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Abstract:	 Ho Chi Minh City (HCMC), the biggest city and most urban agglomeration in Vi-
etnam, has witnessed the rapid growth of urban expansion over the past several 
decades. However, the city authorities faced a wide range of constraints in han-
dling urban management and planning issues. Among these, the management 
practices of urban construction activities and planning tasks are the most chal-
lenging due to the low quality of available data, lack of data synchronization be-
tween management departments, and the limitations in monitoring construction 
activities. These have resulted in poor performance in urban planning. In this 
study, Unmanned Aerial Vehicles (UAVs) were deployed to take photos of the 
existing construction activities in a residential area of HCMC. The traces of hous-
es will be segmented and extracted automatically using a deep learning (DL) 
model. Using UAVs combined with DL is a solution that demonstrates high au-
tomation, which can create standardized and uniform datasets. A 3D map of the 
area was created and shared on the WebGIS platform. Comparing the construc-
tion status with the legal boundaries of the land plot, the horizontal and vertical 
construction permit standards will help detect illegal construction objects. The 
results of the study show that the combination of UAV images and DL shows 
strong potential for building 3D maps, with the accuracy of the ground and ele-
vation being 4.8 cm and 11.9 cm, respectively. This result suggests a promising 
solution to assess construction status with an appropriate accuracy correspond-
ing to a map scale of 1:500. Importantly, the achieved 3D map shared on WebGIS 
is effective for use as a data source between the line government agencies.
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1.	 Introduction

1.1.	 Managing Urban Construction Activities in Ho Chi Minh City:  
Current Practices and Issues

The management practices of construction activities involve the control and 
supervision of a sequence of mandatory procedures, including registration, per-
mit issuance, construction, surveillance, inspection, and handover of the works 
constructed. The purpose of the management of construction activities is to ensure 
safety, compliance with regulations, the rights of relevant parties, and sustainable 
development within the managed area. The management of construction activities is 
carried out by state management agencies, comprising Project Management Boards, 
Departments of Construction, Departments of Construction Management, and units 
managing land resources, labor safety, environmental protection, and the communi-
ty [1]. The management of construction activities requires close cooperation between 
government agencies, investors, contractors, and other relevant parties. It also re-
quires strict enforcement of legal regulations, including regulations on construction, 
labor safety, environmental protection, urban planning, and other regulations relat-
ed to construction activities. In the framework of this study, we refer to the work of 
construction acceptance inspection; that is, to examining whether the aspects of the 
completed work are in accordance with the previously granted license [2–4].

Ho Chi Minh City (HCMC), a rapidly urbanizing municipality, is facing many 
challenges in the management of construction activities. The common challenges 
include illegal construction and permitted height violations, which have resulted in 
negative impacts on the urban planning scheme and caused nuisance and a loss of 
amenity for urban dwellers [5]. To effectively address these issues, the application 
of the latest aerial and informatics technologies is necessary, particularly for improv-
ing the timeliness, objectivity, and spatial completeness of urban monitoring data. 
In this context, UAVs, deep learning  (DL) and WebGIS can provide an integrated 
technical basis for more effective management practices of urban construction [6–8].

1.2.	 Emerging Technologies  
in Supporting Spatial Urban Planning and Management

With the rapid emergence of new aerial technologies, UAVs in particular have 
resulted in the majority of advances in socio-economic planning and management 
through high-resolution imagery, real-time data collection and the capability to cre-
ate 3D (three-dimensional) maps at a relatively low cost. This makes UAVs highly 
applicable in many fields. In the urban sector, UAVs offer significant advantages, 
such as monitoring construction progress, detecting violations of construction reg-
ulations, assessing the condition of trees, and monitoring traffic conditions [9, 10]. 
Moreover, the use of UAVs in these fields not only helps to reduce costs and save 
time but also ensures safety standards and minimizes risks to human resources. With 
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these outstanding advantages, UAVs are expected to continue to play an important 
role in sustainable urban management and development in the future [11, 12].

The use of 3D city maps is increasing in many scientific and practical fields, 
including urban planning and architecture, education, design and advertising, 
telecommunications, tourism, transportation, meteorology, security (police, mili-
tary), etc. Most large and small cities are embarking on establishing a GIS system, 
which is built on a base map featuring assets, infrastructure, environmental ob-
jects, etc. [13]. One of the most useful tools for building smart cities is 3D mapping, 
as the third dimension not only improves visualization but also supports spatial 
analysis, scenario evaluation, and decision-making in urban environment manage-
ment. In recent studies, 3D city models have been increasingly recognized as core 
components of digital urban environments and smart-city applications. Currently, 
3D smart city models are being deployed in many major cities around the world, 
such as Hamburg, Helsinki, Abu Dhabi, Chicago and London, to serve urban master 
planning in a more reasonable way and to assess the impact of new development 
projects and public services  [14,  15]. With 3D  mapping capabilities, UAVs enable 
the acquisition of topographic elevation and building height information, which 
can then be compared with approved spatial plans [16]. This technology is particu-
larly useful in monitoring hard-to-reach areas and places where direct measure-
ments cannot be made by traditional methods. Furthermore, 3D maps created from 
UAV  data not only assist state management agencies in identifying violations of 
construction space (such as land encroachment, boundary crossing) but also help to 
detect violations of building height, an important factor for ensuring aviation safe-
ty and compliance with urban planning and urban aesthetics. In addition, 3D data 
obtained from UAVs can be updated periodically to monitor changes in urban struc-
ture over time, thereby assisting management agencies to promptly detect abnormal 
changes and effectively handle violations related to construction order [17].

