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Abstract

Spatial-temporal land use patterns in urban environments are essential to understanding city dynamics. To uncover these patterns,
many researchers have used the digital fingerprints of people’s interaction with urban infrastructure, such as phone calls, facility
check-ins, and geolocated social media activity. Despite multiple studies on the detection of land use patterns in urban environ-
ments, the need for more consensus on the appropriate metrics to define which set of patterns best describes the dynamics of a
city remains a significant limitation. This evaluation is often subjective and depends on the researcher’s in-depth knowledge of the
study area, which makes an extensive comparison of multiple cities difficult.

This paper introduces a novel set of metrics to determine the patterns that best represent urban activity, diminishing subjective
interpretations. Our methodology, which tests our metrics on land use patterns obtained from a dynamic topic model, is a fresh
approach to the field. To apply our methodology, we use a dataset of human urban activities collected over 17 years in cities with
more than 1 million inhabitants or country capitals. Our results demonstrate that these metrics are a starting point for understanding,
analyzing, and choosing the land use patterns that best describe the dynamics and use given to urban space. The practical impli-
cations of our research are significant, as it can guide decision-making processes and contribute to the sustainable development of
urban areas. However, it is important to highlight that there is still work to be done to reach a consensus on the optimal metrics to
evaluate these patterns.
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1. Introduction

The convergence of digital traces and geo-crowdsourcing data offers a unique opportunity to understand human
behavior in urban environments and planning contexts [4, 27, 29, 31]. These datasets can provide useful insights
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for effective transportation management [12, 23, 28], for addressing natural disaster management and mitigation
[5, 6, 30, 33], analyze patterns of terrorist activities [2, 10, 26], among others. These applications are diverse and
have significant implications for society. In parallel, we have witnessed a notable expansion of technology in recent
decades, with advances that have led to its ubiquity in our daily lives [1]. It is common for people to have multiple
technological devices that function as sensors, capturing various aspects of their daily activities. Mobile phones, ubiq-
uitous in today’s society, record communication patterns, track location through GPS [34], and facilitate access to
social networks where ideas and experiences are shared. Given this context, taking advantage of this wealth of data is
essential to strengthen urban planning and the management of complex infrastructures. However, accurately assessing
the land use patterns that emerge from the analysis of these data remains a challenge, with subjectivity and lack of
consensus on appropriate metrics as important limitations. A widely used evaluation methodology of land use patterns
relies on the expertise and deep knowledge of the researcher. This approach allows for a more subjective evaluation
of the land uses and their relevance to the study’s specific context. However, it can be challenging for researchers to
obtain this knowledge when the study subject areas are extensive or unfamiliar. In such cases, alternative evaluation
methods may need to be considered, such as consulting with local experts or using additional data sources to under-
stand the area better. The most popular metric used is the cosine distance, which is used as a dissimilarity measure
and is most commonly used to evaluate the similarity between topics [7, 14, 20, 32]. Therefore, in this study, we aim
to address the following research question: What objective metrics can be defined, calculated using multi-sensor and
multi-temporal data, and applied to select the best representation of spatio-temporal land use patterns?

We utilize the Geotagged Digital Traces dataset [19] used in our previous research to address these research ques-
tions effectively. This dataset includes 32 million records from various fingerprint datasets covering mixed urban
activities. This collection includes activities such as geolocated tweets, images, and check-ins on various social me-
dia platforms. The information collected spans more than 17 years, allowing us to model temporal dependency and
explore the dynamic evolution of activity patterns.

The paper is structured as follows: Section 2 provides background details on previous work. Section 3 details
the proposed metrics, methodology, and applied computational methods. Section 4.1 describes the dataset used in
this study. Section 4 provides details of the experimental setup. Section 5 presents and discusses the results. Finally,
Section 6 offers our conclusions derived from the findings and suggests ideas for future research efforts.

