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Abstract—Relationship between urban diversity and urban vi-
tality is imperative for guiding better design in urban development,
although existing frameworks are not able to efficiently examine
the relationship at multiple scales. In this article, we propose a
new framework to integrate nighttime light (NTL) imagery and
multisource urban data into multiscale geographically weighted
regression (MGWR) models to examine the varying relationship
between diversity and vitality across space and time. NTL is used as
a proxy for urban nighttime vitality. Public transport, taxi transit,
and points of interest data are used to derive three aspects of urban
diversity indices: ridership diversity, spatial interaction diversity,
and built environment diversity. By comparing the models in hol-
iday and nonholiday weeks in Shenzhen, China, the NTL-based
vitality proxy was found to be strongly correlated with the urban
diversity indices, given by the satisfactory goodness of fit (r-squared
= 0.9) of the MGWR models. The spatially varying relationships
between diversity indices and nighttime vitality were observed and
patterns discussed. The analysis of the coefficients revealed the
importance of stable public transport and fluctuating taxi trips
for nighttime vitality. The new index proposed for the diversity of
spatial interaction (DSI) is a strong indicator for nighttime vital-
ity, adding to existing vitality indicators. Furthermore, this study
found that DSI and density of catering have less temporal vari-
ation, indicating their robustness in measuring nighttime vitality.
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This study provided empirical insights into how nighttime vitality
is related to urban diversity, demonstrating new applications of
NTL for intracity studies.

Index Terms—Multiscale geographically weighted regression
(MGWR), nighttime light (NTL), spatiotemporal variation, urban
diversity, urban vitality.

I. INTRODUCTION

URBAN vitality has become an essential concept in assess-
ing the quality of urban development [1]–[3]. It addresses

a vigorous figure of socioeconomic activity and abundant qual-
itative research has indicated its strong ties with “diversity” in
urban design [4]–[6]. In recent decades, developing quantita-
tive measures of urban vitality has become more important for
evidence-based evaluation, as the lack of empirical observations
of city dynamics could lead to serious planning failures. These
failures could, for example, result in ghost cities—large and
well-built residential areas within which few people live [7].
It is still urgent to adopt the state-of-art method and integrate
multisource urban big data to quantify urban vitality and its
relationship to key factors in urban diversity.

Nighttime light (NTL) remote sensing imagery explicitly cap-
tures the spatial distributions of artificial radiance from human
settlements [10]. After removing the background noises, it is
generally agreed and reported that the light on the ground surface
is significantly related to the density of population, infrastruc-
tures, and socioeconomic activity over space and time [9]–[11].
NTL data are widely applied by the scientific community in
various research fields, such as socioeconomic development as-
sessment [12]–[14], conflict and disaster detection [15], energy
consumption estimation [16], and light pollution assessment
[17]. The recent development of NTL composites equipped
with Visible Infrared Imaging Radiometer Suite (VIIRS) pro-
vides higher spatial–temporal resolution compared to previous
technologies [18]. VIIRS data are widely documented as an
efficient representation of socioeconomic activities [10], [19].
Light intensity extracted from VIIRS imageries is a good source
to capture human activities, as recent studies have demonstrated
its strong correlation to other human activity data, such as social
media check-ins in both regular and holiday time [20], [21].
Benefit from high temporal resolution (daily) of VIIRS data,
most recent study also applies it in assessing the impact of
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Covid-19 pandemic on urban dynamics [22], [35]. Although
existing literature show that NTL captures urban dynamics
efficiently, the use of such light intensity for a further ap-
plication requires a deeper understanding of the relationship
between NTL and domain-related factors (such as economic
or environmental). However, very few studies have discovered
how NTL is associated with factors in the context of evaluating
urban vitality. One study compared NTL with their urban vitality
model developed by other urban big data [8], while as mentioned,
the relationship between NTL and vitality-related factors is
barely unknown. This gap motivates our study to systematically
examine the relationship between NTL and diversity-related
factors, thus aiming to answer whether and how NTL can be
applied in urban vitality research.

Relying on recent advent of urban sensing data, previous stud-
ies quantified urban vitality from two main perspectives. One
stream of studies developed environment-based indicators, such
as infrastructure density, land use diversity, and catering density,
which, in theory, have the potential to improve urban vitality [7],
[23], [24]. The main drawback of environment-based indicators
is that the result is relatively static over time, which could fail
to reflect how human activity may vary temporally, even if a
place is well built. Another stream of studies has developed
mobility-based indicators to directly represent vitality, such as
travel intensity and temporal variation [25]. The main drawback
of this approach is that it may fail to illuminate the factors to
explain why a place has vitality, which can make it difficult to
make further insights and develop policies to enhance specific
types of urban environments. The research gap in these early
vitality research indicates that integrative evaluation considering
both human activity and urban environment data is necessary,
which also motivates our study to integrate NTL with other urban
big data in vitality evaluation.