DL has dramatically transformed the fields of image recognition, segmentation, 
and extraction, particularly with respect to images captured by UAVs. DL demon-
strates outstanding efficiency in UAV image analysis thanks to its ability to process 
large amounts of data while maintaining a high level of accuracy. At the same time, 
DL is highly flexible and can adapt to a variety of image types and environmental 
conditions. In addition, its ability to learn representative features from large data-
sets has made DL an increasingly essential tool for automated spatial data extrac-
tion, including building footprint delineation, urban object detection, and thematic 
mapping from remote sensing imagery [18–20]. Recent review studies have further 
highlighted the important role of DL in automated building extraction from remote 
sensing data, particularly in complex urban environments  [21]. The synergy be-
tween UAVs and DL technology enables the automatic analysis and identification of 
violations from image data and 3D maps. DL algorithms are capable of swiftly de-
tecting unusual changes, classifying construction zones by function or land use, and 
thereby reducing reliance on manual monitoring processes. More importantly, the 
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combination of UAV imagery and DL facilitates accurate, real-time insights, greatly 
enhancing the efficiency and effectiveness of urban management and other critical 
activities [22, 23].

When data from UAVs and DL are integrated into the WebGIS system, man-
agement agencies can visualize spatial information and make timely decisions. 
WebGIS serves as a centralized, transparent, and easily shared data management 
platform among stakeholders, thereby improving efficiency in the management prac-
tices of construction activities and other urban activities [24, 25]. In a broader smart-
city context, such web-based spatial platforms can also support interactive digital 
urban environments and more responsive urban governance [8].

The objective of this study was to develop and evaluate an integrated work-
flow using UAV imagery and DL functions within Esri’s ArcGIS Pro software envi-
ronment to segment and extract building footprints and tree locations along urban 
routes. This study also calculated object heights from classified point clouds so that 
the resulting spatial and height information could be shared on a WebGIS platform. 
Rather than focusing solely on the individual use of UAVs, DL, or WebGIS as sepa-
rate tools, this study examines their combined ability to support urban monitoring 
and management in a more efficient and practical way. This provides urban manag-
ers with a comprehensive and intuitive overview, offering a more complete basis for 
monitoring construction activities and urban greenery.

The combination of UAVs, DL techniques, and WebGIS platforms not only im-
proves the capacity for monitoring, analyzing, and managing construction orders 
but also contributes positively to the process of building HCMC into a smart, mod-
ern, and sustainable city. The novelty of this study lies in the integration of these 
components within a unified workflow that links data acquisition, object extraction, 
height assessment, and web-based spatial management, thereby providing a more 
application-oriented solution for urban management in HCMC.

2.	 Materials and Methods

2.1.	 Study Area
Phuoc Thien resettlement area, located in Long Binh Ward, Ho Chi Minh 

City (HCMC), is situated in a rapidly urbanizing area in the eastern corridor of the 
city (Fig. 1). Formerly belonging to Thu Duc City, this area is now directly man-
aged by HCMC after the recent rearrangement of administrative units. Nationally, 
HCMC plays the central role in Vietnam’s economic growth and modernizing ur-
ban infrastructure [26, 27]. In recent years, the city has advocated expanding the 
urban space in the Eastern corridor to meet population needs, arrange resettlement 
and develop urban satellite areas. Phuoc Thien is a typical example; well-planned, 
located next to the Vinhomes Grand Park urban area, and directly connected to 
strategic infrastructure axes such as the highway of HCMC – Long Thanh – Dau 
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Giay and Ring Road No. 3. This area has invested in a modern and synchronous 
technical infrastructure system, including underground electricity, water, telecom-
munications lines, internal traffic systems, public lighting and a well-distributed 
network of trees. In the 3D  digital spatial database and digital urban map, the 
main objects shown include buildings, streetlights, trees, and traffic systems, while 
underground structures are not visible due to the technical limitations of UAV im-
agery. Notably, the Phuoc Thien area is located on the corridor of Metro Line No. 1 
(Ben Thanh–Suoi Tien) – the first urban railway line of HCMC and the second in 
Vietnam – considered a symbol of modern public transportation [28]. This Metro 
line plays an important role in connecting the city center with the new development 
area in the Eastern corridor, supporting labor mobility and population allocation, 
and promoting regional integration in the process of urbanization. With the ad-
vantages of geographical location, improved infrastructure, and an interregional 
transportation system, the Phuoc Thien area is gradually forming its role as a new 
urban center of HCMC. This development not only attracts residents and a qualified 
workforce but also reflects the trend of expanding urban space in a modern and 
sustainable direction [29, 30].

Fig. 1. Study area in Phuoc Thien resettlement area

Therefore, the establishment of a modern management system employing tech-
nologies such as UAVs, AI, and WebGIS is necessary to support managing urban 
construction activities, monitoring green spaces, and maintaining a healthy living 
environment. This system not only helps to monitor and detect violations but also 
sets the foundation for Thu Duc City to become a model smart city.
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2.2.	 Conceptual Framework of Procedure

The framework of the research methodology is the integration of three main 
components: UAVs, DL, and a WebGIS system (Fig. 2). This approach not only en-
sures technical accuracy in each step but also aims at the ability to share, exploit, and 
update data for effective urban management.

Fig. 2. Procedure of integrating UAVs, deep learning, and WebGIS  
in urban construction activities management

The first component, UAVs, performs the task of taking high-resolution dig-
ital images using unmanned aerial vehicles, combined with ground control 
points (GCPs) to ensure coordinate accuracy. The resulting images will be processed 
by specialized software to create orthophotos and digital elevation models (DEMs) 
such as digital surface models (DSMs), digital terrain models (DTMs) and normal-
ized digital surface models (nDSMs). These models play a crucial intermediate role 
in determining the height, spatial structure, and layering of information according 
to the depth of the urban area [31, 32].

