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ABSTRACT The refined identification of Urban Functional Zones (UFZs) is crucial for effective urban
planning, resource allocation, and environmental monitoring. However, achieving high precision and
comprehensive identification of UFZs has been challenging. The rapid proliferation and open accessibility
of multi-source data, such as remote sensing imagery and socio-economic datasets, have introduced new
opportunities for the dynamic identification of UFZs. This paper proposes a Point of Interest (POI)-weighted
scoring method based on Empirical Bayesian Kriging (EBK), which is empirically demonstrated in Xuzhou,
China. We integrate multi-source data, including remote sensing-based land use/cover information, road
networks, POIs, and building geometry data, to classify UFZs based on their dependence on buildings.
Results indicate that: 1) The EBK interpolation method not only accounts for the spatial and directional
distance relationships between known and unknown sample points, but also produces more accurate raster
images and provides more precise estimates in unmeasured ranges. 2) The method successfully identifies
UFZs for 99.5% of the buildings in the central urban area of Xuzhou. Additionally, the incorporation of
multi-source data enables the extraction of traffic and ecological zones, facilitating the identification of non-
building-reliant zones within the city, thereby enhancing the completeness and comprehensiveness of urban
spatial recognition. 3) The overall accuracy achieved is 84.4%, with a Kappa coefficient of 0.804 for the
classification results, which represents a significant improvement in UFZs identification accuracy compared
to traditional methods and offers a robust scientific basis for urban planning and resource optimization.

INDEX TERMS Urban functional zones, refined identification, multi-source data, empirical Bayesian
kriging, confusion matrix, urban planning.

NOMENCLATURE
ABBREVIATIONS
UFZ Urban Functional Zone.
POI Point of Interest.
EBK Empirical Bayesian Kriging.
RS Remote Sensing.
KDA Kernel Density Analyze.

The associate editor coordinating the review of this manuscript and

approving it for publication was Gerardo Di Martino .

IDW Inverse Distance Weighting.
NDVI Normalized Difference Vegetation Index.
OSM Open Street Map.
Com. Commercial Zone.
Res. Residential Zone.
Ind. Industrial Zone.
Pub. Public Service Zone.
Tra. Traffic Zone.
Eco. Ecological Zone.
Mix. Mixed Zone.
FD Frequency Density.
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CR Category Ratio.
OA Overall Accuracy.

I. INTRODUCTION
The acceleration of urbanization has not only led to the
diversification of urban spatial structures and functional
layouts, but also brought about challenges such as traffic
congestion, environmental pollution, and inefficient resource
allocation [1], [2]. As the basic unit of urban spatial
organization, the precise identification of UFZs not only
helps to improve the rationality of urban planning but
also has great significance in achieving scientific urban
management [3], thus promoting the sustainable development
of urban areas [4].

Current research on Urban Functional zones (UFZs) iden-
tification primarily encompasses different scale identification
units, classification systems for UFZs, and methods for
multi-source data fusion. In terms of identification units at
various scales, early studies divided functional units at a
macro scale using administrative divisions such as counties
and districts [5]. Subsequently, most studies have utilized
road divisions to segment urban blocks [6], [7], [8] or
created grids [9], [10], [11]as recognition units, with accuracy
depending on the road hierarchy or the grid cell size. In recent
years, some scholars have adopted building geometry as the
unit of study [12], [13], enabling more precise identification
of UFZs at a finer scale and better reflecting internal
variations within blocks. Regarding the classification system
of UFZs, [14] divided urban spatial structure into three
major categories: employment, recreation, and residence.
Based on the ‘‘Urban Land Classification and Planning Con-
struction Land Standards’’, many researchers, have further
categorized them into six major types: residential, industrial,
commercial and service facilities, public management and
public service facilities, green space and squares, roads and
transportation facilities. Then, additional categories such as
public center [15], leisure and tourism, science and education,
healthcare and mixed-use zones have been incorporated.
In terms of research methods, traditional identification often
relies on Remote Sensing (RS) images, field surveys or
questionnaires [16], [17]. However, relying solely on RS
images is difficult to fully reflect human activities and
socio-economic information comprehensively [18], [19].
Field surveys are labor-intensive and time-consuming, while
questionnaire samples may not fully capture the complete
information about UFZs [20]. Points of Interest (POIs)
can reflect information about the distribution and location
of various urban functional entities [21]. Many scholars
have allocated scores on the characteristics of building area
and public influence or recognition bases on Level-1 of
POIs [22], [23], and then calculated Frequency Density to
determine functional areas. However, the weights of higher-
level classifications can lead to increased valuation errors,
and the choice of estimation methods for unknown values

can also significantly affect the accuracy of identification.
Existing studies have applied known sample points to
estimate the values of unknown sample points through
methods such as Kernel Density Analyze (KDA) [24], [25],
Contour Trees [26], Inverse DistanceWeighting Interpolation
(IDW) [12] or Kriging Interpolation, but these methods are
often limited by bandwidth and minimum raster cell size,
making it challenging to reveal themicro-scale differentiation
characteristics of various UFZs. As the study area expands,
the errors in identification tend to increase. Empirical
Bayesian Kriging (EBK) is an interpolation analysis method
that combines the semi-variance function of Kriging with the
Empirical Bayesian approach. Compared to the traditional
methods mentioned earlier, EBK offers the advantages
of relatively lower computational complexity and model
uncertainty, making it more accurate in spatial data modeling
and prediction than other methods.