The drawbacks of single-type indices have inspired a growing
body of research to integrate the urban environment and human
mobility to capture more aspects of urban vitality [26]–[30].
Such a scheme produces models not only to quantify urban
vitality but, more importantly, to understand the relationship
between a vitality proxy and environment indicators [26], [29].
However, most existing methods for constructing relational
models do not consider spatial heterogeneity very well [30] if
using a linear regression model. To examine this locally varying
relationship, geographically weighted regression (GWR) can
be used to develop an empirical model, but very few studies
have adopted GWR in urban vitality evaluation [31]. More im-
portantly, GWR-based vitality evaluation face methodological
drawbacks of capturing multiscale characteristics of different
factors due to the use of fixed bandwidth. To fill this methodolog-
ical gap, the recent development of GWR, multiscale geograph-
ically weighted regression (MGWR) [32], is a promising model
to provide a deeper understanding of the relationship between
vitality and key indicators.

This article proposes a new framework to examine the spa-
tially varying relationship between the proxy of urban vitality
and vitality indices. The proposed framework contributes to
the vitality literature by combining new remote sensing data
(NTL) with social sensing data (e.g., urban environment and

travel card records) via an improved technique, i.e., MGWR.
This framework also makes contributions to NTL literature on
how NTL intensity is associated with different aspects of urban
diversity, extending the application field of NTL data. Compar-
ative experiments are conducted between regular and holiday
weeks in Shenzhen, China. Further explanation of methods and
results are given in the following sections.

II. STUDY AREA AND DATASET

A. Study Area and Time

This study selects Shenzhen, a southern city of mainland
China, as the study area (see Fig. 1). Covering 2000 km2 with a
population of 15 million, Shenzhen is one of the top-tier cities in
China. Its special geographic location on the north side of Hong
Kong coupled with China’s open-door policy has proved advan-
tageous for Shenzhen’s rapid urban and economic development.
The prosperity of the city has attracted many migrants from all
over the country, many of whom are now becoming permanent
residents. These characteristics have made the city diverse and
vibrant; thus, we choose Shenzhen as a case study to obtain a
better understanding of nighttime vitality and its relationship to
urban diversity. The results will provide empirical insights into
its success for other Chinese cities.

The period for data collection and processing covers three
weeks, from January 13 to February 2, 2017. The third week
was the Spring Festival holiday week in China, so the first
week is considered a regular week and the second week a
prefestival week when some migrants leave the city to visit their
hometowns. It would be interesting and significant to see how
vitality models may change in different temporal contexts.

B. Datasets

In recent decades, numerous satellites and platforms have
been launched to obtain nocturnal artificial light records. Among
them, the Visible Infrared Imaging Radiometer Suite Day/Night
band (VIIRS/DNB), carried on the Suomi National Polar-
Orbiting Partnership (Suomi NPP) satellite, produces a widely
used dataset with higher spatial resolution and better radiometric
quality than its predecessors [33], [34]. Nightly VIIRS/DNB
imagery offers rapid and timely artificial light observations,
which are promising for monitoring daily human activities and
socioeconomic dynamics [35]–[37]. Unlike mobile phone data
observing on human activity in real time, NTL data represent
intensity and dynamics of human activity by capturing spatial
configuration of infrastructures (associated with diverse types
of urban activity that are not limited in the overpass time of data
recording) and change of light intensity (associated with dy-
namic changes of human behavior and local context). Therefore,
the overpass time of VIIRS (1:30 A.M.) does not influence much
for proxying night vitality because the vitality of the city is not
the instant activity given a time snapshot, instead, is associated
with socioeconomic activities. This research uses the processed
pixel values as a proxy of urban vitality at local locations. The
data processing methods will be introduced in Section III.
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Fig. 1. Study area and spatial distribution of datasets. (a) NTL imagery. (b) Stations of public transport. (c) Pick-up and drop-off Locations of taxi. and (d) Point
of Interests (POI).

Fig. 2. Hourly variation of trips. (a) Public transport. (b) Taxi. Note that week
3 is the holiday week, week 2 is the migration week when people may leave
Shenzhen to go back to their hometowns, and week 1 is regular week.

Public transport data (i.e., metro and bus trips), taxi transit
data, and POIs are the other sources of urban big data used in this
study. Anonymous public transport and taxi data are remotely
accessed from our research collaborators’ server at the Shenzhen
Institute of Advanced Technology. At original places, transit
data are collected by pricing machines deployed at metro/bus
stations and in taxis. The origin–destination (OD) locations and
timestamps are recorded for each trip, and travelers’ IDs are
desensitized. The temporal resolution of transit data in this study
is at the minute level. NTL data capture the overall vitality across
the city, and transit data capture more detailed patterns of trip
intensity, temporal variation, and spatial interaction. In Fig. 2,
the aggregated transit volumes show the obvious differences
between different transport modes in different weeks. This
demonstrates that the weeks in the selected period represent

different temporal contexts and that the multisource transit data
capture diverse aspects of traveling behavior within the city.

