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Abstract:
Different disciplines formulate functions that relate economic and social variables. The New Science of
Cities delves into the development of urban spatial syntax.

In a previous work on Urban Mechanics and Thermodynamics, the relationship between the Right to
the City and the Urban System was explored, formulating the urban matrix that allows modeling the city
and establishing the functions that explain the functioning of the Urban or Territorial System.

In a complementary way, the present work develops within the framework of Al (Artificial Intelligence)
the treatment of urban big data analyzed by RNU (Urban Neural Networks) to find the hidden function
between the different variables that model a Complex Urban System and predict the result of applying
measures that contribute to correcting the urban vulnerability of the Right to the City.

Keywords: Right to the City; Neural Network; Urban Science; Artificial Intelligence



1. Urban Neural Networks

Urban Mechanics! allows us to deduce results from equations that relate different social, economic, and
spatial variables. The functions that relate these different urban variables are derived from various
theoretical and practical studies across different disciplines that analyze the economic, environmental,
and spatial vectors aimed at addressing the vulnerability of the set of rights that constitute the Right to
the City. These functions are derived after a detailed analysis of the systems. As the system becomes
more complex, the difficulty in finding the relational functions also increases.

The current moment is characterized by the availability of data, obtained directly from any field of activity,
any research discipline, and everyday life, at any time and in any place. Countless fixed and mobile
devices, distributed unpredictably and without oversight, provide information on the habits and behaviors
of humans and animals, the conduct of social groups, the state of the environment, and road conditions.
This wealth of data penetrates to the most intimate, unimaginable depths of any nature. This set of data,
or big data, which requires processing by computer applications for its analysis and application, opens
a new field of research and analysis. It allows us to study the relationships between the causes and
effects of a phenomenon, described through its variables, without needing to understand the underlying
relationships between them. This is achieved by observing the results generated by a phenomenon that
is part of a complex system.

Alternatively to the methods described in mechanics, where variables are related through proven
functions, predictions of the target variables can be obtained from the input variables through the
analysis of Urban Neural Networks within the framework of Deep Learning and Artificial Intelligence.
The processing power of computer processors, combined with the methodological capabilities of neural
networks, allows for the incorporation of a far greater number of input and output variables than the
structured method of Urban Mechanics.

Indeed, the experience of Urban Mechanics allows for the identification of the variables that constitute
the main components of each of the Urban Fields. The path taken by the set of submatrices of the Urban
Matrix, described above, links all public and private investments to addressing the vulnerability of the
Right to the City.

This path provides sufficient experience to develop analog or Boolean Urban Neural Networks (UNNSs),
which enable decision-making based on predictions obtained from an unlimited number of urban
variables that define a complex urban system.

Two UNNs have been built in Visual Studio Code and Colab. The first network, called RNU8_2, is built
with 8 input neurons and 2 output neurons to predict the population variation value and the (n0/nl) —
(1/e) ratio, which indicates the city's tendency toward survival or decline. The second network, called
RNU1_15, was built with 1 input neuron and 15 output neurons to predict the impact of increased public
investment on addressing rights vulnerabilities.

The calculated RNUs were tested with 1, 2, and 3 layers of hidden neurons to verify the prediction error.
This prediction was verified by inputting available urban values and comparing them with the
corresponding output predictions based on the actual input values. A 5% error was considered
acceptable, so the network with 3 hidden neurons provides results closer to reality.

In the first RNU, high learning is achieved from cycle 200 onwards. Normalization and optimization of
training have been carried out with the Adam activation function with approximation 0.001 and loss
through the squared error.

Reality, the same input can produce different outputs, as it depends on each city or urban system, where
some variables may have coinciding values, but others may have disparate values.

This circumstance creates uncertainty in the forecast, since the disturbance of a single

variable is intended to predict the impact on 15 other variables. Therefore, it is necessary to adopt the
necessary precautions as well as complementary checks with different models that are constructed with
more input variables.

The result of the predictions allows us to compare the urban or territorial reality with them, in order to
identify discrepancies or imbalances that contribute to the correction of said variable and/or directly or
indirectly the rectification of the affected urban law.

1 Urban Mechanics is developed in the work under the title “Life and Death of the City. Right to the City and Urban Science”,
formulated by the author, which is also summarized in the article of the same title.
https://www.fernandovisedo.com/entropia-y-entalpia-urbana/



https://www.fernandovisedo.com/entropia-y-entalpia-urbana/

2. Methodology for Developing Urban Neural Networks

Prior to developing the neural network, a table is prepared with a set of 90 urban variables from 36
provincial capitals in Spain, which at this initial stage allows the construction of the urban big data.

The development of the different neural networks is carried out following the scripts specific to this
technique. In this regard, it is necessary to clarify that in the proposed models of RNU8_2 and RNU1_15,
the neurons are grouped into layers. The different layers can perform different transformations on their
inputs, from the first layer, or input layer, to the last layer, or output layer, through the different hidden
layers.

The RNU Algorithm follows the following structure:

2.1. Import the necessary libraries

The process begins by incorporating the necessary libraries to run the program in Colab or Visual Studio
Code:

tensorflow
numpy
matplotlib.pyplot
tensorflowjs
ipywidgets
IPython.display
MinMaxScaler
Seaborn

2.2. Defining the Features and Targets
The data was obtained from the platforms of the National Institute of Statistics and the Ministry of
Finance. Most of the urban data related to Economy, Society and Population, and Environmental and
Spatial data were obtained from the former. The data from the Ministry of Finance are related to
municipal budgets. This was supplemented with custom-generated data related to the active and
inactive population to calculate n0O/n1.

2.2.1. Features

The features are developed using the data from the prepared table. The input data are as follows.

It is possible to develop the features table outside the Colab algorithm environment or Visual Studio
Code and link the execution to this table. Alternatively, the data matrix was imported into the model. To
do this, the data was exported from xIs to cvc and txt, taking care to separate decimals with periods and
each data point in the row with commas.

2.2.2. Targets
The targets or output data for each of these cities were entered. The targets are the results that are
intended to be predicted.

2.3. Normalization of Input Data
The data was normalized to reduce the possibility of error when interpreting the figures, in case there
was a large disparity between them.

2.4. Defining the Neural Network Model
The number of input neurons and the number of output neurons are defined, as well as the number of
hidden neurons. Furthermore, the activation function of the ReLU rectifier is defined.
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FIG. 1. Tested Urban Neural Network
Source: Author's own elaboration obtained from Algorithm RNU8_2 with 16 neurons in 3 hidden layers in Colab

2.5. Compiling the Model
The ADAM Gradient Optimization Algorithm was used with an appropriate level of precision to reduce
the probability of error without overlearning. RMSprop was also tested, but it did not improve prediction

accuracy.