Recently, socio-economic data that encapsulates diverse
human-land interactions, such as taxi trajectory [5], [10],
[27], social media check-ins [11], [28], online location [29],
mobile phone signals [7], [30] and nighttime light data [31]
have provided new perspectives for identifying UFZs. These
data sources are characterized by high granularity, broad
coverage, and ease of acquisition. Since a single data source
avoids the problem of data inconsistency, the information
covered is limited and the accuracy is unstable, it is difficult to
fully reflect the complexity of UFZs. Therefore, considering
the objective characteristics of the information reflected by
RS images, the integration of RS images with other multi-
source socio-economic data, to fully leverage the advantages
of different data, is becoming a hot topic in current research
for efficient and accurate identification of UFZs.

Building upon the research of predecessors, this paper
proposes a POI-weighted scoring method based on EBK
and demonstrates empirically in Xuzhou, China. There are
three main parts of contribution: First, the POI-weighted
score is based on secondary classification criteria, which
enhances the reliability of experimental estimation. Sec-
ond, the EBK interpolation method has the advantage of
considering direction and distance, and provides a better
algorithmic mechanism, which increases the precision of
estimation. Third, multi-source data including RS-based land
use/cover information, road networks, POIs, and building
geometry data are used to identify UFZs, which are
classified by their dependence on buildings, enhancing the
comprehensiveness of urban spatial identification. The aim
is to achieve fine-grained identification of UFZs and provide
a robust scientific basis for urban planning and resource
optimization.

II. STUDY AREA AND DATASETS
A. STUDY AREA
Xuzhou, located in the northern part of Jiangsu Province,
is a key central city in Huaihai region. The central urban
area stands as the nucleus of the city’s economic, cultural,
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technological, and educational life, with a well-developed
commercial, service, and industrial sector that drives the
city’s economic growth. It boasts a thriving commercial,
service, and industrial sector, which propels the city’s
economic prosperity. Moreover, the district places a strong
emphasis on ecological and environmental sustainability,
development, adorned with an array of parks or verdant
spaces that offer residents ample opportunities for relaxation
and recreation. With comprehensive and accessible data
available for the central urban area, we select the main central
area of Xuzhou as the study area (Fig. 1). According to the
‘‘Xuzhou Territorial Spatial Plan (2021-2035)’’, the central
urban area of Xuzhou includes five major districts: Gulou,
Yunlong, Jiawang, Quanshan and Tongshan.

FIGURE 1. Location of the Study Area (a. Xuzhou b. the central urban area
of Xuzhou c. the Main Central Area of Xuzhou).

B. DATESETS
Various data for the study area are collected, including basic
geographic information, Normalized Difference Vegetation
Index (NDVI), 1-meter Resolution Landcover Data (SinoLC-
1), Open Street Map (OSM), POI, and Building Geometry
data, with data sources as shown in TABLE 1.

C. DATA PREPROCESSING
Data preprocessing primarily involves the preprocessing of
OSM, POI, and Building Geometry data (Fig. 2).
For OSM, due to the uneven spatial accuracy and

discontinuities in lower-grade roads in certain areas, lower-
level roads such as alleys, sidewalks, and footpaths are

TABLE 1. Data sources.

FIGURE 2. Data preprocessing flowchart.

excluded from the raw data to ensure spatial consistency in
road network.

For POIs, the initial step involves filtering out POIs based
on their dependence on buildings, and excluding points
related to outdoor spaces such as golf course, equestrian facil-
ity, port and park to avoid interference in the experimental
analysis. Subsequently, based on the ‘‘Classification of Land
Use (GB/T21010-2017) ’’, POIs are reclassified into 4 major
types according to their functions: Commercial Zone (Com.),
Residential Zone (Res.), Industrial Zone (Ind.), and Public
Service Zone (Pub.). (TABLE 2)
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TABLE 2. Reclassification results Of POI data.

For building geometry data, the first step involves Data
Cleansing to ensure the geometric integrity of each building
outline, with no missing vertices or disconnected segments.
Subsequently, corrections are made for self-intersecting
polygons or erroneous vertex coordinates to rectify geometric
anomalies. Finally, duplicate building geometry are removed
to ensure the data is free from distortion, deformation, and
blurriness, which are considered quality issues.

Regarding the spatial deviation issue between POIs and
building geometry data, Proximity Analysis are employed in
ArcGIS Pro. Based on existing research, POIs within a 100-
meter radius of building geometry perimeter are included in
the calculations for that building [35]. Additionally, invalid
POIs without corresponding building geometry are excluded
to ensure the correct correspondence between POIs and
building geometry.

III. METHODOLOGY
As shown in Fig.3, the basic framework includes 3 main
parts: data collection, refined identification of UFZs, and
accuracy assessment. To elaborate, the data collection are
as demonstrated in TABLE 1; the specific content of
refined identification process is detailed in Section A, which
outlines the classification system of UFZs. Sections B and
C sequentially present the two identification methods, one
relying on buildings and the other not relying on buildings.
The methodology for accuracy assessment is presented in
Section D.