POI data are used to derive indices for the urban built environ-
ment relating to urban vitality. The high spatial resolution and
wide coverage of the POIs make this data unique for quantifying
the relevant aspects of the urban environment [38], [39]. In this
study, we develop a web crawler program and 479220 POIs
in Shenzhen are collected from Amap, a major map service
provider in China. The main attributes gathered from the POIs
for use in this study are the coordinates and service type of each
entity (see Fig. 3).

The spatial units of this study are grid cells with a size of 500×
500 m, and the coordinate system used is the Xian 1980 cartesian
system. The grid cells are used as the unified unit to extract and
align indices from different data and serve as the entry points
in the MGWR model. The 500-m size is in accordance with the
spatial resolution of the NTL data used in this study. Further-
more, the size is suitable for urban vitality evaluation because
it is considered an acceptable walking distance from transport
stations, which enables residents to participate in activities, thus
promoting the vitality of the city [4], [40]. The temporal scheme
for calculating and aligning indices and calibrating MGWR
models is weekly. We choose this timeframe for two reasons.
First, the vitality proxy represented by the maximum value of
NTL data of each week (7 days) is more reliable than a single-day
observation. Second, the calculation of trip variation requires an
input of time-series data in consecutive days so that we evaluate



312 IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 15, 2022

Fig. 3. Distribution of POI types.

it every 7 days for alignment with vitality proxy. These indices
will be introduced in more detail in the following sections.

III. METHODOLOGY

A. Describing MGWR Model

MGWR extends the traditional regression model to effectively
depict the local relationship between explanatory variables and
a response variable. Similar to the GWR model, MGWR en-
ables the inference of spatially varying coefficients rather than
global coefficients. As opposed to GWR, the MGWR used in
this study is more suitable as it allows for the consideration
of different spatial scales when inferring local coefficients for
different explanatory variables [32]. Several studies have also
suggested that the flexible scales cause MGWR to overperform
GWR in terms of handling collinearity issues and increasing the
overall model performance [41], [42]. In this study, we conduct
comparative experiments to examine whether the MGWR-based
vitality model is better than GWR and global linear regression.
For this, the mgwr module of the pysal python package is used
to implement and infer the specific vitality models.

A general MGWR model can be expressed as

yi =

m∑
j=0

βbwj (uivi)xij + εi (1)

where xij is the jth explanatory variable of observation i at
location (uivi), βbwj(uivi) is the coefficient of jth variable
inferred by using the bwj bandwidth, εi is the error term, and yi
is the response variable.

The scale indicates the size of the kernel bandwidth for data
borrowing in the process of finding optimal parameter estimates.
To obtain adaptive bandwidth, the MGWR treats the model as
a generalized additive model (GAM) [43] and proceeds with
calibration via a back-fitting algorithm. The βbwjxi defined in

MGWR is treated as the jth additive term fi in GAM-MGWRs

y =
m∑
j=0

fi + ε . (2)

In the model training process, GWR provides the initial
estimates of the parameters. For each iteration, the model fitting
process proceeds with the GAM, in which one term, i.e., fi, is
considered as a variable while the rest of the terms are constants.
The coefficient βj and the optimal bandwidth bwj are obtained
by the GWR model. The fitting process continues to iterate
through the term fi and ends at a GAM model that has achieved
parameter estimates and bandwidths for all variables. However,
the outside iterations continue to generate multiple GAM mod-
els. The consecutive GAM models are compared by the change
in the GWR smooth function (SOC-f). The whole iteration is
terminated when the criterion converges, or more specifically
when SOC-f is smaller than 10−5 between consecutive GAM
models.

B. Vitality Proxy and Vitality Indices

Some studies have attempted to make compound indices to
quantify urban vitality [23], [28], [57], while no “true” formula
of urban vitality is supported by all researchers. In this study,
we follow the fundamental and most widely used principle to
obtain a vitality proxy: more intense socioeconomic activity
indicates a place with more urban vitality [8], [24], [30]. NTL
provides unique and effective observations of the intensity of
socioeconomic activity based on the light of city infrastructure
at night [59].