2.6. Training the Model

The model training was set to 1000 epochs, or learning cycles of the neural network. In both cases,
increasing the number of learning cycles did not improve prediction accuracy and had the negative effect
of consuming more system resources and increasing computation time.

2.7. Graphing the Magnitude of the Loss During Training
The training and validation graphs are plotted to illustrate the neural network's approach to the output

values during its learning process.

2.8. Display the weights and biases of each layer

Weights represent the contribution to the final prediction of each of the relationships between the
features or neurons of each layer of the neural network, from the input to the output predictions. Biases
are bias neurons that contribute to the prediction, with a fixed input value of 1 and an associated weight.
You have been asked to display the sequence of biases and weights for each learning epoch.

2.9. Save the complete model in an .h5 file

The .h5 file is responsible for storing the numerical, graphical, and text data hierarchically. The training
data is stored in an .h5 file for use in a prediction script .html model with TensorFlow for internal use or
for display in the browser after converting the .h5 file to .json and .bin using TensorFlowJS.

2.10. Convert and save the model in TensorFlow.js format

Saving and serialization are performed for sequential models with TensorFlow Keras in .json files.
2.11. Function to make predictions with the trained model

The task is to predict the outputs based on the inputs.



The function that relates the inputs to the output, where X is the vector of input features, W (i) are the
weights of the successive layers, and b(i) are the biases of the successive layers, is:

y=W(3)-ReLU ( W(2))-ReLU ( W(1)X+b(1)) + b(2) ) +b(3)
Each element of the function represents the following:

1. First hidden layer:

( W(1)X+b(1)) Calculates the linear combination of the input features with the weights W(1) and biases
b(1)

ReLU ( W(1)X+b(1)) Applies the ReLU activation function to the output of the linear combination, which
introduces nonlinearity into the model. ReLU transforms negative values to zero and leaves positive
values unchanged.

2. Second hidden layer:

(W(2))-ReLU ( W(1)X+b(1)) + b(2) ) Takes the output of the first layer (already transformed by RelLU)
and applies another linear combination with the weights W(2) and biases b(2).

ReLU ( W(2))-ReLU ( W(1)X+b(1)) + b(2) ) Applies ReLU again to introduce more nonlinearity. 3.

Third Layer and Output Layer:

W(3)-ReLU ( W(2))-ReLU ( W(1)X+b(1)) + b(2) ) +b(3) The third layer takes the transformed output of
the second layer and applies a final linear combination with the weights W(3) and biases b(3) to obtain
the final output y.

It is observed that the input features X are successively transformed through three hidden layers using
linear combinations, biases, and the activation function ReLU, to finally produce an output y.

During training, the weights W (1) of the first hidden layer, W(2) of the second hidden layer, W(3) of the
output layer, and the biases b(1), b(2), b(3) of the respective layers are adjusted using an optimization
algorithm (gradient descent) to minimize the difference between the actual values and the predicted
values.

2.12. Normalize the input data before predicting. In order to interpret the data correctly, it is necessary
to "denormalize" it to recover the original units.

2.13. Display the network's internal calculations. Displaying the calculations is requested for verification
purposes, although this operation is not necessary for prediction.

2.14. Calculate the prediction error (MSE). Displaying the prediction error calculated using the Mean
Squared Error (MSE). This verification is essential to determine the probability of accuracy and
verification of the prediction. The MSE must be greater than the figure considered appropriate for the
calculation.

2.15. Create the input widgets for the data_prediction button_data output

For operational purposes, a table is created to input urban data for new municipalities in order to make
predictions. In this case, all values are numeric. Activating the button will reset the system to make new
predictions when urban data for new cities is included.

3. Urban Neural Networks RNU8_2

To develop this work, the following inputs, which describe the municipal urban system from the
economic, social, and spatial perspectives, have been selected from among 90 variables:

Net Income/Person

Income/Household

% of the working-age population between 15 and 64 years

Percentage of population aged 25-64 with the highest level of education
Average housing price in 2023



Number of dwellings
Compactness
Number of dwellings/Number of households

The selection of indicators was estimated for the sample of results from this exercise. The Urban
Mechanics paper (“Life and Death of the City: Right to the City and Urban Science”) proposes Principal
Component Analysis to identify the fewest possible urban variables that best represent the urban system
while losing the least amount of information. This analysis is beyond the scope of this exercise, and
reference variables frequently used in urban analyses have been selected.

Furthermore, this study aims to connect with the aforementioned work to understand the city's vitality,
that is, the value that reflects how close the city is to the "death" scenario, in which there is a high
probability of the population abandoning the city due to the lack of incentives for citizen development
with a high quality of life. It was shown that this scenario is related to the productivity of the active
population nl or rate of employed between 20 and 64 years and its relationship with the non-active
population nO or unemployment rate, in terms of urban entropy, figures obtained from INE whose sum
is 100.
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FIG. 2. RNU 8_2 database: 36 Spanish cities.
Source: Prepared by the author using INE data



The code is a complete implementation of a neural network in Python using TensorFlow to analyze a
socioeconomic dataset. Each part of the code is explained in detail below, including the process
described in the previous section: setup, data normalization, definition of the neural network model,
training, visualization of the network structure and performance, and prediction of new data entered
manually. The interpretation, with its fundamental parts and detailed explanations, is provided here.

1. Library Import and Environment Setup
The code begins by importing the necessary libraries.

!pip install tensorflow

'pip install tensorflowjs

import tensorflow as tf

import numpy as np

import matplotlib.pyplot as plt

import tensorflowjs as tfjs

import ipywidgets as widgets

from IPython.display import display

from sklearn.preprocessing import MinMaxScaler
from tensorflow.keras.utils import plot model
import matplotlib.image as mpimg

import networkx as nx

The first lines install TensorFlow and TensorFlow.js to manage neural networks and make predictions
in web applications. The other libraries are used for data manipulation, visualization, feature scaling,
and graphical visualization of the neural network structure.

2. Definition of Input and Output Data (Features and Targets)
The following block contains two matrices, features and targets, which represent the independent
variables (input data) and the target variables (output data), respectively.

features = np.array([
(12.53, 32.86, 67.9, 19.9, 13.86, 85.84, 4.67, 1.31),
-1)
targets = np.array ([
[-2.73, 0.16],
-1

These matrices contain socioeconomic and demographic data, where each row of features represents
a set of independent values, and each row of targets represents two target output values for that
particular input row.