2. Background and Related Work

The validation of land use patterns in urban environments has been an area of active research, especially with the
exponential growth of data from various technological and social sources. These data provide a detailed view of human
activities and land use behaviors in urban contexts, offering opportunities to improve urban planning and infrastruc-
ture management. In this sense, various approaches and techniques have been developed to validate and understand
land use patterns. For example, some researchers have used aggregation and dispersion models to analyze movement
histories and regional characteristics of human mobility [9]. These approaches offer a detailed understanding of the
historical trajectories of human mobility and the distinctive characteristics of different urban regions. Others have
employed spectral clustering techniques to model patterns of crowd activity in multiple cities [22], allowing the iden-
tification of large-scale spatial patterns of human activity. Additionally, methods that leverage data from social media
and mobile applications have been explored to validate and understand land use patterns. For example, techniques
such as the mean-shift algorithm have been used to identify landmarks using geolocated photo data [3]. Similarly,
using geolocated tweets as a complementary data source for urban planning applications has been investigated, using
techniques such as self-organizing maps, Voronoi tessellations, and K-means [8]. In urban planning and infrastruc-
ture management, validating land use patterns is essential to understand human interactions with public infrastructure
and predict future infrastructure needs [27, 31]. However, the need for more objective and precise data has tradition-
ally limited this process. In response, modern approaches have been developed using human activity records from
telecommunication companies and satellite image data to extract aggregated information on land use in urban areas
[11, 16, 24, 29]. As we have shown, there are several approaches to characterizing a city based on urban activities,
resulting in multiple ways of evaluating the quality of the resulting patterns. A commonly used approach is to evaluate
the consistency of the identified patterns or clusters using metrics such as cosine similarity [7, 14, 20, 32] or infor-
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mation entropy [15]. When the discovered activity patterns include a spatial component, geospatial metrics, such as
pattern distribution and coverage over the study area, are used to evaluate the results [13, 25].

3. Proposed metrics for assessing Multi-Sensor and Multi-Temporal Land Use Patterns

There are various approaches to characterizing land use patterns based on urban activities. As a result, there are
multiple ways to evaluate the quality of the results of a land use detection methodology. However, existing shared
foundations allow us to establish specific guidelines on the quality of the land use patterns discovered. One commonly
used methodology is to assess the consistency of identified patterns or clusters using metrics [7]. When the discovered
land use patterns present a spatial component, geospatial metrics, such as pattern distribution and coverage over the
study area, are used to evaluate the results. Our research has led us to identify desired properties for temporal land use
patterns. When combined with the corresponding metrics, these properties provide a practical and standardized frame-
work for assessing the quality of the patterns discovered. This framework is a tool that can be readily applied in urban
planning and land use, enabling professionals to make informed decisions based on reliable data. To mathematically
represent land-use patterns, we will use the exact definitions that were used in our previous research [17, 18, 21, 24].
Assuming a similarity function sim(x, y) between two land use patterns, the desired properties of temporal land use
patterns are the following:

• Intratemporal Similarity: One of the primary expected outcomes is that the patterns explain different activities
carried out in a urban environment. Therefore, land use patterns will be as dissimilar as possible between them.
Formally speaking, given a set of temporal land use patterns K , a time-slice partition S and K temporal land
use patterns, the Intratemporal Similarity takes the form:

IntraS im(K) =
1
|S|

∑
s∈S

2
K(K − 1)

K−1∑
k=0

K−1∑
l=0

1k,l · sim(ATs,k, ATs,l) (1)

Where 1k,l is the indicator function that values 1 when the predicate is true, and zero elsewhere. The optimal
set of land use patterns will minimize the Intratemporal Similarity. When the function used to compare land
use patterns is a distance function, the minimization problem becomes a maximization problem.

• Intertemporal Stability: When an urban environment is analyzed over time, the measured urban activity be-
havior is expected to stay the same over time. We will measure these gradual land-use behavior differences
from the changes between the same land-use pattern in adjacent time slices. Formally speaking, given a set
of temporal land use patterns K , a time-slice partition S, and K temporal land use patterns, the Intertemporal
Stability takes the form:

InterS ta(K) =
1
K

K−1∑
k=0

1
2|S| − 2

|S|−1∑
s=0

|S|−1∑
u=0

1|s−u|=1 · sim(ATs,k, ATu,k) (2)

The optimal set of land use patterns will maximize the Intertemporal Stability. The maximization problem
becomes a minimization problem when the function used to compare land use patterns is a distance function.