This research uses gap-filled NTL radiance retrieved from the
Daily Lunar BRDF-Adjusted Nighttime Lights dataset (Black
Marble—VNP46A2) to generate an urban vitality proxy. To
reduce the bias introduced by the geographic mismatch of NTL
imageries over days, the NTL radiance was averaged using a
3 × 3–pixel window as recommended in the literature [44].
However, despite the state-of-art correction strategy used to
generate the Black Marble products, uncertainties remain in the
NTL time series due to the relatively lower accuracy in nighttime
atmospheric correction and cloud detection [45]. Therefore, the
weekly maximum value, instead of the average value, of each
pixel is extracted as the nighttime vitality proxy. The maximum
value is more reliable compared to the weekly average, which
is more influenced by clouds. Therefore, the maximum value in
this case captures the relative strength of economic activities in
different places during the week.

Beyond a vitality proxy, this study focuses on proposing and
implementing models to quantify and explain the local relation-
ship between the vitality proxy and vitality indices (Fig. 4).

The selection of vitality indices depends on “diversity,” an
essential principle of urban design for facilitating urban vitality
[4], [46]. This study proposes a new framework to include the
following aspects of the diversity of the city:

1) “Ridership Diversity” that reflects nonregular travel pat-
terns in the time-series ridership volumes;
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Fig. 4. Framework of vitality evaluation proposed in this study.

2) “Built Environment Diversity” that reflects the built en-
vironment components that facilitate diverse use of the
land;

3) “Spatial Interaction Diversity” that reflects how a place
attracts trips from diverse places, which is a novel contri-
bution of this study.

Overall, the vitality proxy is the dependent variable, whereas
the vitality indices are the explanatory variables in the MGWR-
based vitality model (see Table I). The details of the vitality
indices are elaborated in the following sections.

C. Ridership Diversity

In this study, two indices addressing the diversity of the
temporal variation of trips are implemented [47], [48]. The main
reason for this is that places with higher urban vitality should
be associated with more nonregular ridership variation patterns,
suggesting that these places attract travelers with different travel
purposes. Ridership diversity is measured by variability (V) and
consistency (C), where V measures the day-to-day temporal
variation of ridership volume and C measures the within-day
nonregularities.

For each spatial unit and week, we calculate the variability of
public transport and taxi transit as

V =
Σn

i Σ
n
j (1− Corr (TSi, TSj))

(n× (n− 1) /2)
(3)

where V is the variability index given by a set of time-series data.
The numerator is calculated as the summation of dissimilarity (1
− Corr) of every possible time series pair (TSi, TSj) , which is
then normalized by the number of pairs. n is the number of TS
to be compared, in our weekly model, equal to 7 (days). Pearson
correlation is used as our Corr() function. A higher V means
more nonregular temporal changes from day to day.

The consistency index is used to measure ridership diversity
based on the extreme nonregular volume within each day. A
higher consistency value indicates more hourly peaks possibly
caused by special events, suggesting a place with more a diverse
context. In practice, this is implemented based on the outliers of
within-day ridership time-series volume using median absolute
deviation (MAD) as shown in the following:

C =

N∑
j=1

(∑n
i=1

∣∣OutDi

MAD

∣∣
n

)
j

(4)

where C represents the consistency index given by the time-
series data of N days (equal to 7 in this study). In day j, n is
the number of outliers, and OutDi is the deviation from the
ith outlier to the median. The larger the difference between the
intensity of the activity peak (e.g., morning/evening rush) and
the median intensity, the higher the C value will be.
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D. Spatial Interaction Diversity

Spatial interaction has always been an important perspective
from which to understand human mobility and urban dynamics
[49], though very few studies have implemented interaction
indices in urban vitality evaluation [27]. To the best of our
knowledge, no study has implemented an index to measure the
diversity of spatial interaction (DSI) as a component of the
vitality model. To address this gap, we propose and calculate
the DSI in our framework.

Spatial interaction can be observed in OD data as people move
from place to place. Such interaction in geospace is abstractly
similar to the interaction in information space and, in particular,
similar to the citations among academic papers. The DSI in
geospace is therefore inspired by an index in the informatics field
that measures the diversity of interdisciplinary journal citations
[50], [51]. We analogize a place (i.e., spatial unit) to a journal,
and OD trips to the “citations” among places. The DSI of a place
is determined by the trips to the place from different origins, and
consists of three index components as shown in the following:

DSI = Varity × Balance×Disparity (5)

where variety describes the number of places oriented to the
destination; for example, mix-use land may attract people from
places all over the city, resulting in a large Variety value.

Balance evaluates whether the trip volume is evenly dis-
tributed among the oriented places. For example, if a place
attracts trips from many origins, but the trip volume from a
few places in particular greatly outweighs the others, this is
counter to the idea of diverse interaction that requires balanced
trip volumes from all places.

Disparity measures the differences embedded in the orienta-
tions themselves or, in other words, how these orientations are
different from each other. In the city context, a vibrant place is
likely to attract trips from different types of originated places.
The overall DSI increases when the disparity is higher. It should
be noted that we conduct multiple experiments using various
disparity functions, such as 1−Cos, Euclidean, and geographic
distance. Geographic distance is found to be the most effective
in terms of the MGWR model performance.