The second component is DL, in which convolutional neural network (CNN) 
models are trained and fine-tuned to automatically recognize and extract construc-
tion boundaries from UAV imagery. The use of DL not only replaces the manual 
digitization process but also improves the accuracy and efficiency of geometric data 
extraction. The output is a building footprint layer in the form of pre-standardized 
vector data for integration into the geographic information system  (GIS)  [33,  34].

The third component is WebGIS, which takes on the role of storing, organizing, 
displaying, and sharing spatial data in the form of interactive maps. All processed 
data (orthomosaic, digital spatial data, DEMs, cadastral data) are integrated into the 
WebGIS system to support the functions of generating statistics as well as looking 
up, updating, and checking the current construction status. This system serves as 
a digital platform for monitoring and managing urban construction activities.

The process of integrating UAV–DL–WebGIS in this study not only fully en-
sures the processing chain from data collection–processing–analysis–management 
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but also reflects the high feasibility of deployment in developing cities. The final 
result is a large-scale spatial digital data layer and 3D  urban maps, fully reflect-
ing the necessary management factors such as building boundaries, height, density, 
management boundaries, and technical infrastructure. This research methodologi-
cal framework not only contributes to technologically but also creates an academic 
foundation for urban management solutions based on digital data in the context of 
today’s digital transformation.

2.3.	 Data Collection
Data Collection by UAV and GNSS RTK
In order to collect data for the study area, a DJI Phantom 4 Pro UAV with PPK 

(Post-Processed Kinematic) positioning technology was deployed, as illustrated in 
Figure 3. This device possesses a high-resolution optical sensor, which enables the 
recording of detailed, high-quality aerial images, and PPK technology helps to cali-
brate the post-flight positioning signal, thereby improving the positioning accuracy 
of the image [35, 36]. The flight shooting process is designed in two different con-
figuration options to serve the analysis requirements of coordinate accuracy and the 
level of geometric detail of aerial objects.

Fig. 3. UAV and remote controller used during field survey:  
a) remote controller; b) DJI Phantom 4 Pro PPK

	 a)	 b)

In the first flight design, the UAV was operated in waypoint flight mode, which 
means that the flight trajectory is pre-set and the vehicle automatically follows the 
programmed route. The flight altitude was fixed at 100 m, and the shooting axis is 
positioned perpendicular to the ground (90° angle) in order to obtain an orthogonal 
image with low geometric distortion. The overlapping was set at 80% for both the 
along-track and the across-track, ensuring the level of overlap required for geomet-
ric reconstruction and spatial modeling. With this configuration, two flights were 
deployed, and a total of 458 images were obtained.
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In the second flight design, the UAV was operated according to the double-grid 
flight mode to enhance the ability to reproduce 3D spatial structures. In this con-
figuration, the camera was adjusted to shoot at an 80° oblique angle, which helped 
to capture more information about the façades of the buildings and improve the 
quality of the 3D model with an overlapping of 70% for both the along-track and 
the across-track. With this option, four flight missions were carried out at an altitude 
of 100 m, obtaining a total of 981 UAV images.

Meanwhile, a Hi-Target V30 RTK GNSS was also employed to measure the spa-
tial coordinates of the ground control points  (GCPs) and check points  (CPs) pre-
cisely, as shown in Figure 4. Five GCPs were similarly spaced throughout the study 
area, and were located to ensure an average distance between points of approxi-
mately 370 m, in order to calibrate the image model and ensure geometric accuracy 
in the application of the UAV data. Five CPs were also employed as independent 
datasets to validate the accuracy of the orthomosaic and DEMs.

Fig. 4. Hi-Target V30 RTK GNSS: a) base station; b) rover

	 a)	 b)

Processing UAV Data
The Agisoft Metashape Professional software was used to process the six flight 

missions (1,439 images), setting the processing level to medium. The measurement 
information and images were referenced in the VN-2000 National Reference System 
and Coordinate System, based on UTM projection with a 3° projection zone having 
a central meridian of 105°45′ for HCMC [37]. All outputs were then generated in this 
coordinate system.

A point cloud was utilized to generate a DSM (Fig. 5a). This point cloud was 
then further classified into ground and non-ground points. The ground points were 
interpolated to generate the DTM  (Fig. 5b). Orthophotos were also produced at 
a 2.82 cm resolution. To represent a 3D map, the height of the object layers must be 
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considered. The normalized DSM (nDSM) or canopy height model  (CHM) repre-
sents the height of objects above the surface. This model is derived by subtracting 
the DTM from the DSM (Fig. 5c).

a)	 b)	 c)

Fig. 5. Types of Digital Elevation Models: a) DSM; b) DTM; c) CHM

The heights of 15 objects in the area comprising nine houses, two light poles and 
four trees were randomly measured using a total station in order to verify the accu-
racy of the CHM. Five CPs were used to assess the accuracy of the orthomosaic. The 
root mean square error (RMSE) was used to calculate the accuracy as follows [38]:
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The horizontal RMSE was calculated to evaluate the positional accuracy of the 
orthomosaic:
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where: n – number of checkpoints, ′D = −i i iX X X , ′D = −i i iY Y Y , ′iX , ′iY  – coordinates 
extracted from the orthomosaic, and Xi, Yi – coordinates of checkpoints.