3. Normalization of Input Data
To improve model performance, the input data (features) are normalized using MinMaxScaler, which
brings all values to a range between 0 and 1.

scaler = MinMaxScaler ()

features normalized = scaler.fit transform(features)

Normalization helps make the learning process more efficient, preventing the Urban Neural Network
(UNN) from encountering problems when dealing with data of very large scales.

In the case under analysis, the input of values was performed using an approximation of values, a kind
of pre-normalization, to facilitate the normalization process.

4. Definition of the UNN Model (Urban Neural Network)



The designed neural network contains three hidden layers, each with 64 neurons and an activation
function (ReLU), and an output layer with two neurons to produce the two expected outputs for the
targets. Other options with one and two hidden layers were tested, yielding results with worse
predictions. The prediction is verified by calculating the difference between the output value and the
actual value, which is related to the eight available city inputs. It is important to clarify that an exact
match has a practically zero probability, since two cities with identical inputs can have different actual
reference values for different outputs.

modelo = tf.keras.Sequential ([

tf.keras.layers.Dense (units=64, input shape=[8], activation='relu'), # Primera capa oculta
tf.keras.layers.Dense (units=64, activation='relu'), # Segunda capa oculta
tf.keras.layers.Dense (units=64, activation='relu'), # Tercera capa oculta
tf.keras.layers.Dense (units=2) # Capa de salida con dos neuronas])

5. Visualizing the Neural Network Structure

A function called draw_neural_network allows you to graphically visualize the neural network
architecture using the networkx graphics library. This function creates an intuitive network graph,
showing layers and connections between neurons in different layers.

def dibujar_ red neuronal (modelo) :
G = nx.DiGraph ()
capas = []
for i, layer in enumerate (modelo.layers):

capas.append([f'Layer {i+l} Neuron {j+1}' for j in range(layer.units)])

nx.draw (G, pos, with labels=True, node size=2000, node color='lightblue', font size=10,
font _weight='bold', arrows=True)

plt.title('Esquema de la Red Neuronal')

plt.show()

6. Model Compilation and Training

The model is compiled with the Adam optimizer and the appropriate loss function for mean-squared-
error regression problems.

modelo.compile (
optimizer=tf.keras.optimizers.Adam(0.0001),
loss='mean squared error'

historial = modelo.fit (features normalized, targets, epochs=1400, verbose=False)

The model is trained with 1400 learning epochs. It has been tested with 500 and 1500 cycles, with worse
prediction results due to underlearning and overlearning, respectively.

The training data were normalized beforehand, and at the end of the training, the loss is plotted to
visualize the model's progress.

plt.xlabel ('#Epoca')

plt.ylabel ('Magnitud de pérdida')
plt.plot (historial.history['loss'])
plt.show ()
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FIG. 3. LEARNING CURVE (BLUE) AND VALIDATION (ORANGE) OF RNU8_2 WITHOUT DROPOUT AND WITH DROPOUT 0.3
SOURCE: AUTHOR'S OWN ELABORATION OBTAINED FROM RNUS8_2 ALGORITHM WITH 16 NEURONS IN 3 HIDDEN LAYERS IN COLAB

7. Extracting Weights and Biases from the Neural Network
The weights and biases are requested. The code prints the weights and biases that the model learned
during training for each layer of the neural network.

for i, layer in enumerate (modelo.layers):
pesos, sesgos = layer.get weights ()
print (£"Capa {i+1l}:")
print (f"Pesos:\n{pesos}")

print (f"Sesgos:\n{sesgos}")
It allows you to analyze the adjustment of the RNU's internal parameters to diagnose the predictions.

8. Save the Model in Keras and TensorFlow.js Formats
The trained model is saved in .h5 format for local use and in TensorFlow.js format for use in the web
application. Obtaining this file is necessary for the tests performed with Visual Studio Code.

modelo.save ('/content/model.h5")

tfjs.converters.save keras model (modelo, '/content/MODELOS/Urbana')

9. Prediction on New Manually Entered Data
The make_prediction function allows predictions to be made based on new update data after
normalization.

def make prediction (RentanetaPersonamE, RentaHogarmE, activa, edupoblacion64,
Preciomediovivienda2023mE, mViviendas, Compacidad, Numviv_ Numhogares) :

input data = np.array([[float (RentanetaPersonamk), float (RentaHogarmk), ...]])

input data normalized = scaler.transform(input data)

prediction = modelo.predict (input data normalized)

return prediction([0][0], prediction[0][1]

10. Calculation of the Prediction Error (MSE)
The code includes the calculate_error function, which calculates the Mean Squared Error (MSE)
between the model's predictions and the actual values included in the targets.

def calcular _error():
predicciones = modelo.predict (features normalized)
mse = np.mean (np.square (predicciones - targets))

print (f"Error cuadratico medio (MSE): {mse}")



11. Graph of Predictions and Actual Values
The graph_predictions function allows you to visually compare the model's predictions with the actual
values, creating a scatter plot for each target variable.

def graficar predicciones():

predicciones = modelo.predict (features normalized)

plt.figure (figsize=(10, 6)

for i in range(targets.shape[l]):
plt.subplot(l, 2, i + 1)
plt.scatter(targets([:, 1], predicciones[:, i], alpha=0.7)
plt.plot([-100, 100], [-100, 1001, 'r--")

plt.tight layout ()

plt.show ()

12. User Input Widgets

Finally, the code creates interactive widgets that allow users to enter values for the different parameters
in order to predict the result, which in this case is n0/nl. This set of widgets is useful for implementing
the model in environments such as Visual Studio Code or Google Colab with a comprehensive interface,
as shown in Fig. 4.

RentaPersonamE = widgets.FloatText (description='Renta neta/Persona m€', value=0.0)

button = widgets.Button(description="Hacer Prediccidén")

output = widgets.Output ()

def on_button click(b):
with output:
output.clear output ()
resultl, result2 = make prediction(RentaPersonamE.value, RentaHogarmE.value,
activa.value, ...)
print (f'Prediccién (A Poblacional): {resultl}')

print (f'Prediccién ((n0/nl)-(1/e)): {result2}')

button.on_click(on_button click)
display (RentaPersonamk, RentaHogarmE, activa, edupoblacion64, Preciomediovivienda2023mE,

mviviendas, Compacidad, Numviv_Numhogares, button, output)

It includes the prediction of the target outcome in the RNU (Real-Time Neural Network), allowing the
input of new values to generate new predictions.