• Topic Consistency: Urban activity is based on their routine inhabitants, which is why there is a certain regularity
in the activities carried out on working days and during the weekend. This consistency can be observed in the
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empirical results obtained in multiple studies. Taking this into account, we propose the following metric of topic
coherence of weekly land use patterns ATs,k:

TC(ATs,k) =
5
7

∑
i, j∈weekdays

1i, j · sim(ATs,k,i, ATs,k, j) +
2
7

∑
i, j∈weekend

1i, j · sim(ATs,k,i, ATs,k, j) (3)

Where ATs,k,i correspond to components of day i in the activity topic ATs,k, i.e, the first 24 components of ATs,k

represents a Monday (i = 1), the next 24 components a Tuesday (i = 2), and so on.

• Topic Smoothness: Urban activity is carried out continuously, without significant restrictions that suddenly
limit all activity. For this reason, land-use patterns with smooth changes are preferred to those with high volatil-
ity during the day. We propose a simple and effective method to measure the smoothness of an activity topic.

TS (ATs,k) =

√√√
1

T − 2

T−1∑
i=1

(ds,k,i − d̄s,k)2 (4)

Where ATs,k ∈ R
T , the difference vector ds,k,i = ATs,k,i+1 − ATs,k,i, i = 1, · · · ,T − 1 and d̄s,k = 1

T−1
∑T−1

i=1 ds,k,i.
Optimal land use patterns will minimize this metric.

These metrics provide an objective framework for comparing the results of different land-use modeling processes,
ensuring that our evaluation method is comprehensive and rigorous. This allows us to accurately compare the temporal
city activity patterns discovered by diverse computational approaches. Unless stated otherwise, in this paper, the
above metrics were calculated using the cosine distance as the dissimilarity measure, commonly used to evaluate the
similarity between patterns [7, 14, 20, 32]. If two patternsare identical, their cosine distance equals zero, reflecting
their high similarity.

4. Experimental Setup

This study aims to apply the proposed metrics to assess the quality of land use patterns obtained from various
cities worldwide over a 17-year study period detailed in 4.1. This methodology utilized land-use patterns obtained in
previous research [17] using Dynamic Topic Modeling (DTM) and other algorithms. Therefore, we will follow the
following steps to determine the best representation of land use.

4.1. Data Description

The Geotagged Digital Traces dataset [19] is used in this study. It comprises approximately 32 million geotagged
urban activities obtained from social platforms such as Twitter, Foursquare, Yelp, Flickr, Gowalla, Brightkite, and
Weeplaces, collected over 17 years. Each urban activity is characterized by its geographical location and a time
stamp. This dataset is available to ensure the study’s reproducibility. In this work, we use the same definitions and
assumptions used in our previous research [17, 18, 21], where each urban activity was assigned to the nearest city, as
long as it is less than 30 km from the city center.
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4.2. Experimental setup for assessing city land-use patterns

• The initial step compares outcomes from different static models, such as LDA, K-Means, k-Shape, and Time
Series K-Means, to induce land-use patterns. Each time slice requires a separate model due to the lack of
temporal consideration.
• The unsupervised static modeling assigns varied labels to similar patterns across time slices, possibly represent-

ing the evolution of the same land use. To mitigate this, a heuristic algorithm is employed to assign identical
labels to the most similar land use patterns from different time slices, with the findings detailed in section 5.1.
• The dataset is divided into one-year and three-year time slices to establish the most effective temporal grouping.

Results of this comparison are detailed in section 5.2. Initially, models are trained using one-year intervals,
generating 17 pattern subsets, one for each year. Afterward, models are trained using three-year intervals. In
both cases, the number of land-use patterns ranges from k = 2 to k = 5.
• Finally, the model that most accurately characterizes land use is chosen, and the optimal number of land use

patterns is identified. The findings of this comparison and analysis are outlined in section 5.3.