The vertical RMSE was calculated to evaluate the elevation accuracy of the CHM:
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where: n’ – number of test objects, ′D = −i i iH H H , ′iH  – height extracted from CHM, 
and Hi – height of test objects.
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Processing Cadastral Map Data

Cadastral data was collected and processed in order to provide a legal basis for 
the comparison of the current state of construction in the study area. The cadastral 
map at 1:500 scale, reflecting the legal boundaries of land parcels under the formal 
land management system, is used as the main reference layer to determine the de-
gree of conformity between the current land use status and the granted land use 
rights. Land parcel boundary data was transformed and standardized in terms of 
both geometry and properties to ensure spatial integrity and logical connectivity in 
GIS analysis.

The synchronous integration between spatial boundaries and attribute infor-
mation, such as the owner’s name, area, purpose of use, and land parcel number, 
enables the effective exploitation of cadastral data as a highly reliable matching base. 
Thereby, the process of assessing and detecting cases of boundary violations, illegal 
permits, or misuse of land can be carried out systematically and transparently, serv-
ing the inspection and management of construction in urban areas.

2.4.	 Using Deep Learning to Extract Building Footprints

The process of applying DL in this study is implemented through four main 
stages: (1) identifying the need for extraction and designing a strategy for refining 
the model, (2) building a training sample set, (3)  training and refining the model 
according to local data, and (4) applying the model to extract objects and convert 
them to GIS data.

Rationale for Selecting the Training Strategy Using Transfer Learning

When the number of labeled samples is still limited, the study uses transfer 
learning techniques to improve the effectiveness of DL model training. This approach 
takes advantage of pre-trained models on a large and rich dataset, thereby shorten-
ing the training time and reducing the pressure on computational resources [39, 40]. 
The refinement of the model is carried out on the basis of the local dataset, which 
helps the model to better adapt to the specific spatial and contextual characteristics 
of the study area.

The training strategy chosen was to lock all the backbone layers and refine only 
the output layers (heads) suitable for each extraction task, thereby maintaining the 
generalization of the original model while learning the specific characteristics of the 
new data [41, 42]. The total number of parameters updated accounts for approxi-
mately 10% of the number of parameters throughout the model, in order to ensure 
a balance between efficiency and stability in training.

Data augmentation techniques such as rotation, flipping, stretching, and chang-
ing the brightness of the image were also systematically applied to expand the 
training set and improve the diversity of the sample, contributing to minimizing 
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overfitting and improving the accuracy of the model. The selection of the above 
training strategy makes it possible to optimally exploit the performance capacity of 
the DL model with low computing costs while also enhancing the applicability of 
the model to UAV imagery with complex acquisition conditions and strong changes 
in urban landscapes.

Construction of the Training Dataset

The training dataset was constructed to support the fine-tuning of the DL model 
under the selected transfer learning strategy. For building-boundary segmentation, 
the input data were prepared from UAV imagery, with a ground sample distance 
of 2.82 cm/pixel, three RGB color bands, and 8-bit radiometric resolution, ensuring 
the ability to clearly identify the boundaries of small objects in urban areas.

The UAV  imagery was collected at the Phuoc Thien resettlement area and 
supplemented with images from several other areas in HCMC to increase the rep-
resentation of different building types. After acquisition, the data were pre-processed 
through radiometric adjustment, tile-size normalization to 512 × 512 pixels, and re-
moval of noisy areas without relevant object information.

The labeling was performed manually in ArcGIS Pro using the “Object Labe-
ling for Deep Learning” add-in. The building footprints were digitized as labeled 
samples to ensure that the target objects were accurately represented in the train-
ing data. The output consisted of image tiles, label layers, and associated metadata 
files. With segmentation networks such as DeepLabV3+, the data was organized in 
a “Classified Tiles” format suitable as an input format for the training procedure.

The minimum number of samples required for training was estimated based 
on the model size, the proportion of fine-tuned parameters, and a spatial complex-
ity coefficient reflecting the heterogeneity of the area. Specifically, for DeepLabV3+ 
(ResNet-101), with a total of 48 million parameters, if 10% of the last layer is fine-
tuned, 4.8 million parameters need to be learned [43, 44]. Based on this calculation, 
and after applying a 16-fold data augmentation factor, the minimum number of 
original samples required for training was determined to be 1,960.

The enhanced dataset was divided into 70% for training, 20%  for validation, 
and 10% for testing. This division was intended to ensure an objective evaluation 
of the model, avoid overfitting, and help test the ability to generalize the model on 
actual data.

Deep Learning Model Training Using Transfer Learning

The DeepLabV3+ model with a ResNet-101 backbone was selected for this study 
because of its strong capacity to represent both geometric and contextual informa-
tion for segmenting objects with clear boundaries, such as buildings. ResNet-101 is 
a deep convolutional neural network featuring skip connections that enable effective 
signal propagation across multiple layers, mitigating gradient vanishing, thereby 
supporting the learning of high-level semantic features. In addition, DeepLabV3+ 
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incorporates ASPP (Atrous Spatial Pyramid Pooling), which expands the receptive 
field without reducing the spatial resolution, while capturing multi-scale contextual 
information. This ability is particularly useful in identifying buildings of different 
shapes and sizes.

In the fine-tuning process, the model learns hierarchical features that progress 
from simple to complex patterns, matching the geometric structure of the urban 
data. In the early stages of the model, the filter responses are devoted to very sim-
ple concepts: edges, corners, and boundaries, which are important for distinguish-
ing building outlines from surrounding image textures. In the intermediate layers, 
it learns structural regularities and surface materials, such as the corrugated iron, 
concrete and brick roofs very often found in the study area. Finally, deep layers 
aggregate information across different regions of the image to capture higher-level 
morphological characterization, enabling the model to learn the shape and layout of 
the building as a whole, even for views that are occluded by environmental factors 
such as trees or shadows.