The described code generates a complete workflow for developing a neural network for prediction on
socioeconomic, environmental, and spatial data, including the database, model generation and training,
and the integration of the interactive graphical interface for making real-time predictions of expected
outputs, in this case (n0/nl) — (1/e). This value reflects the urban system's proximity to the risk of its
"death" or abandonment due to a lack of opportunities for the population. In this case, eight values have
been identified that characterize the "vitality of the city." As the value increases between 0 and 1, the
city's vitality also increases. A negative value indicates that the urban system has passed the point of
recovery and requires an injection of extraordinary external resources for its survival. The urban
variables related to this urban vitality indicator can be replaced by others deemed more appropriate,
based on Urban Mechanics studies or the availability of values from other urban indicators.
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Interpretation of the parameters of the 3 hidden layers 1, 2, and 3

Each of the three hidden layers has 16 neurons, each with a set of weights and an associated bias. The
weights are the values that determine the influence of each input on each neuron in the layer. These
weights are adjusted during model training to minimize the error between the prediction and the actual
values. The biases help adjust the activation function, shifting it to activate or deactivate a given neuron.

Interpretation of the parameters of layer 4 (Output Layer)
In the output layer, each neuron represents an expected output of the model. In this case, 15 neurons
are projected onto the output, corresponding to 15 outputs.

General Model Analysis

Although the model demonstrates sufficient learning, the extreme values of some weights suggest that
certain neurons may be more influenced than others, validating the predicted relationships between
input data and outputs. However, excessively high weight values indicate that the model is overfitted to
certain patterns in the training data.

It has been observed that the validation curve diverges from the learning curve around cycle 600, at
which point the prediction error remains high. It is possible to regularize the model by applying L2 or
dropout techniques to reduce the dependence on extreme weights and improve the RNU's performance.
The result of L2 regularization is to reduce the weight values to small values; this has not improved the
magnitude of training loss (blue line), although it has improved validation (orange line). Regularization
with dropout, which involves randomly removing neurons, initially shows a decrease in both lines up to
200 cycles, where training and validation loss decrease, indicating that the model is learning patterns in
both the training and validation data. Subsequently, training loss begins to oscillate and shows a general
increase instead of continuing to decrease due to significant fluctuations in the fit of the training data.
Validation loss begins to increase after reaching a minimum due to overfitting to the training data,
suggesting that the model does not generalize well to new data and is adapting to the values in the
training data. On the other hand, the oscillations in training loss indicate a difficulty for the model in
stabilizing its learning on the training data.

Quantitative Error Assessment

A Mean Squared Error (MSE) and R? close to 1 relative to the scale of the output data indicate that the
model is making accurate predictions, while high MSE values and a low R2 indicate problems with
accuracy. The model has shown a Mean Squared Error (MSE) of 112.

If the output values are significantly higher than the MSE value, the error is acceptable. However, if the
output values are in a lower range, the deviation between predictions and actual values may be
excessive. If high errors are obtained for specific outputs, the model does not accurately capture the
relationships for those particular outputs. In the analysis performed, the MSE is compared with a visual
assessment of the error to determine the model's validity.

Visual Assessment of the Error: Comparing the actual and predicted values in the scatter plot shows
that they align.
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FIG. 4. Dispersion between actual input value and target prediction on the left and prediction interface widgets on the right
Source: Author's own elaboration obtained from Algorithm RNU8_2 with 16 neurons in 3 hidden layers in Colab

The scatter plot shows the relationship between the actual values and the model's predictions for the
Output. An upward trend is observed in the points scattered along the red dashed reference line,
indicating that the model achieves a positive correlation between both variables.

The points are more concentrated around values close to zero and dispersed at the more extreme
values because the distribution of the actual data is mostly close to zero. Dispersion is also observed at
the most extreme values with respect to the reference line, although several points are close to it, which
means that the model exhibits inaccuracy in the actual and predicted values furthest from the origin
(approximately £100).

The model may generate a prediction error that affects the MSE because some points deviate from the
reference line. The MSE of 112 is moderate, so fit tests were performed using L2 regularization and
dropout, but the results raise concerns about learning and validation.

Therefore, it can be concluded that the model offers accurate results, although it is possible to improve
the prediction with additional adjustments, but above all with more training inputs that allow for better
capture of variations. Unfortunately, the database is limited to 36 cities, which considerably reduces the
learning capacity. The present model has established relationships between different inputs and
outputs. Undoubtedly, it is possible to find other relationships that could improve the prediction, which
represents a diverse and multidisciplinary avenue of research aimed at strengthening the tool for
predicting the behavior of a city, an urban system, or a territorial system in order to evaluate different
scenarios due to disturbances in each of the different urban variables. Nevertheless, the initial stages
of this study will allow for the systematization of urban data collection by grouping by city range and
location.

4. Urban Neural Networks RNU1_15

Now, a set of urban characteristics will be calculated from the value of a variable. The X and Y matrices
represent the input data and the target (or output) values of the machine learning problem.

X is the one-dimensional matrix containing the model's input values for the vulnerability of the right to
housing, using the number of households/number of dwellings ratio as a reference.

Y is the two-dimensional matrix where each row represents the attributes of each urban input, which
correspond to the urban objectives or targets that the model aims to predict. In this case, these
objectives or targets comprise 15 variables that model the city, the urban system, or the territorial
system. The following variables obtained from the INE (National Institute of Statistics) have been
selected:
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n0/nl City vitality nO=inactive population nl=active population

INVMUN M Municipal investment in

% AGR Percentage of agricultural land

% IND_COM_PUB_MIL_PRIV Percentage of industrial, commercial, public, military, and private land
SALARIO m€ Salary in thousands of €

HOG/VIV Ratio between number of households and number of dwellings

DPOB Population density in thousands of inhabitants per km2 mhab/km?

% RESD Percentage of residential land

INVMA Municipal investment in the Environment in millions of € M€

% V_D_O Percentage of land

A POB14/21 Population increase between 2014 and 2021

% NAT Percentage of natural land

INVVU Municipal investment in urban green spaces in millions of € M€

DPOBTRESS Density Population density (thousands of inhabitants per km?)

COMPRES Residential density (thousands of dwellings per km2) m dwellings/km2res %INFT Percentage
of land dedicated to communication infrastructure

Each of these variables corresponds to a value in the Urban Matrix formulated in Right to the City
through urban entropy and enthalpy. In this matrix, the vulnerability input occupies position (2,2). The
remaining cells are occupied by the variables listed above, following the order by rows i

(i,)) Vi,j  1<ij<4 #(2,2) =input

It is important to clarify that the variables chosen to represent the magnitude of the urban matrix are
limited by the municipal data available from the INE (National Institute of Statistics), and therefore their
representativeness will be limited in some cases, as will be discussed later.

