth modeling include cellular automata [27], Langton’s
ant [20], and linear regression [21]. While these techniques have been widely applied,
they are often integrated within licensed Geographic Information Systems, which can
limit their adaptability for customized or specific applications. In contrast, our Spatial
Markov Chain (SMC) method introduces a unique advantage through the incorpora-
tion of a random diffusion rule, which probabilistically assigns the spatial distribution of
urban expansion. This feature ensures that the SMC model not only predicts the likeli-
hood of urban transitions but also captures their spatial dynamics, enabling more pre-
cise and realistic projections. By integrating this probabilistic spatial component, the
SMC model offers a more flexible, dynamic, and context-sensitive alternative to tradi-
tional methodologies, making it particularly suitable for urban studies that demand high
adaptability and spatial accuracy.

3.4 Comparison with existing models
The proposed SMC model offers several advantages over commonly used approaches
(Table 4):

3.5 Validation
The evaluation of the methodology was conducted in two distinct phases. In the first
phase, the model was used to project urban growth for the period 2003-2017, with
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Table 4 Comparison between proposed SMC model and existing approaches

Aspect CA-Markov/SLEUTH Proposed SMC Model
Manual calibration Required Not required
Parameter sensitivity High Medium
Implementation ease Low High

Transparency Variable High

Computational needs Moderate-high Low

Data dependency Multiple layers Satellite only

the results compared against known satellite imagery from 2017. Additionally, valida-
tion was performed for intermediate time points (2012 and 2022) where imagery was
available, providing a more robust assessment of temporal consistency. This phase
served to validate the accuracy and reliability of the model by comparing projections
with real-world data. To achieve this, four metrics were employed [6, 26]. The Kappa
Index measures the agreement between the predicted and actual urban expansion while
accounting for chance agreement. The Jaccard Index evaluates the degree of similarity
between observed and projected urban areas by analyzing the overlap of regions. Addi-
tionally, Shannon Entropy quantifies the spatial heterogeneity and complexity of urban
growth patterns, providing insights into how dispersed or concentrated the expansion
is. Finally, the Fractal Dimension assesses the geometric irregularity and spatial organi-
zation of urban forms, offering a measure of the structural complexity of the projected
urban areas.

Additional validation metrics included Overall Accuracy, Precision, and Recall for the
urban class, providing a comprehensive assessment of model performance. Error maps
were generated to visualize spatial discrepancies between projected and observed urban
areas.

In the second phase, the validated SMC model was employed to project urban growth
from 2017 to 2031, demonstrating its potential as a predictive tool for urban planning.
By integrating historical data with future projections, the study highlights the model’s
utility in identifying patterns and impacts of urbanization, supporting sustainable urban
planning efforts [15].

The model was also compared against a traditional CA-Markov implementation using
the same dataset to provide a benchmark for performance evaluation.

Finally, all simulations were executed on a desktop with an Intel Core i7 processor and
16 GB RAM. Average processing time per city was approximately 12 minutes, making
this model feasible for city-scale applications without requiring high-performance com-
puting infrastructure.

4 Experimentation and results

This section details the application of our SMC model to six major Mexican cities: Aca-
pulco, Puebla, Querétaro, Tampico, Tijuana, and Toluca. These cities were chosen due to
their classification as millionaire cities, with populations exceeding one million inhab-
itants. The selection criteria also considered morphological diversity, different growth
dynamics, and availability of cloud-free Landsat time series, ensuring a representative
sample of Mexican urban contexts. Their status as rapidly growing urban centers with
diverse geographic and socio-economic contexts makes them particularly suited for test-
ing the adaptability and robustness of the SMC model in projecting urban expansion.
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Table 5 Number of urban and non-urban pixels in 2003 and 2017 for the studied cities