A. CLASSIFICATION SYSTEM OF URBAN FUNCTIONAL
ZONES
We categorize city based on whether UFZs rely on buildings.
UFZs based on their dependence on buildings can be
divided into 5 major categories: Com., Res., Ind., Pub.
and Mixed Zone (Mix.). Non-building-reliant zones can be
divided into 2 parts: Traffic Zone (Tra.) and Ecological
Zone (Eco.) Ultimately, UFZs are categorized into 7 major
classes as outlined above. Specifically, Com. includes spaces
comprised of shopping centers, restaurants, banks and similar
establishments; Res. encompasses residential communities,
dormitories and apartments; Ind. consists of company offices,
factory workshops and industrial parks; Pub. involves public
facilities, research and educational spaces; Tra. includes
railways passing through the city and roads of various
classifications; Eco. comprises natural features such as
mountains and water as well as various types of green
infrastructure; Mix. is defined based on degree of functional
blending of different zones [23]. For spaces with ambiguous
functional attributes, it can be considered based on the volume
of the structure. For instance, the train station has a large
volume and serves multiple functions such as commerce,
transportation, and public services, so it is more reasonable
to define the building volume as Pub. and the railway tracks
as Tra.

B. IDENTIFICATION METHOD BASED ON ZONES THAT
RELY ON BUILDINGS
1) POI WEIGHT ASSIGNMENT
In general, urban functions with significant influence tend
to encompass a larger service area [36]. The relationship
between the area of buildings and their functional influence
is closely intertwined. Due to the vector nature of POIs, the
disparities in the functional area size and radiating influence
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TABLE 3. The building area and scoring criteria of various types of POIs.

corresponding to each point cannot be adequately repre-
sented. Previous research has established that building area
weight and functional influence weight exert a significant
impact on POI scoring [22], [23], [37]. We assign scores
to these two indicators separately and employ Min-Max
Normalization to handle outliers and enhance the stability of
the numerical values. Subsequently, a Binary Weight Scoring
method is utilized with a 5:5 weight harmonization approach
to determine the final weights (Wf ) corresponding to various
POI. (APPENDIX TABLE).

W′
=

W −Wmin

Wmax −Wmin
(1)

where W represents the original data, W′ denotes the
normalized data, Wmax and Wmin are the maximum and
minimum values in the dataset, respectively.

Wf =
W1

′
+W2

′

2
(2)

where Wf represents the final weight for each type of POI,
W1

′ and W2
′ denotes the normalized value of the building

area weight and functional influence weight after the Min-
Max Scaling.

a: BUILDING AREA WEIGHT
There is a significant variation in area of different entity
objects corresponding to each POI in the city and the variance
in scale of POIs leads to differing impacts on building
geometry. Due to the limited precision of scoring based on
the high-level classification of POIs [22], we determine to
start from more granular classifications. First, we calculate
the average building area of Level-2 of POIs based on field
research results, and then use it as W1 for scoring. The
building area of POIs and the six-category scoring criteria are
shown in TABLE 3.

b: FUNCTIONAL INFLUENCE WEIGHT
Urban functional influence refers to the area served by
the urban functions provided by a particular region or
facility [36]. Public service amenities like train stations exert
a substantial influence on the entire urban populace, while
the impact of standalone dormitories is confined to their
immediate vicinity. This discrepancy results in a marked
divergence in public awareness between these two types
of urban entities. Scholars have previously utilized the
‘‘Likert 5-point scalemethod’’ for questionnaire surveys [38],
but the quantified data from this method often overlooks
the uncertainty of influencing factors, and the assessment
results may be affected by subjects’ expectations of societal
norms. Subsequent studies have employed city landmark
influence values for weight adjustment [39], overcoming the
limitations of subjective cognition towards specific buildings.
Additionally, some researchers have utilized topological and
statistical indicators to evaluate the service areas on a planar
level, objectively measuring the influence of various types
of buildings [36]. This paper draws on the methods and
data from existing research and further applies the Delphi
Method for expert scoring [40]. It integrates the scores from
20 authoritative and representative experts familiar with the
field, calculates the average score, and conducts multiple
rounds of opinion solicitation, feedback, and revision to
ultimately determine the functional influence weight values
W2 for Level 2 of POIs. This approach reduces the impact of
initial subjective judgments and iteratively converges towards
objectivity and accuracy.

2) EMPIRICAL BAYESIAN KRIGING INTERPOLATION
Residential areas, dormitories, and villa districts typically
encompass multiple residential buildings, yet POIs on maps
are represented by a single vector point. The discrepancy
between the coordinates of POIs and the actual location,
coupled with the lack of area characteristics inherent to
point vector features, results in many building geometries not
containing any POIs. In the case of building geometries with-
out POI distribution, previous studies have often employed
methods such as KDA or IDW to extrapolate the values
of various POIs, but these methods have certain potential
limitations. Specifically, KDA, as a non-parametric method,
estimates the probability density function without relying
on a specific distribution form, making it more suitable for
smoothing continuous data. However, its accuracy is easily
constrained by processing parameters such as bandwidth
or threshold values [24], [25]. IDW is an intuitive and
easily understood interpolation method that is sensitive
to outliers but fails to accurately capture complex spatial
patterns. It is also limited by the minimum grid cell size
and is more appropriate for processing medium to small
datasets [12], [41].