5. Results and Discussion

This section presents results from applying the proposed metrics to a geo-tagged urban activities dataset to identify
Land Use Patterns. It includes analyses on temporal matching (See 5.1), temporal aggregation (See 5.2), optimal
model selection, and determining the number of activity patterns (See 5.3). Section 5.4 discusses the final model and
its real-life implications.

5.1. Assessing the temporal matching heuristic

This subsection evaluates the effectiveness of a temporal matching heuristic in aligning land use patterns across
sequential time slices. Traditional topic modeling processes are unsupervised, so similar topics across time slices may
receive different labels. A greedy heuristic is applied to match similar topics between consecutive time slices and
assign them the same label to address this.

Table 1 presents the results, showing the percentage increase in Intertemporal Stability achieved through topic
relabeling using the heuristic compared to unsupervised labeling. The table indicates the resolution of time slice
aggregation and the topic modeling process used. The results demonstrate significant improvement in Intertemporal
Stability for most processes with the heuristic, confirming its effectiveness in aligning activity patterns across time.
Hence, the relabeled activity topic labels will be utilized in subsequent analyses.

Table 1. The result of temporal matching heuristic of land use patterns. Time matching impact is measured using the Intertemporal Stability with
cosine similarity. Time Aggregation corresponds to the two temporal aggregation scenarios used. Model column shows the algorithm used to obtain
the patterns. Topics indicate the number of patterns obtained with each algorithm, varying between K = 2 and K = 5. Each value in the cells is the
percentage increment between the heuristic relabeling and the original topic labels

Time Aggregation Model
#Topics

2 3 4 5

one-year

K-Means 0.97% 7.57% 5.76% 16.46%
k-Shape 1.09% 2.45% 0.78% 1.70%
LDA 0.00% 0.00% 0.29% 0.09%
TS K-Means 0.98% 0.87% 2.62% 2.41%

three-year

K-Means 3.22% 4.33% 3.53% 4.21%
k-Shape 1.62% 0.05% 0.48% 0.89%
LDA 0.00% 0.00% 0.35% 0.00%
TS K-Means 3.67% 2.70% 4.99% 6.52%

5.2. Optimal Time-slices Aggregation

This section compares two time-slice resolution aggregations for training land-use pattern detection models. Table
2 compares the two selected time resolutions, showcasing outcomes for proposed and traditional models. Metrics such
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as Intertemporal Stability, Intratemporal Similarity, Topic Smoothness, and Topic Consistency are computed for each
set of activity patterns obtained. For each metric, three corresponding columns are presented: average over three-year
time slices, average over one-year time slices, and the percentage variation between both, calculated based on the
three-year results.

Results show that Intertemporal Stability is generally lower for three-year time-slices, indicating greater stability
over time than shorter time-slices. However, the Intratemporal Similarity index for three-year time-slices is lower,
suggesting less diversity within topics compared to one-year time-slices. Nevertheless, this result is influenced by
high volatility and inconsistency in obtained topics, with Topic Smoothness notably lower for three-year time-slices,
while Topic Consistency is higher.

Given the findings, we will continue the analysis using three-year time-slice datasets. This choice is based on the
better Intertemporal Stability, Topic Smoothness, and Topic Consistency demonstrated by three-year time slices. This
approach will enable us to comprehensively and precisely understand land uses and their evolution over time, further
advancing our research.

Table 2. Time-slices aggregation comparison. Inter-temporal Stability, Intra-temporal Similarity, Topic Smoothness, and Topic Consistency val-
idation metrics for one-year (1Y) and three years (3Y) time-slice dataset partitions. Topics indicate the number of patterns obtained with each
algorithm, varying between K=2 and K=5. Model column shows the algorithm used to obtain the patterns. DIFF corresponds to the percentage
variation between both columns (3Y and 1Y) based on the three-year results.