City Urban (2003) Non-urban (2003) Urban (2017) Non-urban (2017) Total pixels
Acapulco 370,792 3,809,188 447,623 3,732,357 4,179,980
Puebla 1,034,734 6,217,346 1,485,714 5,766,366 7,252,080
Querétaro 431,703 1,338,769 1,068,073 702,399 1,740,472
Tampico 379,836 5,600,362 475,830 5,504,368 5,980,198
Tijuana 1,125,602 3,959,423 1,485,226 3,599,799 5,085,025
Toluca 736,513 2,946,179 1,220,632 2,462,060 3,682,692

Table 6 Pixel Transition Matrix for the Study Cities (2003-2017

City From non-urban (0) From urban (1) Total

Acapulco 3,732,357 76,831 3,809,188
Puebla 5,766,366 450,980 6,217,346
Querétaro 702,399 636,370 1,338,769
Tampico 5,504,368 95,994 5,600,362
Tijuana 3,599,799 359,624 3,959,423
Toluca 2,462,060 484,119 2,946,179

4.1 Urban expansion from 2003 to 2017

The urban expansion of each city over the 14-year period from 2003 to 2017 was ana-
lyzed by comparing binary pixel counts, where 1 represents urbanized areas and 0 repre-
sents non-urban areas. Table 5 presents the initial state vectors xy (2003) and z; (2017)
for each city, with each table corresponding to one of the six studied cities: Acapulco,
Puebla, Querétaro, Tampico, Tijuana, and Toluca. These vectors are constructed based
on the number of urban and non-urban pixels, providing a quantitative basis for analyz-
ing urban growth.

The analysis of the initial state vectors reveals a notable shift in urbanization pat-
terns across all studied cities, with varying degrees of pixel transitions from non-urban
to urban areas, as summarized in Table 5. Among the cities, Acapulco experienced an
11.1% reduction in non-urban pixels (from 3,809,188 to 3,732,357), highlighting sig-
nificant urban growth. Similarly, Puebla showed moderate urban expansion, with a
3.0% decrease in non-urban pixels (from 6,217,346 to 5,766,366). The most substan-
tial change was observed in Querétaro, where a 36.5% reduction in non-urban pixels
(from 1,338,769 to 702,399) indicates the highest urbanization rate among the cities.
In contrast, Tampico exhibited slower urban growth, marked by a 1.6% decline in non-
urban pixels (from 5,600,362 to 5,504,368). Meanwhile, Tijuana demonstrated steady
urban expansion, reflected in a 7.1% decrease in non-urban pixels (from 3,959,423 to
3,599,799). Finally, Toluca also showed significant urban growth, with a 13.1% reduction
in non-urban pixels (from 2,946,179 to 2,462,060).

Statistical analysis of urban growth rates revealed significant correlations with popula-
tion data (R* = 0.78, p< 0.05), supporting the model’s ability to capture realistic urbaniza-
tion patterns.

Tables 5-8 summarize pixel transition analysis and validation metrics. Table 5 shows
the count of transitions between urban and non-urban pixels. These values are obtained
by comparing binary images between 2003 and 2017. Table 6 presents the probabilities
derived from normalized transition counts. Tables 7 and 8 validate these predictions
using Jaccard, Kappa, Shannon entropy, and fractal dimension indices.
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Table 7 Probability of change in value from the year 2017 to the year 2031

City to keep zero Probability to change from zero to one Meaning

Acapulco 96% 3.9% Low urban expansion
Puebla 86% 13.9% Moderate urban expansion
Queretaro 27.5% 72.4% High urban expansion
Tampico 96.6% 33% High urban expansion
Tijuana 82.6% 17.3% High urban expansion
Toluca 69.8% 30.1% High urban expansion

Table 8 Indices computed when comparing real and projected urban expansions in year 2017

City Kappa index Kappa meaning Jaccard index Jaccard meaning
Acapulco 0.75 Good 0.90 Very good

Puebla 0.73 Good 0.85 Good

Queretaro 0.70 Good 0.68 Good

Tampico 0.73 Good 0.92 Very good

Tijuana 0.81 Very good 0.87 Very good

Toluca 0.65 Good 0.75 Good

Binarization is performed using the Binary Adaptive Extraction Method (BAEM),
which applies thresholding based on NDBI, NDVI, and MNDWT indices. The DFPS
algorithm ensures adaptability across cities by iteratively adjusting the threshold until
the extracted urban areas match ground-truth validations (e.g., Google Earth imagery
overlays).