Research on Kriging dates back to the 1960s, with the
algorithm prototype known as Ordinary Kriging. This regres-
sion algorithm performs spatial modeling and prediction
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FIGURE 3. Framework for Refined Identification of UFZs (a. Data Collection b. Refined Identification of UFZs c. Accuracy assessment).

of random fields based on covariance functions [42],
and is widely applied in geography, environment [43],
agriculture [44], mining and meteorological protection [45].
Ordinary Kriging provides optimal linear unbiased esti-
mates but it is characterized by model complexity and
requires manual parameter adjustment [46], [47]. Common
improvements include Universal Kriging, Co-Kriging, Dis-
junctive Kriging, etc. [48]. The innovative use of EBK
used by few scholars is an interpolation method in geo-
statistics, which combines Empirical Bayesian statistical
methods with Kriging [49]. Unlike other Kriging meth-
ods that employ Weighted Least Squares, EBK utilizes
Restricted Maximum Likelihood Estimation to determine
the parameters of the semivariogram. Empirical Bayesian
is an inferential approach that integrates statistical ele-
ments with empirical data. It utilizes historical samples to
determine Bayesian decision function and estimate prior
distribution when the prior is unknown or difficult to
specify [50].

Below are presented the fundamental formulas for the
semivariogram and the Empirical Bayesian:


ẑ0 =

∑n

i=1
λizi

min
λ̂i

Var (ẑ0 − z0)

E (ẑ0 − z0) = 0

(3)

where λi denotes the weight coefficient, which is calculated
by the weighted sum of data from all known spatial
points to estimate the value at an unknown location.
Importantly, these weight coefficients are not simply the
inverse of the distances but rather an optimal set of
coefficients that ensure the minimal discrepancy between
the estimated value ẑ0 at the point (x0, y0) and the actual
value z0. Additionally, this method must adhere to the
condition of unbiased estimation. This approach is recog-
nized as the semi-variance function technique in Kriging
methodology.

m (x) =

∫
θ

p(x|θ )π (θ )dθ (4)

Let p(x|θ ) denote the conditional density of the sample,
where the prior distribution π (θ ) of the parameter θ is
unknown. The marginal density of the sample is denoted by
Equation (5), which m (x)is also unknown. If we assume that
the prior distribution of θ belongs to a known parametric
family, denoted as π (x, λ), then the marginal density of the
sample can be expressed as m(x, λ). Based on independently
and identically distributed historical samples X1, . . . ,Xn
from m(x, λ), classical statistical methods can provide an
estimate λ̂ for λ. This estimate allows us to obtain an
estimate of the prior distribution π (θ,λ̂), which can be used
as the Bayesian solution in an Empirical Bayesian decision
function. This method is known as the parametric Empirical
Bayesian method. If the Bayesian solution to the decision
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problem can be expressed as ψ(x, ϕ(m)), where ψ and ϕ
are known functions, then ϕ(m) can be estimated using
independent samples from m (x). This allows us to estimate
the Bayesian solution ψ(x, ϕ(m)) and use it as the empirical
Bayesian decision function for the decision problem. This
approach is known as the non-parametric Empirical Bayesian
method.

Therefore, compared to the methods used by existing
scholars, EBK demonstrates the following advantages: First,
the construction of subsets and simulation processes can
automatically compute parameters, reducing the complexity
of model building and proving more effective for processing
small datasets [51]. Second, the capability to account for
the spatial autocorrelation among existing data by integrating
local changes and overall trends provides a basis for uncer-
tainty. Third, simulating multiple semivariograms allows for
a more flexible adaptation to the spatial variability of data,
leading to a more accurate prediction of standard errors [52].
Fourth, with Empirical Bayesian as its theoretical foundation,
the key advantage lies in providing estimates of posterior
means by aggregating historical data, thus enabling more
precise statistical inference within Bayesian framework, and
demonstrating robust performance across special types of
data and applications [50].

FIGURE 4. EBK interpolation results based on known sample points (a.
Com. b. Res. c. Ind. d. Pub).

In ArcGIS Pro, EBK can be executed using Geostatistical
Wizard and geoprocessing tools. To elaborate, the input data
must initially include x, y, and z coordinates, which are
essential for three-dimensional interpolation. Subsequently,
subsets are created, with the specification of the number of
points per model, with a default of 100 points, to which
the software automatically assigns the points into subsets of

the designated size. Setting the overlap coefficient between
subsets, the larger the value, the smoother the prediction
surface, and the longer the processing time. The number
of semivariogram simulations for each subset can be set;
for input data with larger measurement errors, the number
of simulations should be increased. The type of output
surface can be chosen from the predicted value surface, the
predicted value standard error surface, the probability surface
exceeding the critical value, and the quantile surface. For
data that is not normally distributed, transformation methods
can be selected using the empirical method and the log
empirical method. The type of semivariogram can be chosen
from linear, power, or thin plate spline functions. Select the
appropriate maximum/minimum adjacent element and search
radius length based on the input data. Fig. 4 represents the
EBK distribution map of various functional values based on
known building contours, and then the ‘‘Extract Multi Values
to Points’’ spatial analysis tool is used to extract the estimated
values to unknown sample points. This map can clearly
reflect the changes in the strength of the spatial distribution
relationships of these four types of functional values, with
higher accuracy.

3) FREQUENCY DENSITY AND CATEGORY RATIO
Given that a single building geometry may encompass
multiple types of POIs, it implies that each building has
the potential to contain various functional spaces. We utilize
two indicators, Frequency Density (FD) and Category Ratio
(CR), to identify and assess UFZs that rely on buildings.
FD measures the proportion of occurrences of a specific
value or within a particular range relative to the total dataset.
CR quantifies the relative proportions of different categories
within dataset. Therefore, for each building geometry, the
types of POIs contained within it can be used to construct
FD and CR metrics, which in turn help identify and assess
the functional attributes associated with building geometry.