A massive number of taxi OD points in each week provides
large-scale observations of spatial interaction, which serve as
the major data for calculating DSI. The taxi OD data provide
activity points with better spatial coverage and finer spatial
resolution than metro OD data, which are limited to the station
level. Specifically, we implement DSI as an improved form of
the Rao–Stirling index [51]. For each grid and each week, the
DSI is calculated as follows:

DSId =
(no

N

)
×Ginio ∗

( ∑no

i�=j dij

no ∗ (no − 1)

)
(6)

where DSId is the diversity of spatial interaction of grid d, no is
the number of the originating grids, N is the total number of grids
in the study area, Ginio is the 1−Gini index of the trip volumes
from the originating grids, and dij is the disparity between the
ith and jth originating grids.

E. Built Environment Diversity

The diversity of the built environment is mentioned in most
previous studies on urban vitality evaluation [2], [6], [23], [25].
How a place is planned and built can significantly impact urban
vitality by attracting travelers with different purposes [25].
In this study, three indices of the built environment are im-
plemented as explanatory variables for urban vitality: land use
mixture (LUM) based on Shannon entropy [52], residential–
nonresidential (RNR), and density of catering (DOC) business.
The LUM index is calculated by an entropy function as

LUM = −1

(
Σn

i = 1pi× ln (pi)

ln (n)

)
(7)

where pi refers to the proportion of the POI types i in the spatial
unit and n is the total number of POI types, which equals 9 in
this study. The higher the LUM, the higher degree of LUM it
indicates.

The RNR index, a ratio index based on the number of POIs,
is calculated as

RNR = 1−
∣∣∣∣Ri −NonRi

Ri +NonRi

∣∣∣∣ (8)

where Ri refers to the residential proportion and NonRi refers
to the nonresidential proportion of each spatial unit. A high RNR
value will be obtained when the residential proportion is close
to the proportion of nonresidential, which indicates a place that
serves both residential and general purposes simultaneously.

Recent studies have associated the DOC index with urban
vitality [24], [53]. The reasoning for this index is that catering
services are normally established before other businesses be-
cause catering is the most basic demand of people. Therefore,
a higher DOC indicates more activities, suggesting better urban
vitality. The DOC index is calculated as follows:

DOCi = N(Catering POI)i (9)

where DOC in grid i is the number of catering POIs (i ∈
{1, 2, . . . , 9009}).

IV. RESULTS

A. Characteristics of the Vitality Proxy and Indices

Based on the NTL data, the processed pixel values represent
the intensity of the urban vitality proxy at specific locations. It
should be reminded that indices and models are obtained for
three weeks: week 3 was the festival week, week 1 was the
normal week, and week 2 was the prefestival week. The spatial
distribution of the vitality proxy is shown in Fig. 5. Higher pixel
values are demonstrated by the red color and lower values are
in green. Overall, the locations with the highest values of the
vitality proxy are clustered within districts, such as Nanshan,
Luohu, and Futian, revealing the multicenter urban structure.
The vitality proxy tends to gradually decrease in value with
increased distance from these centers. The hotspot structures
appear similar, although the pixel values may change in different
manners from week to week.

The temporal variation of the vitality proxy in different grids
reveals human dynamics during regular and holiday weeks. For
each pixel, we subtract values in consecutive weeks, namely
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Fig. 5. Spatial distribution of urban vitality proxy.

Fig. 6. Spatial distribution of changes between weeks.

Week2 − Week1 and Week3 − Week2 [see Fig. 6]. From the
normal week (i.e., the first week) to the prefestival week (i.e.,
the second week), the increase in the vitality proxy is found in
a wide range of locations, indicating socioeconomic activities
becoming more vibrant across the city during the prefestival
week due to various types of events, such as family reunions
and tourism [62], [63]. During the holiday week, many locations
with high vitality return to lower levels, though some locations in
less central areas (e.g., North of Shenzhen) increase in vitality in
week 3. Distant locations are known to have clusters of factories
in Shenzhen. Many migrant workers return to the city in week 2,
sustaining and even increasing the intensity of vitality in these
distant locations. These results show that NTL-based values
efficiently capture the overall structure of vitality as well as the
detailed urban dynamics over time at a local scale.

Vitality indices are the variables constructed to explain urban
vitality using various aspects of diversity. Within each grid
cell, we calculate four ridership diversity indices (i.e., VPub,
CPub, VTaxi, and CTaxi), three built environment diversity
indices (i.e., LUM, RNR, and DOC), and a spatial interaction
diversity index (i.e., DSI). All indices are normalized to a 0–1
scale for comparison and regression model fitting. The statistical
distribution of vitality indices and the proxy is examined using
letter-value plots [see Fig. 7], which overcomes the shortcom-
ings of traditional boxplots when handling big data and presents
information outside the normal quantiles in a clearer way [54].