4.2 Transition probability matrices and pixel change analysis

The Markov Chain model utilizes transition probability matrix to quantify the likeli-
hood of pixel transitions between urban and non-urban states. For each city, the transi-
tion matrix for the period 2003 to 2017 was constructed by analyzing and counting the
state changes of each pixel over the 14-year interval. This matrix, presented in Table 6,
provides valuable insights into the patterns and dynamics of urban growth within each
region, reflecting how urbanization has evolved during this timeframe.

4.3 Projection from 2017 to 2031 and comparison with 2017 data

Using the transition matrix generated by the SMC model for the period 2003 to 2017 as
input, we projected urban growth for the years 2017 to 2031 for each city. The result-
ing transition matrix, summarized in Table 7, provides the estimated probabilities of
pixel state transitions during this period, emphasizing the likelihood of changes between
urban and non-urban areas. By leveraging the SMC approach, these projections seam-
lessly integrate both temporal and spatial dynamics, offering detailed insights into antic-
ipated urban growth patterns for each city.

4.4 Using goodness-of-fit metrics
We further validate our 2031 projections by comparing the actual 2017 data with our
SMC-based 2017 projection, assessing the similarity in spatial distributions. Table 8
summarizes the validation metrics for each city, including the Jaccard index and Cohen’s
Kappa index.

To generate the table, binary maps of the observed 2017 data and the SMC-based
2017 projections were compared pixel by pixel. The Jaccard index quantifies the spatial
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Table 9 Indices computed when comparing real and projected urban expansions in year 2031

City Shannon value Shannon meaning Fractal value Fractal meaning
Acapulco 063 Good 1.96 Efficient

Puebla 0.95 Very good 1.91 Efficient
Queretaro 0.98 Very good 1.78 Good

Tampico 0.55 Moderate 1.95 Efficient

Tijuana 0.94 Very good 1.89 Good

Toluca 0.96 Very good 1.86 Good

Table 10 Sensitivity Analysis Results

Parameter Variation Kappa Index Jaccard Index Shannon Entropy
Default Values 0.75 0.90 0.63
Threshold £10% 0.74 0.89 0.62
Diffusion Rule 5% 0.73 0.88 061
Neighborhood size +1 pixel 0.72 0.87 0.60

similarity of urban areas, while Cohen’s Kappa evaluates the overall agreement, account-
ing for both urban and non-urban classes.

The high values observed in Table 8 confirm the robustness of our model in replicat-
ing observed urban patterns, reinforcing its reliability for accurate urban expansion
projections.

Table 9 presents the calculated values of Shannon entropy and Fractal dimension indi-
ces for each city when comparing real and projected urban expansion for the year 2031.

These metrics collectively validate the reliability of our projections, demonstrating
that the SMC model effectively captures both the spatial distribution and complexity of
urban growth in each city.

4.5 Comparison with benchmark models
The SMC model was compared against two benchmark approaches: a traditional CA-
Markov model and the MOLUSCE plugin in QGIS. The results showed that while the
deep learning-based MOLUSCE achieved slightly higher accuracy (Kappa = 0.82 vs. 0.78
for SMC), the SMC model required significantly less computational time (12 minutes vs.
45 minutes for MOLUSCE) and offered greater transparency in the modeling process.
The CA-Markov model showed similar computational efficiency but lower accuracy
(Kappa = 0.71), particularly in capturing spatial patterns of dispersed urbanization.
These comparisons highlight the balanced performance of the SMC model in terms of
accuracy, efficiency, and interpretability.