During the training process, transfer learning techniques were used to take 
advantage of the weights learned from a large source dataset. The early layers of 
ResNet-101 are preserved (frozen), while the ASPP block and final-resolution lay-
ers are fine-tuned to adapt to the UAV image characteristics of the study area. This 
strategy allowed faster convergence and improved training effectiveness under 
limited-data conditions.

The training was performed for 150 epochs with a batch size of 8 and a learn-
ing rate of 0.001. These parameters were chosen based on preliminary experiments 
showing stable convergence and satisfactory performance.

Extraction of Building Footprints
On completion of the training process, the DeepLabV3+ model was deployed in 

ArcGIS Pro and applied to the orthomosaic imagery of the entire study area using 
the Classify Pixels Using Deep Learning tool. The output was a binary segmentation 
raster, in which each pixel was assigned a value of 1 if it belonged to a building and 0 
otherwise.

This raster layer was then processed by the “Raster to Polygon” tool to convert 
it into vector polygons, forming a construction boundary layer in the form of digital 
spatial data. Post-processing steps were applied to eliminate noise, simplify bound-
aries, and increase geometric accuracy before integration into spatial databases.

2.5.	 Construction of GIS-Based Spatial Data  
for Urban Construction Management

The building footprint layer generated by the DL model with post-processing 
will be imported and managed in the GIS to become a spatial data layer for building 
inspection and supervision. The information is organized into two parts: the poly-
gon spatial layer and the descriptive attributes.
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Attribute fields are constructed in four functional groups:
1)	 Height attribute: are extracted from the CHM by assigning the z-value at 

the center of the building coordinates. The “Height” field can be compared 
with the construction permit based on the number of floors, supporting the 
detection of over-the-top construction.

2)	 Legal attributes: include information such as house number, human owner 
data, land use, linked from table data or cadastral maps through an attribute 
join or spatial join.

3)	 Geometric properties: are calculated by the “Calculate Geometry” tool and 
include area, perimeter and center coordinates. These properties support the 
evaluation of scale and construction density and checking the validity with 
the permit.

4)	 Architectural attributes: reflect the roof type, material, and façade character-
istics extracted from the 3D mesh model. These fields support the control of 
urban aesthetics and architecture.

The attribute data not only serves to visualize the space but also plays an im-
portant role in checking the construction order, helping to detect violations such as 
building the wrong boundaries, exceeding height limits, changing the purpose of 
use, or wrong façade planning. Data is periodically updated from new UAV imagery 
and DL analysis results, contributing to the construction of a continuous, automat-
ed, and transparent monitoring system in the urban space.

2.6.	 Development of a WebGIS Platform for Management

Following the generation and homogenization of the digital spatial data from 
UAV imagery and cadastral data, a WebGIS system was developed to establish an 
Internet-based platform that supports monitoring and managing urban construction 
development. The system not only provides a multi-dimensional data visualization 
tool but also integrates analytical, violation-detection, and decision-making support 
functions in the context of rapid urbanization in resettlement areas.

The WebGIS platform was designed according to a three-layer architecture, in-
cluding:

1)	 PostgreSQL/PostGIS spatial database, which stores all classes of normalized 
data from UAV imagery, altitude models, cadastral data, and results extract-
ed from DL models;

2)	 GeoServer map servers, used to publish data via  OGC (Open Geospatial 
Consortium) standard services such as WMS (Web Map Services) and WFS 
(Web Feature Services), thus supporting the display and querying of spa-
tial data;

3)	 web application layer, based on Node.js/ExpressJS and OpenLayers (2D) and 
Cesium (3D) via OLCS (OpenLayers–Cesium), offers a user-friendly interac-
tive interface for the display of both 2D maps and 3D maps concurrently.



72	 N.H.T. Tran, V.T. Le, L.P. Vo

The system was developed with the following main functional groups to meet 
the requirements of urban management:

	– Decentralization of access and administration: Allows setting up user roles, 
controlling access by function and geography.

	– Visualization and analysis of spatial data: The system provides tools to sup-
port the display of data by layer, monitoring of the current status, compari-
son with planning, and implementation of basic spatial analysis for evalua-
tion and decision-making.

	– Search and look up information: Allow queries by attribute or geographical 
location and support quick retrieval of information related to constructions, 
land parcels and areas with indicators of violation.

	– Data update and editing: Support the function of editing directly on the dig-
ital map, allowing users to conveniently update field data, edit property in-
formation, or add new constructions.

	– Statistics and reporting: Provide statistical tools according to time, type of 
construction, scale and degree of violations; support the development of quick 
reports for urban management and supervision.

One of the important functions of the system is to check for violations of the 
building order based on the matching between the current status data and the ap-
proved plan. The building footprint layer extracted from the DeepLabV3+ model is 
superimposed on the cadastral land parcel boundary layer, thereby identifying cas-
es of construction that exceed the boundary or are not in the right location according 
to legal documents. Buildings that extend beyond the legal land boundary will be 
automatically marked by the system for field inspection.

In addition, to assess violations of building height, the processing steps were 
carried out as follows: the building footprint layer was converted into a represent-
ative point layer using the “Feature to Point” tool, then the elevation value was ex-
tracted from the CHM model using the “Extract Value to Points” tool. These height 
values are connected to the polygon footprint layer through a spatial join, which 
allowed the height of each building to be determined. According to the planning of 
the study area, constructions must ensure a standard height of 4 floors, equivalent 
to about 14 m. The system automatically detected and summarized buildings with 
heights exceeding or below the permissible limit, thereby supporting the detection 
of floor height errors.