Fi =
ni
Ni

(i = 1, 2, 3, . . . , n)

Ci =
Fi∑n
i=1 Fi

(i = 1, 2, 3, . . . , n)
(5)

where i denotes the type of POIs; n represents the total
number of types of POIs; ni indicates the number of
POIs of type i within a building geometry; Ni is the total
number of POIs of type i in the dataset; Fi denotes the FD
of POIs of type i; and Ci represents the proportion of FD of
POIs of type i relative to the total FD of all POIs types in the
building geometry.

Based on the calculated FD and CR, and following the
threshold of 0.50 as referenced from previous studies [12],
[37], the determination process for specific functional zones
is outlined in Fig. 5. The Specific process is described
as follows: If any FD of functional value in the building
geometry exceeds 0.50, the building is classified as the zone
with the specific function; otherwise, it is deemedMix.When
the building geometry possesses one FD of functional value
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that falls between 0.30 and 0.50, it is identified as Mix.
that dominated by the specific function; when one building
geometry has two FD of functional value that all range from
0.30 to 0.50, it is determined to be Mix. that dominated by
these two specific functions; when there are two more FD of
functional value between 0.30 and 0.50, it is classified as a
multi-functional Mix.

FIGURE 5. The determination process for zones that rely on buildings
using FD and CR.

C. IDENTIFICATION METHOD BASED ON ZONES THAT
NOT RELY ON BUILDINGS
1) FOR TRAFFIC ZONE
Urban roads in cities carry the main transportation function.
OSM, being vector line data, does not possess width
attributes. Referred to ‘‘Urban Comprehensive Transporta-
tion System Planning Standards (GB/T51328—2018) ’’,
different radii for buffers are be set based on the road
classification. The relationship between OSM road hierarchy
and the buffer zone radius is outlined in TABLE 4. The
integrated polygon data formed can be utilized to represent
Tra. of city.

2) FOR ECOLOGICAL ZONE
Urban Ecological Zone (Eco.) typically encompasses two
major components: water and green vegetation. SinoLC-
1 characterize landcover features at a 1m resolution with
high accuracy [33], depicting land use types that include
forests, grasslands, arable land, wetlands, water, and 11 other
categories. Among these, areas with an attribute value
of ‘‘9’’ represent regions that are permanently covered
by water, including naturally occurring lakes, rivers, and
streams, as well as artificially created reservoirs, ditches,
water management facilities, ponds, and aquaculture farms.
Therefore, it is reasonable to extract these areas fromSinoLC-
1 as the water in Eco of city.

NDVI is a metric used to assess vegetation coverage
and health. It is calculated using the difference or ratio of
reflectance values between the near-infrared and red-light

TABLE 4. The relationship between OSM road hierarchy and the radius of
buffer zones.

TABLE 5. NDVI Index classification by natural breaks method.

bands, with values typically ranging from -1 to 1 [32].

NDVI =
NIR − Red
NIR + Red

(6)

where NIR represents the reflectance in the near-infrared
band, and Red represents the reflectance in the red-light band.
Positive NDVI values indicate the presence of vegetation,
with the value increasing with greater vegetation coverage;
a value of 0 suggests the presence of rock or bare soil,
where NIR and Red reflectance are nearly equal; negative
values indicate surface cover such as water or snow, which
reflects visible light strongly. Referring to the studies of
existing scholars and based on Natural Breaks Method for
detailed classification as shown in TABLE 5 [53], [54],
we can identify and demarcate the urban green vegetation
of Eco. by filtering data with NDVI values ranging between
0.18 and 0.74.

D. CONFUSION MATRIX
Confusion Matrix is a tool used to evaluate the accuracy of
a classification model by depicting the relationship between
the true attributes of sample data and the predicted results in
matrix form. It can be represented as an N × N dimensional
CM (C,M) [16].

CM (C,M) =



cm11 cm12 . . . cm1i . . . cm1N
cm21 cm22 . . . cm2i . . . cm2N
...

...
...

...

cmi1 cmi2 . . . cmii . . . cmiN
...

...
...

...

cmN1 cmN2 . . . cmNi . . . cmNN


(7)

where each column of CM represents the predicted cate-
gories, with the sum of each column indicating the number of
instances predicted as that category; each row represents the
true categories of the data, with the total number in each row
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indicating the count of instances that are truly of that category.
For example, cm11represents instances where the true class
is Type 1 and the predicted class is also Type 1, while
cm12represents instances where the true class is Type 1 but
the predicted class is Type 2. Confusion Matrix is commonly
used to evaluate the accuracy of classification results using
Overall Accuracy (OA) and the Kappa coefficient. The
formulas are as follows:

OA =

∑n

i=1

Xii

N
(i = 1, 2, 3, · · · · ··, n)

Kappa =

(
N

∑n
i=1Xii −

∑n
i=1Xi+X+i

)
N2 −

∑n
i=1Xi+X+i

(i = 1, 2, 3, · · · · ··, n)

(8)

where N represents the total number of samples, n denotes
the number of rows and columns in the confusion matrix, Xii
is the number of samples in the i-th row and i-th column of
CM, and Xi+ and X+i represent the total number of samples
in the i-th row and i-th column, respectively.