1. Installation and Import of Libraries
As in the previous model, the libraries necessary for data analysis and visualization, as well as for
building the neural network, are installed and imported.

# Importar las bibliotecas necesarias

!'pip install ipywidgets tensorflow matplotlib numpy tensorflowjs
import numpy as np

import tensorflow as tf

from tensorflow.keras.models import Sequential

from tensorflow.keras.layers import Dense

from tensorflow.keras import Input

import matplotlib.pyplot as plt

import seaborn as sns

from ipywidgets import widgets, Button

from IPython.display import display

This set of libraries allows you to:

Create and train neural network models (‘tensorflow’, “keras®).
Work with arrays and perform mathematical calculations ("numpy’).
Visualize data and graphs ("matplotlib’, “seaborn’).

Build an interactive user interface (‘ipywidgets’, "IPython.display’).
2. Defining Input Data and Target Values

The matrices of real values X and Y are defined, representing the input data and the values that the
model must learn to predict.
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# Definir los datos de entrada (2.2) Num viv/Num hogares
X = np.array([131, 139, 131, 137, 127, 126, 137, 110, 124, 134, 124, 121, 140, 160, 140, 122,
135, 135, 120, 141,

115, 101, 127, 132, 114, 120, 142, 115, 120, 122, 121, 129, 123, 117])
# Definir los valores target
Y = np.array([ (21,13.04,75.60,1.39,9.48,0.15,1.37,0.05,0.26,-2.73,18.56,8.12,9.49,4.67,1.00),
(24,15.74,13.00,6.95,7.99,1.68,11.88,2.31,2.11,26.14,54.45,3.43,9.76,5.32,3.03),

(13,41.30,30.47,3.71,10.22,0.70,2.60,3.80,0.99,11.63,53.49,15.22,16.90,8.04,3.61)
1)

The values in the 1x34 matrix X represent the ratio of dwellings to households in the urban system,
serving as a coefficient to represent the vulnerability of the right to housing in this case. It is important
to clarify that this easily obtainable coefficient has been adopted, but the number of housing applicants
could be used as a reference, offering a better measure of the vulnerability of this urban right. This data
is published by some regional administrations with municipal status, but it could not be included because
many of the cities in the database do not have this data available on open platforms.
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Albacete 0,21 13,04 75,60 1,39 9,48 131 152,7 1,37] 0,05 0,26 -2,73 18,56 8,12 9,49 4,67 1,00
Alicante 0,24 15,74 13,00 6,95 7,99 139 1.6765 11,88 2,31 2,11 26,14 54,45 3,43 9,76 5,32 3,03]
Almeria 0,34 11,53 11,05 1,37 8,03 131 679,5 2,48] 0,45 0,80 26,81 77,15 154 13,35 6,46 2,38
Avila 0,16 11,68 9,46 1,92 9,57 137 253,0 1,24 0,11 0,77 -11,92 81,02 4,13 9,77 572 1,85
Badajoz 0,27 783 53,95 1,15 8,49 127 104,8 0,86 1,26 0,28 -0,23 41,12 3,76 8,25 4,02 0,83
Barcelona 0,13 488,90 0,20 15,64 12,24 1,02 16.256,5 6,47 38,06 9,95 2,80 20,48| 382,78 37,91 15,62 9,69
Burgos 0,14 18,34 44,91 13,56 10,15 126 1.644,6 3,50 0,02 2,57 -2555 19,55 6,56 18,60 9,71 5,01
Caceres 0,24 348 13,15 0,29 9,40 137 55,0 0,42 113 0,16 -4,22 83,85 0,34 785 4,34 0,78
Cadiz 0,26 13,42 0,00 14,59 7,92 1,10 9.408,2 0,45] 0,30 2,69 -5257 40,69 5,85 34,22 14,99 14,17
Castello 0,20 16,64 36,76 10,14 9,24 124 1.5999 10,55] 0,20 137 -1341 29,67 6,21 10,08 4,96 4,60
Ciudad Real 0,19 0,94 64,50 1,32 10,43 134 264,9 2,50] 0,11 0,52 -5,33 24,54 0,35 9,23 4,85 2,39
Cérdoba 0,38 13,66 67,11 1,22 8,12 1,24 258,2 2,24 0,63 031 -17,08 25,77 2,50 7,97 3,69 1,24
Corufia, A 0,15 24,37 6,32 16,46 10,06 121 6.541,7 6,35] 1,48 5,86 -2,93 33,55 8,36 25,87 13,16 6,69]
Cuenca 0,19 4,83 9,93 0,48 9,57 1,40 59,3 0,50 0,82 011 -31,76 87,15 1,69 10,98 6,18 0,58
Girona 0,15 5,50 10,65 7,30 11,20 160 2.6484 8,38 0,15 4,72 51,87 55,07 3,10 15,95 9,41 3,57
Granada 0,37 1,96 32,45 7,02 8,62 1,40 2.6533 7,05] 0,01 231 -2654 36,58 0,17 19,50 11,49 3,45]
Guadalajara 0,18 2,50 57,48 1,69 10,46 122 3719 2,81 0,25 0,56 46,11 33,16 0,97 12,11 5,65 1,72]
Jaén 0,31 4,65 66,76 1,95 6,52 135 265,9 1,08] 0,69 0,39 -31,62 22,67 122 8,31 4,26 1,73]
Le6n 0,18 11,13 9,21 11,71 9,11 135 3.1786 9,02 0,69 471 -49,11 39,29 4,09 14,80 8,91 5,92]
Lleida 0,14 3,65 73,20 4,20 9,70 1,20 662,2 3,91 0,15 1,55 -0,94 10,19 0,14 12,15 5,58 3,33
Lugo 0,11 10,43 30,56 1,43 9,09 141 298,6 4,16 1,04 053 -13,74 55,84 0,90 4,52 2,69 3,70]
Madrid 0,15 310,10 4,62 8,32 13,22 114 55129 12,30 28,64 10,87 29,97 36,88 99,36 2591 11,56 9,57
Malaga 0,22 15,06 22,17 4,26 7,49 115 1.4635 4,66 141 131 22,66 54,55 2,71 16,21 6,94 5,08
Melilla 0,32 28,86 1,74 16,40 8,40 101 6.5718 7,58 10,44 8,30 1,73 33,26 8,28 22,66 6,53 5,34
Murcia 0,19 24,38 47,44 2,29 8,80 127 518,7 3,58 1,24 0,72 55,07 38,81 6,20 10,29 4,56 2,07
Palencia 0,15 10,70 51,71 4,20 9,06 132 823,0 3,17 0,00 137 -40,76 34,25] 7,85 14,14 7,94 151
Palmas, Las 0,28 44,57 4,02 6,83 8,53 1,14 3.7437 8,92 1,84 3,64 -4,41 53,92 15,88 18,59 787 6,14
Pontevedra 0,16 10,39 18,59 2,62 9,26 1,20 706,2 6,38 2,19 1,26 -3.44 62,44 3,22 7,50 3,69 4,17
Salamanca 0,18 15,50 20,34 11,99 8,07 1,42 3.666,5 9,93 3,16 7,02 -33,04 29,38 4,41 18,73 11,79 6,49]
Santa Cruz
de Tenerite | 032 | 3927 178 288 8% 115 13043 532| 397 101 1432 8225 746 1599 704 226
Sevilla 0,24 36,99 27,87 13,84 8,61 120 4.892,1 3,70 0,99 941 -21,32 12,06 3,05 22,25 10,22 8,88
Tarragona 0,19 11,10 12,48 10,96 10,25 122 2.436,1 10,64 0,28 4,62 24,64 44,26 137 14,24 6,65 8,75
Toledo 0,15 6,81 42,22 2,74 11,34 121 370,8 4,29 2,38 0,99 16,82 42,00 0,85 8,04 3,62 2,57
Valencia 0,19 81,33 28,14 8,15 9,57 129 5.8723 5,28 2,62 4,07 4,39 30,70 10,49 26,16 1342 5,73
Valladolid 0,14 32,79 45,17 8,52 9,55 123 16 5,73 7,35 307 -3337 26,37 12,09 14,44 753 3,00]
Zaragoza 0,13 41,30 30,47 3,71 10,22 117 701,3 2,60 3,80 0,99 11,63 53,49 15,22 16,90 8,04 3,61
11 12 13 14 2 22 23 24 3.1 3.2 33 3.4 4.1 4.2 43 4.4