4.6 Sensitivity analysis
To evaluate the robustness of the SMC model, a sensitivity analysis was conducted by
varying key parameters, including the threshold for binarization and the spatial diffusion
rules. The results, summarized in Table 10, demonstrate that the model’s performance
remains stable across a wide range of parameter values, with only minor variations in the
Kappa and Jaccard indices.

The sensitivity analysis also included variations in random seed values, showing that
the model produces consistent results across different stochastic realizations, with coef-
ficient of variation less than 2% for all validation metrics.

Page 16 of 24
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(a) (b)

(c) (d)

Fig. 8 Firstand second principal components for Bands 6-7 and 10-11: (@) Band 6-7 in 2003; (b) Band 6-7 in 2017;
(c) Band 10-11in 2003; (d) Band 10-11in 2017.

Fig. 9 NDBI index for Toluca: (a) year 2003; (b) year 2017

This analysis confirms the model’s robustness and reliability, ensuring consistent per-
formance even under varying conditions. However, further research is recommended to
explore the impact of additional parameters, such as the size of the neighborhood used
in the spatial diffusion rules.

4.7 Visual representation of results

To illustrate the methodology and its findings, Figs. 8, 9, and 10 present examples of the
analysis for Toluca in 2003 and 2017. Although these images focus on Toluca, they serve
as representative examples of the patterns and trends observed across all six cities stud-
ied. Figs. 8 and 9 display the first and second principal components and the Normalized
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Fig. 10 BAEM output for Toluca, illustrating urban areas

Difference Built-up Index (NDBI), respectively. These visualizations highlight urbaniza-
tion dynamics during the study period.

In Fig. 8, the principal components for Bands 6—7 and 10-11 show clear differentia-
tion between urban and non-urban areas, whereas in 2003, urban areas in Bands 6-7
exhibit moderate spectral intensity, indicating relatively low urban density (Fig. 8(a) and
(c)). By 2017, the intensity increases notably, particularly in Bands 1011, reflecting the
expansion of impervious surfaces and urban sprawl (Fig. 8(b) and (d)).

Figure 9 focuses on the NDBI index, which emphasizes built-up areas. This index is
particularly effective in quantifying urban growth: - In 2003, the NDBI values are lower
and more scattered, indicating limited urbanization (Fig. 9(a)). - By 2017, NDBI values
increase significantly, particularly in the urban core and surrounding regions, confirm-
ing the expansion of built-up areas (Fig. 9(b)).

Also, Fig. 10 presents the Built-up Area Extraction Method (BAEM) grayscale output
for Toluca. This visualization further supports the analysis by showing a detailed spatial
distribution of urban areas: - In 2003, urban regions are concentrated in the city center,
with lower intensity values. - By 2017, the grayscale intensity expands outward, reflect-
ing significant urban growth into previously undeveloped areas.

While these figures are specific to Toluca, similar patterns were observed in the other
cities studied (Acapulco, Puebla, Querétaro, Tampico, and Tijuana). Urban areas in each
city exhibited comparable trends of increased spectral intensity, higher NDBI values,
and expanded built-up regions. These findings validate the consistency of the method-
ology and its ability to capture urbanization dynamics across diverse geographic and
socio-economic contexts.

The insights gained from these visualizations are integral to understanding urban
expansion as modeled by the Spatial Markov Chain framework. The figures provide con-
crete examples of how urban growth manifests spatially and spectrally, reinforcing the
reliability of the methodology for assessing urbanization in rapidly developing regions.

Figures 11 and 12 illustrate the urban areas of Acapulco, Puebla, Querétaro, Tampico,
Tijuana, and Toluca as observed in 2003 and 2017. These images, derived through the
binarization process applied to Landsat 8 data, highlight urbanized regions (represented
as binary pixels) and provide a clear comparative baseline for analyzing urban expansion
trends over time. The binarized format simplifies the identification of urban growth by
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Fig. 11 Urban area distribution for each city in 2003: (a) Acapulco, (b) Puebla, (c) Querétaro, (d) Tampico, (e) Ti-
juana, (f) Toluca

Fig. 12 Urban area distribution for each city in 2017: (a) Acapulco, (b) Puebla, (c) Querétaro, (d) Tampico, (e) Ti-
juana, (f) Toluca

isolating urban areas from non-urban regions, enhancing the clarity and utility of these
visuals for trend analysis.