All functions were integrated into the interactive interface, allowing users to 
navigate spatial data in  2D or  3D, filter objects by criteria, edit data, and extract 
information for inspection, planning, and licensing. The 3D interface was built us-
ing the OLCS library, which allows for a smooth transition between 2D map mode 
and 3D space on the same browser platform, meeting the requirements of urban 
visualization in the context of digital transformation.
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With the integration of UAV data, DL models, and WebGIS systems, the pro-
posed platform is not merely a visualization tool but also a decision-support system, 
which is scalable and integrated into modern urban management systems.

3.	 Results

3.1.	 Development of a WebGIS Platform for Management

To assess the accuracy of the orthomosaic, five  CPs were used in the evalu-
ation according to Equations  (1)–(3). The results show that the plane error of the 
orthogonal image reaches  4.6 cm, which is summarized in Table 1. According to 
Article 8 of Circular No. 26, issued by the Ministry of Natural Resources and En-
vironment (MONRE) in 2024 [37], the positional RMSE of control points for cadas-
tral maps must not exceed  0.1 mm on the map scale. This study aimed to create 
a 1 : 500 scale map, where the allowable error for control points is 5 cm. Therefore, 
with a horizontal error of 4.6 cm as assessed in Table 1, the orthomosaic satisfies the 
required accuracy standards for object extraction.

Table 1. Results of the orthographic coordinate accuracy evaluation

ID
Ground truth Orthomosaic

DX [cm] DY 
[cm]

mxy 
[cm]X [m] Y [m] X′ [m] Y′ [m]

1 1200179.031 618920.236 1200178.992 618920.258 −3.9 3.2 5.0

2 1200124.363 618523.205 1200124.320 618523.231 −4.3 2.6 5.0

3 1199855.308 618848.259 1199855.273 618848.281 −3.5 2.2 4.1

4 1200017.768 618905.917 1200017.810 618905.897 4.2 −2.0 4.7

5 1200025.596 618686.965 1200025.634 618686.946 3.8 −1.9 4.2

RMSE 4.0 2.4 4.6

Using Equation (4) to calculate the RMSE for evaluating the CHM, the results 
are presented in Table 2. The results indicate that the discrepancy between the field 
height and the height obtained from the CHM model averages 11.9 cm. This error 
is relatively large due to the rugged details on the surfaces of houses, where the ex-
traction of height from the CHM model takes the average value. The unevenness in 
the height of the tree canopy is also a factor contributing to errors in the process of 
selecting tree height measurement points in the field.

According to the provisions of Circular No. 07/2021/TT-BTNMT issued 
by MONRE on techniques for acquiring and processing geographic image data, the 
allowable height error for a 1:500 scale map with an even contour interval of 0.5 m 
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is 12.5 cm [45]. Therefore, the error of 11.9 cm in the CHM model is still within the 
permissible limit. As such, the height value obtained from the CHM can be used for 
objects in the 3D map, which will be presented in the next section.

Table 2. Results of the accuracy evaluation of the height of the objects extracted from CHM

ID
Height [m] DH

[m]
RMSE
[cm]Ground truth (H) CHM (H′)

1 11.15 11.26 0.11

11.9

2 14.80 14.92 −0.12

3 7.48 7.38 −0.10

4 10.40 10.50 0.10

5 17.50 17.59 0.09

6 12.07 11.99 −0.08

7 7.32 7.39 0.07

8 10.83 10.95 0.12

9 7.42 7.38 −0.04

10 6.20 6.29 0.09

11 5.98 6.18 0.20

12 6.21 6.36 0.15

13 5.12 5.19 0.07

14 4.94 4.74 −0.20

15 5.07 4.95 −0.12

3.2.	 Evaluation Results of Deep Learning Models and 3D Mapping

The DL  model training results are plotted in Figure 6. The value of the loss 
function on the training set is depicted by the blue line, which portrays the decrease 
in the number of loops as the model obtains more information from the dataset, 
and its accuracy is improved gradually. The validation loss, which is a closed-door 
overfitting evaluation, is shown in orange. From graph observation, we can see that 
both the training lines and the validation lines are monotonically decreasing, which 
indicates that the learning procedure of the model is performed smoothly, and the 
parameters are fine-tuned gradually. The modest separation between the two loss 
curves suggests that the model is well-balanced and not significantly overfitted.
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Fig. 6. Training and validation loss

In order to verify the DL  model’s performance, we adopted the field survey 
data from the practical site combined with the data of a cadastral map. The preci-
sion, recall, and Intersection over Union (IoU) were evaluated. The model had a pre-
cision of 0.90 and a recall of 0.93. The IoU was 0.91, which showed that the predicted 
building footprints had high spatial consistency with the reference. These evalua-
tion results demonstrate that the proposed model is very promising for extracting 
building footprints from urban areas. An illustration of the predicted results with 
the UAV imagery is shown in Figure 7.

	 a)	 b)

Fig. 7. Building footprint extraction results from DeepLabV3+ model:  
a) UAV imagery of buildings; b) predicted building footprints

After extracting building footprints from UAV images by the DeepLabV3+ 
model, the results were converted into vectors and then imported into GIS to create 
a building boundary shapefile. Figure 8 displays the created GIS data layer where 
the raster of the digitized building footprints with complete geometry is clearly visi-
ble. Then, the level of detail 1 (LoD1) 3D city model was automatically derived from 
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the  DSM, CHM and the detected boundary layer by using the extrusion method 
(refer to Figure 9). It is the result of integrating DL and GIS  technology to create 
3D urban spatial data for city management.