Fig. 7. Statistical distribution of vitality proxy and indices.

Vitality proxy (VIT) presents a long right tail and some
outliers, meaning that most locations have a relatively low or
medium vitality proxy while few locations have high vitality.
This result agrees with the common understanding of the power
law of human mobility [55]. The distribution of ridership diver-
sity indices reveals the basic characteristics of public transport
and taxi mobility. In particular, CPub is very strongly right-
skewed, indicating that within-day public transport trips are not
diverse (i.e., are quite stable). VTaxi is the only index that is
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TABLE I
SUMMARY OF MODEL VARIABLES

VIT = urban vitality proxy derived from nighttime light data, VPub = variability
metric of ridership amount of public transport across days, CPub = consistency metric
of ridership amount of public transport across hours, VTaxi = variability metric of
ridership amount of taxi across days, CTaxi = consistency metric of ridership amount
of taxi across hours, LUM = mixture of land use metric, RNR = residential and
nonresidential ratio, DOC = density of catering business, DSI = diversity of spatial
interaction.

left-skewed, indicating that day-to-day trip variation patterns of
taxi trips are common in many locations. Travel behavior in
different transport modes could greatly differ [56]. Overall, the
vitality proxy and indices calculated in this study capture various
distributions of city characteristics.

B. MGWR Model Performance

MGWR models are inferred for each week to examine the
local relationship between the vitality proxy and vitality indices.
To obtain reliable evidence for which indices better explain the
vitality proxy in varying spatial and temporal contexts, model
performance is a key aspect to be assessed.

Table II shows the diagnosis of the overall goodness of fit and
the significance level of the bandwidth inference. The overall
performance of all weekly models is satisfactory, given by the r-
squared values of week 1 (R2 = 0.931), week 2 (R2 = 0.908), and
week 3 (R2 = 0.918). Bandwidths are the spatial ranges inferred
by (M)GWR to “borrow” data points to fit local regressors. In
this study, the bandwidth inference for all variables is statistically
significant, given by the Adj alpha lower than 0.05. It should be
mentioned that the bandwidth inferences for DSI, the new index
proposed in this study, have a significance level even lower than
0.01.

The differences in the bandwidths of the variables represent
an advantage of MGWR over traditional GWR. The flexible
bandwidths indicate that the explanatory variables explain the
response variable at multiple scales. In this study, noticeable
differences are found in the bandwidths of the vitality indices.
In week 1, for example, VPub, CPub, CTaxi, RNR, and DOC
show relatively small-scale bandwidths (i.e., less than 100 m),
while the bandwidths of VTaxi and DSI are at a medium scale
(i.e., less than 300 m), and that of LUM is at a large scale (i.e.,
more than 1000 m). Smaller scales mean that the variables can
confidently explain the vitality proxy at a finer resolution. The
results in Table II show that no vitality indices explain vitality
in a fixed scale. The bandwidths of most indices vary between

TABLE II
BANDWIDTH AND OVERALL DIAGNOSIS

∗∗∗ represents significance level of 1%.
∗ represents significance level of 5%.

TABLE III
EVALUATION OF LOCAL MULTICOLLINEARITY OF MGWR MODELS

the regular and holiday weeks. Two indices should be given
special attention: 1) Mixture of land use (LUM) is considered
an important aspect related to vitality. However, we found that it
is only effective at a large scale in all weeks of this study, which
is similarly mentioned by Yue et al. [25]. 2) Spatial interaction
diversity, the new index implemented in this study, presents a
small bandwidth in all weeks.

Besides this diagnosis, we also examine the collinearity issue
of MGWR models in this study, although the collinearity of
(M)GWR is not more problematic than traditional regression
models [32]. In this article, we use the local condition number
(CN) and local variation decomposition proportions (VDP) as
collinearity indicators for MGWR [32]. VDP is inferred for each
variable, while CN is obtained at the model level. Evaluations of
all three weeks’ models are shown in Table III. CN in all weeks
is below the rule of thumb of 30, and the VDP of most variables
is below the rule of thumb of 0.5 in terms of the mean value.
These results suggest that the collinearity issue is acceptable and
not problematic in this study’s MGWR models.
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TABLE IV
LOCAL PERFORMANCE COMPARISON AMONG OLS, GWR, AND MGWR

Based on the same feature sets, the ordinary least squares
(OLS) regression and classic GWR are also inferred for com-
parison (see Table IV). MGWR shows the best goodness of
fit compared to the global regression (OLS) and GWR, given
by the largest r-squared and lowest AIC. This information also
supports that the MGWR-based vitality model explains the local
relationship between the vitality indices and the vitality proxy
in a better way than the fixed scale model (GWR) and global
relational model (OLS).