Topics Model
Intertemporal Stability Intratemporal Similarity Topic Smoothness Topic Consistency

3Y 1Y DIFF 3Y 1Y DIFF 3Y 1Y DIFF 3Y 1Y DIFF

k = 2

K-Means 0.31 0.31 -0.58% 0.36 0.42 -13.6% 5.25 15.39 -65.8% 0.82 0.75 8.6%
k-Shape 0.08 0.14 -40.3% 0.06 0.15 -58.5% 1.78 3.44 -48.1% 0.97 0.92 5.0%
TS K-Means 0.31 0.29 6.5% 0.36 0.39 -8.4% 5.25 11.15 -52.8% 0.82 0.76 7.1%
LDA 0.07 0.07 -2.42% 0.03 0.08 -60.3% 1.93 2.92 -33.9% 0.96 0.92 4.9%
DTM 0.00 0.07 -89.3% 0.32 0.43 -24.4% 1.78 3.78 -52.9% 0.98 0.88 11.0%

k = 3

K-Means 0.29 0.41 -27.4% 0.31 0.48 -35.1% 5.37 18.66 -71.1% 0.81 0.65 24.1%
k-Shape 0.12 0.14 -15.5% 0.05 0.16 -68.5% 1.82 3.62 -49.7% 0.97 0.89 9.0%
TS K-Means 0.29 0.38 -21.8% 0.31 0.46 -32.0% 5.37 14.04 -61.6% 0.81 0.67 21.0%
LDA 0.05 0.12 -60.2% 0.12 0.23 -49.0% 2.51 4.68 -46.2% 0.92 0.85 7.8%
DTM 0.00 0.09 -93.4% 0.40 0.49 -17.4% 2.00 5.91 -66.0% 0.97 0.77 25.2%

k = 4

K-Means 0.34 0.43 -20.5% 0.35 0.47 -24.9% 6.47 20.5 -68.4% 0.76 0.65 17.1%
k-Shape 0.19 0.18 6.3% 0.12 0.15 -21.8% 2.88 3.6 -20.0% 0.91 0.88 3.5%
TS K-Means 0.34 0.41 -15.5% 0.35 0.46 -22.8% 6.47 15.95 -59.4% 0.76 0.66 15.4%
LDA 0.04 0.14 -71.8% 0.15 0.26 -42.3% 2.95 5.17 -42.9% 0.89 0.83 7.7%
DTM 0.00 0.1 -94.7% 0.42 0.52 -18.1% 2.24 6.72 -66.6% 0.96 0.74 30.6%

k = 5

K-Means 0.35 0.57 -37.4% 0.37 0.61 -38.8% 6.38 25.03 -74.4% 0.73 0.54 35.5%
k-Shape 0.15 0.24 -34.8% 0.10 0.21 -49.5% 2.68 5.33 -49.7% 0.92 0.85 8.5%
TS K-Means 0.31 0.46 -32.6% 0.31 0.46 -32.5% 5.64 17.47 -67.6% 0.78 0.65 19.1%
LDA 0.02 0.14 -84.3% 0.14 0.26 -45.9% 2.88 5.47 -47.2% 0.89 0.83 7.3%
DTM 0.00 0.09 -95.1% 0.37 0.63 -39.8% 2.58 9.22 -72.0% 0.95 0.71 33.2%

5.3. Selection of optimal model and number of land use patterns

This section evaluates models using proposed metrics to identify the optimal land-use representation. Using the
same measures, the optimal number of topics is also determined. Models are trained using three-year time slices and
the temporal matching heuristic.

The Intertemporal Stability metric is considered to determine the optimal model. Table 3 presents results for models
trained with three-year time slices. Each row represents a trained algorithm, and each column shows index values as
the number of topics varies from k = 2 to k = 5. Regularity in index values is observed within each algorithm, while
considerable differences exist between algorithms. K-Means-based models exhibit more unstable topics over time,
whereas LDA and DTM models demonstrate stability. Across all scenarios, the methodological proposal using DTM
achieves the best results regarding the Intertemporal Stability metric.