Fig. 8. Spatial data of the building layer

Fig. 9. 3D urban maps displayed in GIS environment

Using RTK (Real-Time Kinematic) technology, seven randomly selected coor-
dinates as the corners of houses in the study area were measured and extracted 
from the 3D map. The accuracy of the horizontal coordinates of the 3D map was 
evaluated using Equations (1)–(3), with the results presented in Table 3. Because the 
3D building boundaries were derived from the DL model, this positional accuracy 
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also reflects the accuracy of the extracted building-footprint data. The evaluation 
data from Table 3 shows that the ground error of the 3D map is 4.8 cm, which is 
larger than the coordinate error of the previous orthophoto (4.6 cm). The reason is 
that additional errors appear in the process of automatic object recognition and ex-
traction using the DL model, leading to the total error of the result.

Table 3. Results of the 3D map coordinate accuracy evaluation

ID
Ground truth 3D map

DX [cm] DY [cm] mxy [cm]
X [m] Y [m] X′ [m] Y′ [m]

1 1200167.267 618923.237 1200167.267 618923.211 2.4 −2.6 3.5

2 1200192.511 618832.323 1200192.511 618832.365 −3.1 4.2 5.2

3 1200180.498 618764.023 1200180.498 618764.046 4.3 2.3 4.9

4 1200189.568 618633.847 1200189.568 618633.822 −3.5 −2.5 4.3

5 1200190.808 618508.782 1200190.808 618508.825 1.2 4.3 4.5

6 1200125.401 618523.743 1200125.401 618523.777 3.2 3.4 4.7

7 1199876.929 618533.279 1199876.929 618533.229 3.6 −5.0 6.2

RMSE 3.1 3.6 4.8

In addition, a tape measure was used to measure the length of five houses, 
which were then compared with their lengths when extracted from the 3D map. 
The findings are recorded in Table 4. The results in Table 4 show that the error in the 
length of the houses is quite large (10.3 cm) because the error due to the curvature of 
the earth and the difference in terrain height was ignored in the process of measur-
ing and processing the data.

Table 4. Result of evaluating the length accuracy of the object on the 3D map

STT
Length [m]

DL [m] mL [cm]
Ground truth 3D map

1 5.000 5.099 0.099

10.3

2 7.000 7.122 0.122

3 20.000 19.898 −0.102

4 20.010 19.917 −0.093

5 20.020 20.118 0.098
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3.3.	 Results of Developing and Operating WebGIS  
in Urban Construction Order Management

The website interface includes a header section displaying the name of the web-
site, contact information, and the website version. The sidebar contains the website 
content divided into sections: data, statistics, AI (DL), and system login. The main 
content area consists of two parts: a 3D display area and a 2D display area. The foot-
er displays the author’s information (Fig. 10).

Fig. 10. WebGIS interface consists of two windows displaying 2D and 3D maps

The WebGIS for urban construction order management has been developed 
with the following functional groups:

1)	 Authorization and management functions 
The system includes two levels of user accounts:

	– Level 1. Accounts that allow interaction with data (moving, zooming in, 
zooming out, displaying information), searching (by keyword or spatial 
query), generating statistics, and exporting results into tables and reports.

	– Level 2. Administrative accounts with the highest access level, allowing 
function authorization, account creation and deletion, data interaction, 
updating, and editing.

2)	 Display and search functions
Data layers are clearly organized, including cadastral data, 3D themes, and 
UAV imagery, supporting 2D and 3D visualization. Each object uploaded 
to WebGIS includes spatial and attribute parts (Fig. 11). The ability to in-
telligently search by keyword or spatial query optimizes the information 
retrieval process (Fig. 12).
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Fig. 11. Display object information

Fig. 12. Query object by attribute
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3)	 Update and statistics functions
These functions were designed to support continuous data maintenance and 
updating, while providing detailed statistical tools on construction status, 
land use right certificates, as well as compliance with construction  plan-
ning  (Fig. 13). They generate statistics and export results including the 
number of construction works by type (residential, business, rental, etc.); 
the number of construction works with/without land use rights certificates 
and other assets on the land (pink book); and the number of construction 
works built in compliance or non-compliance with ground plans and height 
regulations.

Fig. 13. Update information

4)	 Violation detection functions
Used to detect construction works violating ground plans and height regu-
lations. By comparing with cadastral map data at a scale of 1:500, construc-
tion works violating the land boundary are indicated in red. Blue indicates 
construction works within the legal boundary, and white is the unbuilt 
area (Fig. 14).

a)	 b)

Fig. 14. Detection of construction works outside legal land boundaries:  
a) red violating construction (overall); b) red violating construction (details)
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The buildings are also checked for compliance with height regulations in the 
construction plan. Green buildings meet the height requirements and are built to 
the regulated height of 4 floors. In contrast, red and yellow buildings do not comply 
with the regulations. Red buildings exceed the allowed height (more than 4 floors), 
while yellow buildings fall short (less than 4  floors). Only buildings that adhere 
to both the site boundary and the height plan are permitted to complete construc-
tion (Fig. 15).

Fig. 15. Detect constructions violating height regulations

The WebGIS was developed to integrate data layers collected from UAVs, which 
are then processed to serve as input data for AI to recognize and extract layers of 
houses, trees, and lighting poles. It includes 2D and 3D intuitive visualization, search 
functions for objects based on different attribute fields, and layer overlay functions 
to detect violations. Statistical and update functions were also incorporated to man-
age the evolving database over time.