IV. RESULTS AND CONCLUSION
A. ESTIMATION RESULTS OF EBK INTERPOLATION
The EBK method is employed to calculate the unknown
spatial values for four types of functional areas and Fig. 6
illustrates the distribution characteristics of these functional
spaces. Specifically, driven by economic agglomeration
effect, Com. typically exhibits a pronounced clustering
tendency, forming dense, small-scale agglomeration points
in central urban areas. Res. displays a clustered distribution
pattern in the central region, while areas farther from the
city center, with comparatively lower land costs, tend to
develop into larger residential clusters. Small-scale Ind. are
inclined to cluster in the central regions, taking advantage
of the economic vibrancy and accessibility. In contrast,
Ind. that may generates environmental pollution or noise
are strategically distributed on a larger scale around the
periphery of the central urban area to mitigate any adverse
effects on residential areas. Pub. which provides essential
services to the community are predominantly situated in
proximity to Res.

B. IDENTIFICATION RESULTS OF URBAN FUNCTIONAL
AREAS
1) RESULTS OF OVERALL CLASSIFICATION
Based on refined identification method for UFZs we
proposed, both Proximity Analysis and EBK interpolation
method account for the spatial correspondence between POIs
and building geometries, addressing the issue of POIs not
being entirely distributed in building geometries. Within
the study area, 103,615 out of 104,092 building geometries
were identified with UFZs, achieving a recognition rate of
99.5%, which is a significant improvement over traditional
methods of building functional zones identification. By using
OSM to set up Tra. with different levels and NDVI with
the Natural Breaks Method to effectively extract Eco. in the
city that do not rely on buildings have also been efficiently

FIGURE 6. EBK interpolation results based on known POI (a. Com. b. Res.
c. Ind. d. Pub).

identified, enhancing the comprehensiveness of urban space
recognition.

As shown in Fig. 7, the refined classification results of
UFZs are as follows:

(1) Tra., which plays a crucial role in residents’ travel,
accounts for 9.98% of the total area of main central area
of Xuzhou, with accurate position and width that generally
match; Eco., including parks, green spaces, nature reserves,
etc., accounts for 79.76% of the total area, with the remaining
10.26% of the area being the 5 types of UFZs that rely on
buildings.

(2) Among the 5 types of UFZs that rely on buildings,
Com., Res., Ind., Pub. and Mix. in main central area of
Xuzhou account for 14.67%, 47.79%, 17.95%, 5.92%, and
13.26% of total area, respectively. This means that nearly half
of the city’s buildings is primarily for residential use, and
nearly a fifth is for industrial purposes, which is consistent
with Xuzhou’s past as a well-known resource-based city and
its current gradual transformation. The significant presence
of Com. and Ind., along with the rational distribution of Pub.
andMix., together form the city’s diversified spatial structure.

(3) According to the specific distribution of UFZs that
rely on buildings, Com. (Fig. 7a) are mostly distributed in
a point or strip pattern, typically situated at the periphery of
urban block and forming commercial podiums that enclose
Res. They are strategically positioned near traffic arteries
or street corners, aligning with the general prerequisites
for commercial development, including convenient trans-
portation, high population density, strong accessibility, and
extensive service reach. The epicenter of such commercial
activity is often concentrated in the vibrant heart of the
city, specifically in the central business district. Res. and

22792 VOLUME 13, 2025



X. Du et al.: Refined UFZs Identification via EBK: A POI-Weighted Scoring Innovation

predominantly residential Mix. (Fig. 7b) are the most widely
distributed UFZs in the city, accounting for 40-60% of
urban area, generally aggregated within the blocks enclosed
by roads with strong privacy, well-developed infrastructure
and good ecology. Both residential communities and urban
villages conform to the characteristics of residential space
cluster distribution in most cities. Ind. (Fig. 7c) include
companies, factories and industrial parks. Due to the large
area required by industrial factories, which may cause
pollution to surrounding environment, most enterprises set
them up on the outskirts of the city to reduce costs, forming
clustered layouts, which is in line with Weber’s theory of
industrial location. Xuzhou is dominated by east winds, and
the city’s industrial space is noticeably concentrated in the
northeastern and southern parts of the city, located in the
downwind direction, which does not cause air pollution.
Pub. (Fig. 7d) include stations, hospitals, schools, etc., which
need to consider the convenience of coverage, and are
mostly scattered and evenly distributed to meet basic service
radius requirements of population. However, Pub. such as
government offices are generally independent buildings and
are more concentrated in old city.

(4) Buildings identified as single-functional zones, pri-
marily mixed-use zones and dual-function mixed-use zones
account for 42.62%, 43.69% and 13.25% of the total building
area, respectively. This means that more than half of urban
buildings has the attribute of Mix., indicating that the mixed
use of UFZs is a relatively common phenomenon, which
is conducive to mitigating urban sprawl, reducing traffic
pressure and improving land use efficiency. Etymologically
speaking, Mix. refer to a single building bearing multiple
types of functions in the vertical direction, achieving the
superposition of multiple functions within a limited space,
maximizing the use of land resources, and reducing the
pressure of urban expansion. In the main central area of
Xuzhou, Mix. dominated by residence, commerce-residence,
residence-industry and residence-facility account for 42.63%,
1.67%, 1.21%, and 9.90% of the total building area, respec-
tively, with the remaining Mix. accounting for a smaller
proportion. Specifically, Mix. dominated by residence and
commerce-residence are mostly distributed in the more
prosperous areas of the city center, such as catering services
at the bottom and residential or office space above, which
helps to achieve multifunctionality and flexibility of space
with high spatial utilization efficiency; Mix. dominated by
residence-industry break the traditional boundaries between
Res. and Ind. in urban planning, helping to reduce citizens’
commuting time and improve quality of life, mostly planned
in the city’s high-tech development zones;Mix. dominated by
residence-facility help to improve quality of life for residents
and promote sustainable community development, with large
areas andmostly distributed around residential space clusters,
mainly due to the radiation effect of public service functions
such as community centers, health stations and kindergartens
located around Res. Multifunctional Mix. usually refer
to areas that integrate multiple functions mostly located

near transportation hubs, urban renewal areas, educational
research institutions, and policy-guided areas.