FIG. 5. Base de datos RNU 1_15 36 ciudades Espafia
Fuente: Elaboracién propia consultando INE

The values in the 34x15 matrix Y represent the 15 actual values in the columns that form the urban

matrix for each of the 34 cities in the rows. These 15 values are the targets to be predicted. It is important
to clarify that, unlike the previous model which included data from 36 cities, the data for Madrid and
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Barcelona have been removed here because they cause prediction dispersion problems due to their
very different data sets compared to the rest of the cities. This affects the prenormalization process used
to improve model learning.

3. Data Normalization

Normalization transforms the data into values between 0 and 1 to facilitate model training, as neural
network algorithms perform better with normalized data.

# Normalizar los datos de entrada y salida
X max, Y max = np.max(X), np.max(Y)

X normalized, Y normalized = X / X max, Y / Y max

Normalization involves calculating the maximum values in X and Y and dividing each value by these
maximums, generating X_normalized and Y_normalized, which are normalized versions of the input
and output data.

4. Architecture of the Urban Neural Network

The neural network model is defined using the Keras Sequential class, with three hidden layers and one
output layer containing 15 neurons, corresponding to the 15 values in each row of Y.

# Red neuronal ajustada

model = Sequential ([
Input (shape=(1,)),
Dense (64, activation='relu', kernel regularizer=tf.keras.regularizers.12(0.0001)),
Dense (128, activation='relu', kernel regularizer=tf.keras.regularizers.12(0.0001)),
Dense (128, activation='relu', kernel reqgularizer=tf.keras.regularizers.12(0.0001)),
Dense (15, activation='linear'")

1)

The first Input layer indicates that the model expects a single, one-dimensional input. Five Dense layers
of 128 and 64 neurons are included, each with linear relu activation, allowing the generation of any real-
world value. While L2 regularization can be applied, it has been shown that in this case, its contribution
to reducing overfitting by penalizing neuron weights is unnecessary.

The output layer, Densel5, activation=linear, has 15 neurons, each representing an output value for the
15 elements in the Y matrix.

5. Model Compilation and Training
The model is trained using the Adam optimizer, with a low learning rate (0.00001) and the mean squared
error loss function.

# Compilacidén y entrenamiento con ajuste en tasa de aprendizaje y optimizador Adam
model.compile (optimizer=tf.keras.optimizers.Adam(learning rate=0.00001),
loss='mean_squared_error')

historial = model.fit (X normalized, Y normalized, epochs=1000, verbose=1, validation split=0.2)

The model is trained for 1000 cycles, reserving 20% of the data for validation. Feedback is applied in
each cycle during training to adjust the network weights and minimize prediction error.

6. Visualization of Training Loss

A scriptis added to graph the loss over time in order to evaluate model convergence or overfitting issues.
This check is essential to determine the model's accuracy, as observed in the previous model, which
exhibited validation problems during training. However, in this case, the model performed better.
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# Grafica de pérdida ajustada

plt.xlabel ('#Epoca')

plt.ylabel ('Pérdida')

plt.plot (historial.history['loss'], label='Entrenamiento')
plt.plot (historial.history['val loss'], label='Validacién')
plt.legend()

plt.show ()

The loss is plotted on both the training and validation sets, allowing observation of whether the model
consistently improves or is overfitted.

7. Calculation of the Mean Squared Error (MSE)

The mean squared error is calculated as a benchmark value that reflects the confidence in the predictive
model.

# Calcular el Error Cuadratico Medio (MSE)

predicciones = model.predict (X normalized) * Y max # Escalar las predicciones a los valores
originales

mse = np.mean (np.square (Y - predicciones)) # Calcular el MSE

print (f"Error cuadratico medio (MSE): {mse}")

8. Prediction and Error Calculation Functions
Functions are created to predict a given value (predict) and to calculate the absolute error between the
actual and predicted values (calculate_error).

def predecir (value):
value normalized = np.array([value]) / X max
prediction = model.predict (value normalized)

return prediction * Y max

def calcular error(real target, prediccion target):

return np.abs(real target - prediccion_target)

The “predict” function takes an input value, normalizes it, and obtains the prediction by running the
model. This prediction is then denormalized to obtain the predicted value on its original scale by
multiplying by Y_max. The “calculate_error’ function provides the absolute error, as the absolute
difference between the actual and predicted values.

9. Calculation of Absolute Error and Error Graph
The absolute errors between the predictions and actual values are calculated for each output.