C. Vitality Evaluation Based on Multiscale Analysis of
Varying Coefficients

Based on the good model performance illustrated in the
previous section, the MGWR models can explain the vitality–
diversity relationship. Therefore, we use model coefficients as
the main source to examine urban vitality and its underlying
dominant factors. We analyze the coefficients at both city and
district levels for statistical features and spatiotemporal patterns.

1) Relationship Between the Vitality Proxy and Urban Diver-
sity: The insights delivered by the coefficients are twofold. On
the one hand, the positive and negative values indicate whether
increasing values of the vitality indices predict an increasing or
decreasing vitality proxy. On the other hand, the magnitude of
the coefficient indicates to what extent the vitality indices can
explain vitality proxy.

At the city level, we calculate the statistical features of the
model coefficients in Table V using a process to aggregate pixel
coefficients at a global (city) level. Although the combinations
slightly vary between different weeks, we found that the vital-
ity proxy is negatively related to ridership diversity of public
transport (e.g., VPub and CPub) and built environment diversity
(e.g., LUM and RNR). However, the vitality proxy is positively
related to within-day taxi ridership diversity (e.g., CTaxi), DOC,
and DSI.

The relationship between the vitality proxy and ridership
diversity is not the same as the relationship presented by
Sulis et al. [48] but reasonably reflects the situation in Shenzhen.
In the previous study, variability (V) of trips (i.e., day-to-day trip
volume variation) is positively related to vitality, and consistency
(C) is negatively related to vitality. In our study, higher variability
(V) of both public transport and taxi trips are negatively related to
vitality, while the consistency of taxi trips is positively related
to vitality. The possible reason for the contrast is due to the
differences in the overall city context. Our empirical results
suggest that, in Shenzhen, less day-to-day trip variability reflects
better urban vitality; in other words, the long-term stability of
these travel modes is more important. Meanwhile, the good

TABLE V
STATISTICS OF MGWR COEFFICIENTS

within-day ridership diversity of taxis (i.e., sudden peaks of trip
volumes in a day) indicates a better vitality proxy. This result
is reasonable because that suddenly increased demand for taxis
reflects diverse types of travel purposes at a location, which
relates to the figure of vibrant socioeconomic activities. We also
found that CTaxi coefficients have a higher magnitude in week
2, suggesting that taxi trips are preferred over public transport
during the Spring Festival week. There is similar evidence for
VPub weighing more in weeks 1 and 3, indicating that public
transport plays a more important role during nonfestival weeks.

The LUM and RNR coefficients do not follow the common
view that diversity of land use relates to a better vitality proxy.
In our results, the coefficients of built environment diversity
have negative values in most places. This does not mean that
built environment diversity harms nighttime vitality; instead,
we argue that other indices such as ridership diversity are more
positively related to nighttime vitality, indicating the importance
of dynamic vitality indices. Because all selected indices explain
the vitality proxy in a compound manner, the strong positive
contribution of some variables may lead to negative coefficients
of other variables. In our case, indices derived from transit data
are found to be more positively related to vitality proxy. Similar
evidence is also found in the smaller bandwidths of transit-based
indices, as presented in the previous section. Based on our
results, we argue that human mobility indices more effectively
explain the vitality proxy. However, a nonhuman mobility index,
i.e., DOC, is a strong positive predictor of vitality in all weeks.
This result agrees with the research that proposed DOC as a sole
indicator of vitality [24], [50]. Furthermore, DSI is positively
related to the vitality proxy, which is surprisingly consistent
throughout these weeks with varying temporal contexts.
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Fig. 8. Spatial distribution of DSI, DOC, and LUM coefficients.

Fig. 9. Ranked barplot of coefficients in different districts and weeks.

2) Spatial Variation of the Vitality–Diversity Relationship:
To augment the statistical features of the coefficients, the
MGWR coefficients are mapped to improve the understanding
of city-level patterns (see Fig. 8). The horizontal axis represents
week 1 to week 3, and the vertical axis represents different
indices. DSI, DOC, and LUM are selected for demonstration.
Positive values are represented by red colors, negative values by
blue colors, and nonsignificant estimated locations are identified
using a t-value filter and are masked in white [32]. Although
we have discussed the DSI, DOC, and LUM in the previous
paragraphs, what cannot be fully interpreted from Table V is
how these indices explain the vitality proxy differently across
different locations. In Fig. 8, we find that DSI is positively
linked to vitality in a wide range of locations, whereas DOC

only explains vitality in some clustered areas. Overall, the maps
clearly show that the relationships between the vitality indices
and vitality proxy are spatially variable with different patterns.
Thus, previous studies that constructed global relationships to
quantify urban vitality may have failed to consider the local,
leading to under/overestimation in some places [48], [57].