Using our SMC projections, we extended the urban growth analysis to 2031 (see Fig.
13). The results highlight the model’s ability to predict urban expansion while preserving
constrained areas, which are expected to maintain their spatial structure over the pro-
jection period. These constrained areas include regions with geographic, environmen-
tal, or regulatory restrictions that limit urban development, such as protected natural
reserves, water bodies, or zones governed by strict urban policies.
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AP

Fig. 13 Projected urban area distribution for each city in 2031: (a) Acapulco, (b) Puebla, (c) Querétaro, (d) Tampico,
(e) Tijuana, (f) Toluca

Visual analysis by urban planning experts confirmed the accuracy of the model in
retaining these constrained areas, demonstrating its capacity to respect spatial limita-
tions while simulating realistic growth patterns. This validation is particularly signifi-
cant, as it ensures the model’s alignment with expert expectations and urban planning
principles, reinforcing its reliability as a tool for decision-making.

The preservation of restricted zones serves not only as a crucial validation criterion
but also as an essential aspect of urban planning. It allows planners to forecast urban
growth while integrating existing limitations, ensuring that predictions are both reli-
able and practical. Additionally, pinpointing areas where development is improbable
offers critical insights for optimizing resource distribution, advancing infrastructure,
and shaping long-term urban strategies. This capability sets the SMC model apart from
conventional methods that frequently neglect spatial constraints, thereby increasing its
relevance in practical applications.

In summary, the 2031 projections underscore the robustness of the SMC model in
simulating urban growth while adhering to known constraints, making it a valuable
asset for urban planners seeking to balance expansion with sustainability and regulatory

compliance.

5 Discussion

The results of this study demonstrate the effectiveness of the SMC model in projecting
urban expansion across diverse geographic and socio-economic contexts. By integrating
spatial diffusion rules with probabilistic transitions, the model captures both the tempo-
ral dynamics and spatial heterogeneity of urbanization, offering a robust tool for urban
planning and policy-making.
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5.1 Comparative analysis with existing models

Traditional urban growth models, such as CA-Markov and SLEUTH, have been widely
used for land use change projections. However, these models often face limitations in
scalability, computational efficiency, and spatial precision. In contrast, the SMC model
introduced in this study addresses these challenges by incorporating a semi-automated
image processing pipeline and a probabilistic spatial diffusion rule, enabling more accu-
rate and context-sensitive projections.

For instance, CA-Markov models rely on predefined transition rules and neighbor-
hood configurations, which may not fully capture the complex interactions driving
urban growth. Similarly, SLEUTH models require extensive calibration and are compu-
tationally intensive, limiting their applicability in data-scarce regions. The SMC model
overcomes these limitations by leveraging automated image enhancement techniques
and adaptive thresholding, reducing the need for manual intervention and enhancing
reproducibility.

Moreover, the SMC model’s ability to integrate spatial neighborhood effects through
diffusion rules provides a significant advantage over classical Markov Chains, which
estimate transition probabilities without considering spatial context. This integration
ensures that the model not only predicts the likelihood of urban expansion but also allo-
cates it geographically, aligning with observed patterns of urban growth.

When compared with machine learning approaches, the SMC model offers superior
interpretability and transparency. While deep learning models may achieve slightly
higher accuracy, their black-box nature limits their utility for policy-making where
understanding the rationale behind predictions is crucial. The SMC model’s probabilistic
framework provides clear insights into the factors driving urban expansion, making it
more suitable for collaborative planning processes.

5.2 Implications for urban planning

The high accuracy of the SMC model, as validated by metrics such as the Kappa index
(0.75-0.81) and Jaccard index (0.68—0.92), underscores its potential as a reliable tool for
urban planners. By providing detailed projections of urban expansion, the model can
inform strategic decisions related to infrastructure development, environmental conser-
vation, and disaster risk management. For example, identifying areas of high urbaniza-
tion probability can guide investments in public transportation, water supply, and waste
management systems, ensuring that growth is managed sustainably.