# Obtener las predicciones y los valores reales
predicciones = model.predict (X normalized) * Y max

valores_reales = Y

# Calcular el error absoluto entre cada valor real y prediccidn

errores = calcular_ error (valores reales, predicciones)

# Grafica de error para cada output
plt.figure (figsize=(12, 8))
for i in range(15):

plt.subplot (3, 5, i + 1)
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plt.bar (range(len(errores)), errores[:, i], color='salmon')
plt.xlabel ('Muestra')
plt.ylabel (f'Error Output {i+1}"'")
plt.title(f'Error en Output {i+1l}"')
plt.tight layout ()
plt.show ()

Each subplot displays the absolute error for each of the 15 outputs.

10. Creating a 4x4 Prediction Table

A function is created that generates a 4x4 table with predictions and displays it using Seaborn. It's
important to remember that the 4x4 table is the urban matrix composed of the output or target values
resulting from the prediction.

def crear tabla 4x4(value, prediction):

tabla 4x4 = np.zeros( (4, 4))

tabla 4x4[1, 1] = value

tabla 4x4[0, :] = prediction[O0][:4]

tabla 4x4[1, [0, 2, 3]] = prediction[0][4:7]
tabla 4x4[2, :] = prediction[0][7:11]

tabla 4x4[3, :] = prediction[0][11:]

return tabla_ 4x4

names = [
["n0/nl", "INVMUN M", "% AGR", "% IND COM PUB MIL PRIV"],
["SALARIO m€", "viv/hog", "DPOB mhab/km2", "% RESD"],
["INVMA ME", "% V_D O", "A POBl4/21", "% NAT"],
["INVVU ME", "DPOBTRES m hab/km2", "COMPRES m viv/Km2res", "S$SINFT"]
]
def mostrar_ tabla 4x4(tabla 4x4, titulo="Tabla de Prediccidn 4x4"):
plt.figure (figsize=(10, 10))
sns.heatmap (tabla 4x4, annot:[[f"{names[i][j]}\n{tabla74x4[iJ[jJ:.2f}" for j in range (4)
for i in range (4)],
fmt="", cmap="'coolwarm', cbar=True, linewidths=1, linecolor="'black',
xticklabels=[4, 3, 2, 1],
yticklabels=[4, 3, 2, 11)
plt.title(titulo)
plt.show ()

Figure 6 shows that the input is located in box 2.2 of the Urban Matrix corresponding to social
vulnerability of urban rights.
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Tabla de Prediccidn dxd

Prediccidn Inicial con Entrada 2.2

INVMUN M

INVMUN M
16.02

N 13.27

- 100

IPOBTRE

4 3 2 1
FIG. 6. 4x4 prediction table with initial value and interactive value using widgets.
Source: Author's own work, obtained from Algorithm RNU1_15 in Colab

11. Interactive Interface with Widgets
To make real-time predictions, interactive widgets from ipywidgets are used, allowing you to adjust input
values and update the prediction and visualization of the 4x4 table in real time.

nuevo valor slider = widgets.FloatSlider (min=0, max=200, step=1, value=131, description
="Valor de entrada")

button = widgets.Button(description="Calcular prediccidén")

def on_button clicked(b):
value = nuevo_valor_slider.value
prediction = predecir (value)
tabla 4x4 = crear_tabla_ 4x4(value, prediction)

mostrar tabla 4x4 (tabla 4x4)

button.on click(on_button clicked)

display (nuevo_valor slider, button)

The interface in this case is presented as a bar that allows the entry of input values between 0 and 200,
corresponding to actual values between 0 and 0.2, as shown in Fig. 10.

12. Final Scatter Plot

Finally, a scatter plot of the actual values versus the predicted values for the 15 outputs is created,
allowing for a visual evaluation of the model's accuracy.
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FIG. 7. Scatter plot of actual values versus predicted values in the left graph with normalized values and in the right graph with
actual values.
Source: Author's own elaboration obtained from Algorithm RNU1_15 with 3 hidden layers in Colab

Figure 6 shows the error distribution in the outputs. Each output corresponds to a set of 15 real values
Y and the values predicted by the neural network. The error for each output is reviewed independently,
revealing that some outputs show highly accurate predictions, while others exhibit some error. The
diagonal line of equality, originating at (0, 0) and extending to the maximum point of the output range,
represents the equivalence between real and predicted values. Closer proximity to the line of equality
indicates that the Urban Neural Network contains negligible prediction errors. Conversely, a distance
from the line of equality indicates a significant prediction error for the Urban Neural Network.

The graph shows a dispersion between the actual and predicted values of the neural network for some
outputs, especially in higher or lower ranges that exhibit a dispersion far from the line of equality. This
is despite the model having achieved a final training loss of 0.0592 and a validation loss of 0.0616,
although the model appears to have achieved good convergence in terms of loss. It is not considered
necessary to check for errors related to overfitting or underfitting with L2, dropout, or early stopping,
since a satisfactory decrease in loss is observed during both training and validation as training
progresses.
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FIG. 8. Training loss and validation loss
Source: Author's own elaboration obtained from Algorithm RNU1_15 with 3 hidden layers in Colab

Error analysis for each output allows for the identification of areas where the model needs improvement.
However, tests related to hyperparameter tuning have also been performed, adjusting the learning rate
to a lower level or dynamic adjustment during training (learning rate decay) to improve convergence.
Different layer and neuron configurations have also been added. It is not possible, however, to increase
the dataset size, which could substantially improve the model's performance. Conversely, the values
for Madrid and Barcelona have been removed as they are considered outliers.

5. Application of neural networks to predict the urban vitality of El Puerto de Santa Maria.

The draft of the General Urban Development Plan (PGOM) for El Puerto de Santa Maria analyzes four
alternatives, the most significant difference between which lies in land use.
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In the analyses conducted to identify the best urban development option through Strategic
Environmental Assessment, Alternative 3 was selected from an environmental perspective, based on
quantitative assessment methods. It clearly achieved a higher score than the other three alternatives
due to its positive performance across most key environmental aspects.

FIG. 9. Alternatives A0 and A3 of the Preliminary General Urban Development Plan of El Puerto de Santa Maria (2023)
Source: Author's own elaboration

One of the most noteworthy aspects considered in this assessment is the restructuring of the existing
city, since the principle guiding Alternative 3 is urban development through near-zero growth, thereby
minimizing the occupation of new land. For this reason, it is more environmentally favorable than
Alternative 2, as it proposes a smaller area of new urban development and does not include
infrastructure that has subsequently been deemed unnecessary, opting instead for the expansion and
improvement of existing roads.
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A similar situation exists with respect to Alternatives 0 and 1. Alternative O involves leaving the current
situation without any urban planning intervention, maintaining the irregularly dispersed housing of more
than 5,200 homes spread across the western periphery of the urban area (shown in yellow). Alternative
1 is equivalent to the annulled 2012 General Urban Development Plan (PGOU) due to the failure to
carry out a Strategic Environmental Assessment. This alternative proposes expanding the urban land
area to encompass all irregular settlements, creating a grid pattern over the green areas in the western
part of the city. It treats all the land homogeneously, prioritizing urban sprawl over the reuse and
integration of the existing city. This is crucial considering the situation of some neighborhoods in the
urban center of El Puerto de Santa Maria, which require rehabilitation, particularly regarding housing.