FIGURE 7. Refined Identification Results of UFZs (a.Com. b. Res. c. Ind. d.
Pub.)

2) RESULTS OF LOCAL CLASSIFICATION
As illustrated in Fig. 8, we randomly select a block in study
area and compare it with the current situation shown on
AMap. The map delineates that the block is composed of the
Fuli City residential community to the north, the State Grid to
the south, and an array of shops to the east. Since the block is
predominantly residential, traditional identification methods
would simplistically classify the entire area under Res.
category, which lacks the granularity. However, by applying
the refined identification method outlined earlier, we can
assign specific functional attributes to both built and non-
built spaces within the block. On the eastern side of the
block, buildings that house a variety of eateries and hotels are
designated as Com.; the central buildings collectively form a
residential complex, thus earning the classification of Res.;
the podium of the building in the north of the residential
area has a community center, leading to its identification as
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Mix. dominated by residential-public service; the State Grid
in the south is a row of buildings, mainly identified as Pub.,
with the remaining ancillary areas classified as Mix. based
on EBK interpolation, which may occasionally introduce
minor inaccuracies. Overall, the functional spaces within the
block exhibit a notable degree of inter-connectivity, meaning
that in addition to Res., the block typically encompasses
supporting infrastructure such as supermarkets and service
centers, which are integral to the community’s daily life and
overall functionality. Jiefang Road to the east of the block
stands as a pivotal urban arterial, spanning 30 meters in width
and accommodating bidirectional traffic across three lanes,
while Fengming Road to the south functions as a secondary
urban thoroughfare, measuring 15meters wide with two lanes
for bidirectional traffic. The remaining roads are narrower,
typically under 10meters wide, and serve as block roads, with
Tra. identification being relatively accurate. The entire Res.
boasts a high rate of greenery, characterized by a rich diversity
of vegetation types, so the remaining spaces are identified as
Eco.

FIGURE 8. Comparison of classification results within a block with the
actual situation on AMap (a. Classification results by method in the paper
b. Road network map on AMap c. Current situation on satellite AMap).

3) ACCURACY ASSESSMENT
Confusion Matrix is established to quantitatively assess the
accuracy of the identification method. A total of 500 points
are randomly selected from the study area, and the types
of real UFZs are manually determined and the accuracy of
the identification is then evaluated using Confusion Matrix.
The actual UFZs of the random points are determined
based on visual interpretation of high-resolution RS images,
inquiries on AMap and combined with on-site surveys. The
results indicated that OA of this method reached 84.4%,
with a Kappa coefficient of 0.804. To ensure the innovative
application of the EBK interpolation in this paper, KDA and
IDW interpolation methods are compared in the study area
for identification and accuracy assessment. Fig. 9 represents
the OA of these two methods, which are 57.5% and 81.2%,
respectively. These results suggest that the research method
presented in this paper has improved the accuracy of UFZs
identification, with a higher degree of conformity to the actual
functions of buildings, particularly in the enhancement of Ind.
and Mix. Additionally, Kappa value has improved, indicating
that the identification function is almost perfect.

As shown in TABLE 6 and Fig. 10, the error matrix of
classified UFZs reveals that the sensitivity of experimental
method for Com., Res., Ind., Pub., Tra., Eco. and Mix. are
80.6%, 73.9%, 72.7%, 76.1%, 87.0%, 96.4% and 78.3%,

FIGURE 9. Comparation of confusion matrix with different interpolation
methods (a. KDA; b. IDW; c. EBK).

TABLE 6. Comparison of automatic recognition and manual
interpretation.

respectively; the accuracies are 80.6%, 89.5%, 90.9%, 83.3%,
96.8%, 81.2% and 69.2%, respectively. These results indicate
that in the refined identification of UFZs, the method
presented in the paper has the strongest capturing ability
for Eco., followed by Tra. The identification accuracies for
Ind. and Tra. are the highest, both exceeding 90%. The
accuracies for Com., Res., Pub. and Eco. are relatively
high, while the accuracy for Mix. is comparatively less
significant.

Fig. 11 delineates instances of misclassifications stemming
from the methodology we proposed. The initial misalignment
between Tra. and imagery in Fig. 11a and b can be attributed
to the establishment of six-tier buffer zones for categorizing
myriad road types from OSM. Subsequently, the omission
and incompleteness of buildings in Fig. 11e and h are a direct
consequence of interface web API limitations affecting the
architectural geometry data. These two factors are primarily
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FIGURE 10. Error result of 7 types of UFZs.

responsible for the misclassification of building-dependent
UFZs as non-building-dependent UFZs.

Furthermore, an in-depth analysis reveals the causes
behind the misclassifications as other building-dependent
UFZs. The sporadic identification of small-scale buildings on
vacant land in Fig. 11c is a result of the outdated updates
to building geometry data. The train station identified as
a space encompassing Pub., Res. and Com. in Fig. 11b
arises from the extraction process, which fragments large
structures intomultiple smaller entities. Themisidentification
of a single instance in an urban village, depicted in
Fig. 11d, as a Mix. is due to buffer threshold may lead to
erroneous classification or exclusion of POIs in Proximity
Analysis. Collectively, these three factors can influence
intensity values of specific functions within zoning units,
thereby amplifying errors during EBK interpolation process.
In addition, the functional zoning discerned through manual
interpretation of RS imagery and on-site surveys inherently
possesses subjectivity, which is especially likely to affect
the classification of high-rise buildings with diverse internal
functions.