Secondly, we consider the Intratemporal Similarity, finding that the differences between DTM and the rest of the
models are less notorious than in the previous case. This data can be seen in Table 4, where DTM obtains similar
results to those obtained by K-Means and TS K-Means. However, DTM obtains a better Intratemporal Similarity
Index except for k = 2 topics extracted. The best results for DTM are obtained by extracting k = 3 and k = 4 Topics.
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Table 3. Intertemporal Stability using cosine distance. Model column shows the algorithm used to obtain the patterns. Topics indicate the number
of patterns obtained with each algorithm, varying between K=2 and K=5. Each value in the cells corresponds to the Intertemporal Stability.

Model
#Topics

2 3 4 5

K-Means 0.31 0.29 0.34 0.35
k-Shape 0.08 0.12 0.19 0.15
TS K-Means 0.31 0.29 0.34 0.31
LDA 0.07 0.05 0.04 0.02
DTM 0.00 0.00 0.00 0.00

Table 4. Intratemporal Similarity using cosine distance. Model column shows the algorithm used to obtain the patterns. Topics indicate the number
of patterns obtained with each algorithm, varying between K=2 and K=5. Each value in the cells corresponds to the Intratemporal Similarity.

Model
#Topics

2 3 4 5

K-Means 0.36 0.31 0.35 0.37
k-Shape 0.06 0.05 0.12 0.10
TS K-Means 0.36 0.31 0.35 0.31
LDA 0.03 0.12 0.15 0.14
DTM 0.32 0.40 0.42 0.37

Thirdly, we consider Topic Consistency results presented in Table 5. It shows that the DTM model has the highest
Topic Consistency among all models tested. It is important to note that Topic Consistency measures the regularity of
patterns obtained by comparing days of the week so that the components of an urban activity topic should stay the
same from one day to the next. This expected behavior is because the activities carried out in the city reflect the routine
of the people who inhabit them. Unlike previous indices, this metric is calculated using cosine similarity instead of
cosine distance. In this way, the more consistent the topics obtained, the indicator will be closer to one. However, it
is worth mentioning that as the number of activity patterns increases, topic consistency tends to decrease, but DTM
exhibits a minor variation.

Table 5. Topic Consistency using cosine similarity. Model column shows the algorithm used to obtain the patterns. Topics indicate the number of
patterns obtained with each algorithm, varying between K=2 and K=5. Each value in the cells corresponds to the Topic Consistency.

Model
#Topics

2 3 4 5

K-Means 0.82 0.81 0.76 0.73
k-Shape 0.97 0.97 0.91 0.92
TS K-Means 0.82 0.81 0.76 0.78
LDA 0.96 0.92 0.89 0.89
DTM 0.98 0.97 0.96 0.95

Finally, the analysis of Topic Smoothness, as displayed in Table 6, indicates that K-Means and Time-Series K-
Means reach the highest values for this indicator among all models analyzed. This result indicates that patterns ob-
tained from these methods exhibit significant variations between consecutive hours. This behavior is not expected to
be observed in an Urban Activity Pattern where gradual changes are expected rather than drastic fluctuations from one
hour to the next. Additionally, the remaining models produce results of similar magnitude, with DTM consistently
outperforming others in nearly all scenarios. It should be noted that as the number of urban patterns increases, the
Topic Smoothness value tends to rise.

Regarding the optimal number of topics, from the results obtained in this computational exploration, we have de-
termined that k = 3 is the most appropriate number of urban land use patterns representing the behavior of the cities
included in this study. This decision is based on the Intertemporal Stability and Intratemporal Similarity measure-
ments. Also, it considers the trade-off of increasing the number of urban activities that were observed when analyzing
Topic Consistency and Topic Smoothness.
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Table 6. Topic Smoothness. Model column shows the algorithm used to obtain the patterns. Topics indicate the number of patterns obtained with
each algorithm, varying between K=2 and K=5. Each value in the cells corresponds to the Topic Smoothness.