Additionally, urban neural network methodology was applied to predict the urban vitality of the proposed
alternatives A0 and A3 of the El Puerto de Santa Maria General Urban Development Plan (PGOM)
Preliminary Document.

The urban vitality analysis was restricted to considering only the increase in housing and the density of
thousands of dwellings per square kilometer. Alternative 3 includes irregular housing, while Alternative
0 maintains that irregular housing is illegally spread across the rural land. The remaining parameters
remain constant in this exercise, as shown in the following table.

INPUT A3 AO
Net Income/Person m€ 10,83 10,83
Income/Household (€) m€ 30,08 30,08
Population 15-64 years % 67,76 67,76
Population 25-64 years (University Graduates) | % 20,68 20,68
Average Housing Price 2023 m€/m2 1,614 1,614
Housing mviv 49,03 43,83
Compactness mviv/ikm2 res | 2,14 2,64
Number of Housing Units/Number  of 15 1,3
Households

The values altered in this analysis are considered to be related to housing. The number of dwellings,
5,200, increases upon achieving regularization, with the corresponding urban or suburban amenities for
each land classification, which in any case guarantee their safety, health, and habitability. On the other
hand, by establishing delimited urban and suburban areas, the surface area of planned residential land
decreases, thus increasing density. Finally, the increase in the number of legal and regular dwellings,
which rises by 5,200 units, allows for greater availability for households. The proportion of available
dwellings per household should be analyzed and compared with the number of 4,409 vacant dwellings
in El Puerto de Santa Maria, which represents 9% of the total dwellings according to the INE (National
Institute of Statistics).

Using this hidden 3-layer neural network, the value (n1/n0) - (1/e) has been calculated, which indicates
urban vitality. The results show that Alternative A3 maintains a distance of 13.7 (0.23) points, and
Alternative A0 maintains a distance of 12.9 (0.24) points. These figures are equivalent to unemployment
rates of 18% and 19%, respectively.

The analysis yields an urban vitality value of (n0/nl) - (1/e) = 0.137, so n0/nl equals 0.24. This ratio is
equivalent to an unemployment rate of 18%, which places El Puerto de Santa Maria in a precarious
situation regarding development in future scenarios unless there is external investment. This prediction
is found to be consistent with reality, as the unemployment rate reached 18% in 2022, the year in which
the calculation was made.

Therefore, it is considered advisable to implement urban land planning by regularizing and legalizing
the 5,200 currently irregular dwellings.
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Next, the indicators of the 4x4 Urban Matrix are evaluated, incorporating the impact value of 1.5
dwellings per household, which amounts to 1.50. This situation represents a low level of vulnerability,
as there is a high proportion of dwellings per household compared to other cities. This coincides with
the 578 housing applicants, representing 0.6% of the population, which differs substantially from the
4,752 in Cadiz, representing 4.2% of the population.

The execution of the model offers a predicted scenario of the Urban Matrix resulting from applying the
behavior of the set of medium-sized Spanish cities in the year 2022 to El Puerto de Santa Maria in a
scenario of moderate housing vulnerability of 1.5 homes per household.
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FIG. 10. Predicted values for the Urban Matrix of El Puerto de Santa Maria (2023)
Source: Prepared by the author using Algorithm RNU1_15 with 3 hidden layers in Colab

This data can be classified into the following sections

Modelo Datos propios calculados a partir de datos existentes del sistema urbano

Politica Datos derivados de decisiones politicas municipales

Territorio Datos derivados de la geografia del sistema urbano

Cultura Datos del sistema urbano basados en la tradicion e historia municipal
Cultura_Politica | Datos procedentes de los habitos y costumbres, asi como de decisiones politicas
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The section on proprietary data is considered representative of the element of the urban matrix that
models the urban system. The policy section represents the municipal effort to address urban law. The
existing and fixed territorial data are the result of geography and territory, so it will be observed that
there will be differences in the forecast. The cultural data are pre-existing data, meaning they evaluate
the settlement system built over time and across generations, and are therefore highly stable. The
Culture_Politics data also correspond to characteristics of the urban system whose value is flexible
depending on the policies and investments adopted for their correction.

MATRIZ URBANA | OUTPUT PREDICCION | REAL
1,1 n0/nl 18,38 24
1,2 INVMUN M€ 7,48 2,2
1,3 AGR % 13,79 48,41
1,4 IND_COM_PUB_MIL_PRIV | % 6,4 2,8
02,1 SALARIO mé€ 9,26 10,8
2,2 VIV/HOG 15 1,5
2,3 DPOB Mhb/km2 [ 2,02 0,55
2,4 RESD % 6,76 3,6
3,1 INVMA M€ 1,22 0,26
3,2 V DO % 3,72 0,6
3.3 A POB14/21 % 12,62 1,2
3,4 NA % 55,51 1
4,1 INVVU M€ 3,07 0,28
4,2 DPOBTRES mhb/km2 | 14,16 0,56
4,3 COMPRES mhb/km2 | 8,36 8,4
4,4 NFT % 4,27

It was noted that the results of the predictions allow for a comparison of urban or territorial realities with
the same data, in order to identify discrepancies or imbalances that contribute to correcting the variable
in question and/or directly or indirectly addressing the affected urban planning regulations. Thus, the
difference between the obtained and predicted values reflects that policy decisions regarding
investments (orange) for this scenario of moderate housing vulnerability are inadequate, making it likely
that this vulnerability will persist over time unless this decision is corrected. It is considered relevant that
the predicted population increase in a city like El Puerto de Santa Maria has practically stabilized. During
the drafting of the Preliminary Report, it was also observed that the municipalities in the Bay and along
the nearby coast had experienced population growth of around 8% since 2015, closer to the prediction,
and this unique characteristic is also reflected in the present analysis.

On the other hand, it is observed that the values corresponding to territorial characteristics (green)
continue to show deficiencies compared to the forecast. The reason for this difference may reveal some
general deficit in the management of resources of the urban system of El Puerto de Santa Maria, which
would need to be developed, including the excessive unemployment rate that is derived from the value
24 corresponding to n0/n1.
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