3) Temporal Variation of the Vitality–Diversity Relationship:
Temporal changes of coefficients can be observed using standard
deviation (see Table V and Fig. 9). This metric is calculated
across locations, which means that higher standard deviations
indicate more substantial coefficient variation in space. We
ranked the vitality indices according to the magnitude of the
std value in Fig. 9. VTaxi, with the highest std(coef), and LUM
are the most stable indices to explain vitality across the city. In



ZHANG et al.: NIGHTTIME VITALITY AND ITS RELATIONSHIP TO URBAN DIVERSITY: AN EXPLORATORY ANALYSIS 319

Fig. 10. Ranked barplot of coefficients standard deviation in different weeks.

Fig. 9, different shades of grey are used to represent the std(coef)
in different weeks. Public transport and taxi trip indices present
coefficient variations in both the space and time dimensions.
DSI and DOC coefficients change across space but are relatively
stable throughout time. The results based on std reveal charac-
teristics of different vitality indices at a higher level, providing
useful references for future research that may prioritize the
uncertainty (variation) of vitality indices for representing the
vitality proxy.

4) Profile of the Unique District Context of Urban Vitality:
We conduct further analysis by plotting coefficients at the district
level. Because administrative boundaries within the city are
barriers that impact many important processes such as economic
policy and resource allocation, analysis at the district level may
lead to different vitality results. Heterogeneous development
of districts is reported in Shenzhen [58]. The combination of
dominant vitality indices and their changes throughout time can
serve as an alternative angle to profile the vitality in the district
context. In Fig. 8, we use three districts as a demonstration.
Nanshan is a district known for the clustering of technology
companies, such as Tencent, where DSI is found to most strongly
explain vitality. The travelers to and from Nanshan may be
associated with multiple types of business purposes. In contrast,
Guangming is a more distant district known for its clustering
of factories. The diversity of within-day taxi trips is the most
positive variable related to vitality, followed by DSI. Luohu is a
similarly central district as Nanshan, though its most dominant
vitality index is DOC. Luohu has a different urban context due
to its location next to Hong Kong, which is more urbanized by
entertainment and residential entities. Overall, this analysis is
an effective follow-up tool to utilize the MGWR-based vitality
model coefficients to profile the district context.

V. CONCLUSION

In this article, we proposed a framework to integrate NTL,
public transport and taxi data, and POIs to evaluate the rela-
tionships between nighttime vitality and urban diversity (i.e.,
ridership diversity, built environment diversity, and spatial inter-
action diversity). By comparing the results in regular and holiday
weeks, the major conclusions are as follows.

The MGWR-based vitality method outperforms OLS- and
GWR-based vitality in several ways. MGWR model perfor-
mance is satisfactory in all weeks in terms of goodness of fit and
the significance of variables. Flexible scales inferred in MGWR
provide additional information beyond varying coefficients.

NTL is an effective vitality proxy. During the study period,
spatiotemporal patterns of NTL changed obviously, showing
its feasibility for observing intracity dynamics. The significant
relationship between the vitality proxy and diversity indices
proves that NTL captures the vitality that suits the core concept
in vitality theory very well. Diversity is important for urban
vitality.

The inferred scales and coefficients of the MGWR vitality
models provide several practical insights:

1) Although the relationships between nighttime vitality and
urban diversity are strong in all weeks, the relationships
varied with different patterns. Across space, ridership
diversity and DSI explain the vitality proxy on a smaller
spatial scale than built environment diversity. Across time,
DOC and DSI are the most stable indices associated with
the vitality proxy.

2) Regarding the overall relationship, diversity is not always
positively related to vitality. For example, less diverse
(i.e., stable) public transport trips relate to better vitality,
while diverse (i.e., fluctuating) taxi trips relate to vitality
in Shenzhen.

3) Spatial interaction diversity (DSI), a new index proposed
in this study, is found to consistently play an important
role in depicting the vitality proxy as a strong positive
variable.

4) Aggregated coefficient values are useful for profiling the
district-level socioeconomic context. For example, spatial
interaction is found to be the most important vitality index
in Nanshan, which happens to be a district known for its
clustering of technology companies, such as Tencent. DSI
refers to travelers from diverse locations. Taxi ridership
diversity is most important in Guangming, which is a more
distantly located district and is known for having clustered
factories.

It should be noted that these practical insights are discussed
specifically in the context of Shenzhen. In the future work,
comparative studies can be conducted in multiple cities using
our framework. Urban vitality is a comprehensive concept in-
volving many aspects of the city. Although we follow a common
rule (i.e., strength of economic activity) to choose NTL as a
vitality proxy, the limitation of NTL data should be noted. NTL
represents socioeconomic activity more instead of real-time and
all kinds of activity. However, examining the integration of NTL
in an urban vitality framework is still useful, considering that
NTL is more accessible and provides wider coverage compared
to private datasets such as mobile phone and social media data.
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