In detailed analysis of specific UFZs relying on buildings,
Res. in Fig. 11d may have been misidentified as Com.
and Pub. due to the uniform assignment of building area
weight scores to ‘‘residential areas’’ that exhibit varying
characteristics. Com. similar to Wanda Plaza, depicted in
Fig. 11e, are categorized as Res., Ind. or Mix. owing to
the limitations of 2D zoning vertical projections, which
fail to fully represent buildings with lower commercial
podiums and upper residential or office spaces. In Fig. 11f,
some small factories are classified as Res. or Mix. due to
the internal diversity of functions in large industrial parks
with numerous buildings that are susceptible to interference
during interpolation. Pub. such as kindergartens and schools
which often irregularly occupy a corner or part of a block
in Fig. 11g, have their functional boundaries inaccurately
defined by interpolation methods, potentially leading to the
misidentification of Pub. as Res.

In UFZs not relying on buildings, the identification
accuracy of Tra. is notably high. Misclassifications of
Eco. can be attributed to two primary factors: Firstly,
NDVI imagery is susceptible to the effects of cloud
cover and atmospheric conditions, leading to suboptimal
index performance. Secondly, the incompleteness of the
established classification system results in the misidenti-
fication of outdoor land uses, such as squares and play-
grounds in Fig. 11g and h, which are supplemented by
multi-source data and erroneously classified as aquatic or
vegetative Eco.

FIGURE 11. Analysis of cases of misjudgment in the process of refine
identification (1: Current situation on satellite AMap; 2: Classification
results by method in the paper).

V. DISCUSSION AND LIMITATION
The refined identification of UFZs is essential for urban
planning, resource allocation, and environmental monitoring,
serving as a foundation for promoting sustainable urban
development. In the field of urban planning management,
identifying UFZs allows for a more precise analysis of public
service demands across different areas, thereby optimizing
resource allocation. For instance, high-density Res. may
require a greater number of educational andmedical facilities,
while Com. may necessitate more transportation and parking
infrastructure. This can assist policymakers in planning
public service facilities based on the characteristics of
UFZs, enhancing service efficiency and resident satisfaction.
Additionally, for urban areas experiencing industrial decline,
analyzing their potential for functional transformation can
inform urban revitalization strategies, such as converting
old industrial areas into Com. or Res. while preserving and
reinforcing their historical and cultural values. Furthermore,
the identification of UFZs can also aid in environmental
monitoring and management. For example, Ind. require
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stricter pollution control measures, while Res. need to
incorporate more green and open concepts in their renewal
and design. Moreover, this method is highly adaptable
in disaster response planning, traffic network and socio-
economic analysis, which helps in the effective allocation of
rescue resources, optimization of traffic network design, and
provides a rich array of application scenarios and data support
for a diversified economic structure.

Therefore, it is crucial to seek efficient methods to replace
traditional survey approaches. The effective integration of
multi-source data combined with EBK interpolation method
offers a novel perspective for addressing this issue. To address
challenge such as mismatched research scales, identification
accuracy, and incomplete functional zone classification in
previous UFZs identification methods, a POI-weighted scor-
ing method is proposed based on EBK, which demonstrates
its effectiveness in Xuzhou, China.

The study area, encompassing 40,772 hectares, is spatially
categorized into seven major classes: Com., Res., Ind., Pub.,
Tra., Eco., and Mix. The effective identification rate reached
99.5%, with OA of 84.4% and a Kappa coefficient of 0.804.
These figures validate the effectiveness of the innovative
identification method proposed in this paper. In addition, this
paper also conducts comparative experiments with different
interpolation methods, confirming the high efficiency and
significant advantages of the EBK interpolationmethod in the
process of estimating unknown values.

While the method presented has great potential in the
identification of UFZs, it still has some limitations. For
instance, there is a lack of building geometry data, especially
in urban fringe areas; the classification system is incomplete,
not considering spaces like hard-paved squares; and 3D
spatial factors such as building altitude is not account for
in POI weight assignment. Therefore, future experimental
designs can be optimized in the following aspects: Firstly,
the integrity and timeliness of data can be assessed from
several aspects such as coordinate location, completeness,
and semantic information to improve the quality of data
acquisition. Secondly, the diversity of classification system
can be expanded in conjunction with urban characteristics.
In metropolises with a rich variety of internal functional
zones, such as Beijing and Shanghai, decision-makers
who want to manage urban more efficiently must further
supplement functional classification like cultural education,
medical health, public utilities and leisure tourism based
on government reports. Additionally, advanced data analysis
technologies can be explored in the future, such as deep
learning or hybrid machine learning methods [1], [28], [55],
[56], integrating real-time data streams [36] like sensor
networks or mobile data. By introducing algorithms that
incorporate 3D spatial factors [13], [57], the identification
method of UFZs can be further automated and optimized.
In the coming period, we will conduct identification-related
studies onmore cities to verify its robustness and adaptability,
and explore which relevant factors may influence the
distribution of UFZs.

APPENDIX I. APPENDIX TABLE
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