Model
#Topics

2 3 4 5

K-Means 5.25 5.37 6.47 6.38
k-Shape 1.78 1.82 2.88 2.68
TS K-Means 5.25 5.37 6.47 5.64
LDA 1.93 2.51 2.95 2.88
DTM 1.78 2.00 2.24 2.58

5.4. Multi-sensor and multi-temporal land-use patterns in the optimal model

This section presents land-use patterns obtained by the optimal model, depicted in Figure 1. The figure comprises
three columns, each representing one of the extracted topics (Land Uses), and six rows, each corresponding to a subset
of three topics obtained for a particular time slice identified by the time range shown in the column corresponding to
Topic 0. The interpretation of land-use patterns is provided as follows:

• Topic 0: This pattern is characterized by regular workday behavior, with activity increasing throughout the day
and peaking twice, at noon and 9 pm. This pattern, also observed in previous studies, indicates Leisure and
commerce activities. On weekends, both peaks are preserved, with the noon peak being less pronounced, giving
way to increased nighttime activity, including an intense Sunday nightlife.
• Topic 1: There is relatively low activity during workdays, with a notable increase on weekends. During work-

days, activity gradually increases from 9 am to 9 pm without significant variations. Activity rises from 9 am on
weekends, peaking at 3 pm before sharply declining, especially on Sundays.
• Topic 2: Displays distinct behaviors during workdays and weekends. On workdays, activity is concentrated

between 9 am and 6 pm, with a slight dip around noon. This pattern resembles office-area activity [20, 24]. On
weekends, activity peaks in the morning but declines steadily throughout the day.

These interpretations offer insights into the temporal and behavioral dynamics of urban land-use patterns captured by
the optimal model

6. Conclusions and Future Work

This paper addresses important questions in urban planning, traffic management, and policy design. Our proposed
methodology is a significant step toward closing the gap in assessing land use patterns. By introducing four metrics, we
aim to reduce dependence on expert knowledge, thereby enhancing objectivity and trustworthiness in pattern selection.
In this paper, we have defined and calculated objective metrics using multi-sensor and multi-temporal data. We have
demonstrated that these metrics can be effectively applied to select a representation of spatial and temporal land use
patterns. Our findings demonstrate that the proposed metrics effectively facilitate the identification of a representative
set of land use patterns. This approach reduces the dependence on expert manual analysis of each set of patterns,
thus minimizing the dependence on domain-specific knowledge. Metrics allow for more systematic and quantifiable
evaluation, ensuring the selection process is based on insights derived from data rather than subjective interpretations.

Through strict analysis, we have established that these metrics offer a methodical approach to evaluating and
selecting patterns representing urban activity dynamics. This methodology reduces dependence on expert knowledge,
which has traditionally been fundamental in analyzing land use patterns. Furthermore, our study demonstrates the
relevance of these metrics in various urban environments and time scales. Whether analyzing multi-sensor data or
considering multi-temporal patterns over several years, our metrics consistently deliver reliable results.

However, it is important to highlight that there is still work to reach a consensus on the optimal metrics to evaluate
these patterns. Although our proposed metrics have shown promising results, more research is needed to refine and
validate them in different contexts and datasets. Future work in this area could focus on conducting comparative
studies involving a broader range of evaluation metrics and datasets.
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Fig. 1. Multi-sensor and multi-temporal land-use patterns obtained using Dynamic Topic Models in [17]. Rows correspond to three year time slices,
columns correspond to the topic profiles. Three topic model was deemed optimal in our objective assessment.
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[18] Muñoz-Cancino, R., Rı́os, S.A., Graña, M., 2023. Predicting innovative cities using spatio-temporal activity patterns, in: Hybrid Artificial
Intelligent Systems, Springer Nature Switzerland, Cham. pp. 566–576.

[19] Munoz-Cancino, R., Rı́os, S.A., Graña, M., 2023. Geotagged digital traces. doi:10.5281/zenodo.7949307.
[20] Muñoz-Cancino, R., Rios, S.A., Goic, M., Graña, M., 2021. Non-intrusive assessment of covid-19 lockdown follow-up and impact using credit

card information: Case study in chile. International Journal of Environmental Research and Public Health 18. doi:10.3390/ijerph18115507.
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