Additionally, the model’s ability to quantify spatial complexity through entropy and
fractal dimension indices offers valuable insights into the environmental impacts of
urbanization. Cities with high entropy values, such as Acapulco, may require tar-
geted policies to curb sprawl and promote compact development, while those with
low entropy, like Tampico, could benefit from strategies that enhance connectivity and
reduce fragmentation.

The model’s computational efficiency (approximately 12 minutes per city) makes it
particularly valuable for rapid assessment and scenario planning. Municipalities with
limited technical capacity can use the model to evaluate multiple development scenarios
without requiring specialized hardware or software, democratizing access to advanced
urban modeling tools.
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5.3 Limitations and future research

Despite its strengths, the SMC model has certain limitations. First, the reliance on mod-
erate-resolution Landsat imagery (30 m/pixel) may limit its ability to capture fine-scale
urban features, such as small settlements or informal housing. Future research could
explore the integration of high-resolution satellite data or unmanned aerial vehicle
(UAV) imagery to enhance spatial detail.

Second, the model currently focuses on biophysical drivers of urban growth, such as
land cover and topography, without explicitly incorporating socio-economic variables
like population density, income levels, or zoning regulations. Integrating these factors
into the transition rules or as additional layers in the diffusion process could improve the
model’s predictive accuracy and policy relevance.

Third, while the model incorporates basic spatial constraints through exclusion masks,
more sophisticated constraint modeling could be implemented using multi-criteria deci-
sion analysis (MCDA) techniques. This would allow for finer control over where urban-
ization is permitted based on environmental sensitivity, infrastructure capacity, and
regulatory frameworks.

Finally, while the model demonstrates high computational efficiency for city-scale
applications, scaling it to regional or national levels may require optimization for parallel
processing or cloud computing environments. Future work could explore these avenues
to enhance the model’s scalability and accessibility.

5.4 Computational requirements

The SMC model’s lightweight architecture requires minimal computational resources
compared to alternative approaches. A comparative analysis of computational require-
ments showed:

+ SMC model: 12 minutes per city on standard desktop hardware
» CA-Markov: 18 minutes per city with similar hardware

+ MOLUSCE with ANN: 45 minutes per city

+ Deep learning models: 2+ hours per city with GPU acceleration

This efficiency makes the SMC model particularly suitable for applications in resource-

constrained environments or for rapid assessment of multiple scenarios.

6 Conclusions

This study presents a semi-automated Spatial Markov Chain (SMC) model for projecting
urban expansion, integrating automated image processing with probabilistic spatial dif-
fusion rules. The model was applied to six major Mexican cities, demonstrating its ability
to capture both the magnitude and spatial patterns of urbanization with high accuracy.
Validation metrics, including the Kappa index, Jaccard index, Shannon entropy, and
fractal dimension, confirm the model’s robustness and reliability.

The SMC model offers several advantages over traditional urban growth models,
including scalability, computational efficiency, and spatial precision. By providing
detailed projections of urban expansion, it serves as a valuable tool for urban planners
and policymakers, supporting sustainable development and informed decision-making.

The key methodological innovations of this research include:

1. A semi-automated framework that balances accuracy with computational efficiency
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These innovations address critical gaps in existing urban modeling approaches, particu-

2. Integration of spatial diffusion rules with probabilistic transitions
3. Application of exclusion masks to respect geographical constraints

4. Validation using multiple temporal points and comparative benchmarks

larly the trade-off between sophistication and accessibility.

economic variables, and machine learning techniques to further enhance the model’s
predictive capabilities. By addressing these aspects, the SMC framework can evolve into
a comprehensive tool for managing the complex challenges of urbanization in the 21st

Future research directions include the integration of high-resolution imagery, socio-

century.
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