4.	 Discussion

The performance of the DeepLabV3+ model in this study was compared to the 
study by Dabove et al. [46], who also applied DL techniques to extract building foot-
prints from remote sensing images. According to the published results, their model 
achieved Recall = 0.925 and  IoU = 0.873, while our model achieved Recall = 0.93 
and  IoU = 0.91. The equivalent recall shows that the ability to correctly detect 
constructions in the two studies is quite close. However, the significantly higher 
IoU index in this study reflects the ability to identify and demarcate the building 
more accurately. This can be explained by two main factors. First, we used very 
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high-resolution UAV imagery (2.82 cm/pixel), while Dabavo’s study used imagery 
at a lower resolution (25 cm/pixel), which reduces the model’s ability to learn the 
subtle boundary details of the structure. Secondly, the buildings in our research area 
have clear boundaries and stable architectural shapes, which makes it easy for the 
model to distinguish between backgrounds and objects, especially in contiguous re-
gions, putting great pressure on segmentation problems.

The model results show that although the overall accuracy is high, there are 
still some local errors that affect the recall and precision metrics. In some locations, 
especially in clusters of adjacent houses with similar architecture, the DeepLabV3+ 
model tends to combine many houses into a single object. This phenomenon stems 
from the fact that the boundaries between the buildings are too narrow, the contrast 
is low, and the geometric features on the roofs are repetitive, making it difficult for 
the model to clearly separate each individual unit. This error significantly reduces 
the recall due to a decrease in the number of correctly identified objects (Fig. 16).

a)	 b)	 c)

Fig. 16. Model error prediction: a) orthophoto; b) prediction from the model; c) ground truth

In addition, in the study area, there are also a number of non-residential con-
structions, such as substations, temporary houses for construction, and sheltered 
shacks for construction workers. These structures have a relatively similar shape 
and surface material to the roofs, resulting in the model misidentifying the object 
to be extracted. This increases the number of false predictions, which in turn drags 
down the precision.

The above errors show that the performance of the DL model is significantly in-
fluenced by architectural morphology, boundary separation, as well as the presence 
of interfering objects in the urban environment. Identifying and analyzing these cas-
es helps to clarify the generalization of the model and forms the basis for improve-
ments in the next phase of the study.

A noteworthy point in this study is the efficiency brought about by the choice of 
the DeepLabV3+ architecture, with the ability to capture multi-scale spatial context 
thanks to the ASPP  module while maintaining geometric detail in the boundary 
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regions. The application of transfer learning techniques has contributed to enhanc-
ing the ability to generalize models when working with moderate-sized field data.

Considering the challenges of both bigger data and more complex urban envi-
ronments, introducing more sophisticated DL architectures, such as Vision Trans-
former (ViT), Swin Transformer, or attention mechanism-based models, would be 
a notable improvement [47–49]. These models can learn long-term spatial depend-
encies, and therefore can better extract objects when they are occluded, interfered 
with, or have fuzzy boundaries. But the procedure for application has to be formu-
lated in an appropriate manner to suit the technical demands, the computing power, 
or the particular features at issue. At the same time, the combination with transfer 
learning techniques still plays a key role, given that labeled data is still limited, en-
suring the feasibility and effectiveness of the model on actual datasets.

5.	 Conclusions

The present study’s results showed that the urban management-based UAV and 
WebGIS application is highly adequate. Specifically, the orthomosaic achieved 4.6 cm 
precision and the CHM model achieved 11.9 cm precision, which is enough for pro-
ducing 1:500 scale 3D maps with a high level of detail. Although the DL model does 
not reach integer precision (0.9), it significantly decreases the manpower required 
for the interpretation and digitization of objects. The detected building footprints 
with an accuracy of 4.8 cm can be considered a trustworthy basis for establishing 
the state management of constructions. These results demonstrate that the proposed 
approach is not only technically feasible but also has important implications in im-
proving the efficiency of urban data acquisition, updating, and management.

Creating 3D maps on a WebGIS platform would provide an interactive and viv-
id experience with user-friendly operating tools. The ability to identify differences at 
ground level and in height is central to its functionality, providing urban managers 
with vital information and meaningful data to assist their decision-making process. 
Therefore, this integrated framework has clear implications in supporting construc-
tion monitoring, detecting spatial and height-related inconsistencies, and enhancing 
evidence-based urban management practices.

The application of advanced technology to support urban management, especial-
ly the state management of urban construction activities, has been well promoted in 
cities around the world. Being the most vibrant and active city in Vietnam, HCMC is 
leading the field of all-around digitalization; however, action is still disjointed and 
partial. HCMC’s smart city transformation policy is a strategic move with far-reaching 
consequences in sustainable urban development. The development of UAV technolo-
gy and WebGIS, which are integrated with smart mobile devices, plays a pivotal role 
in producing application-based and advanced tools for smart cities. Beyond HCMC, 
this approach can also be applied to other urban areas, especially cities that are 
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experiencing rapid urbanization, requiring timely spatial data updates, construction 
supervision, and digital urban information management. To transfer this solution to 
other cities, it is necessary to ensure a suitable UAV survey plan, a consistent geospa-
tial reference standard, a training dataset adapted to local urban characteristics, and 
a WebGIS database structure capable of integrating spatial and thematic information.

The development of a comprehensive web-based GIS  platform  (WebGIS) for 
a 3D map framework enables data loading, searching, real-time updating, and statis-
tical analysis, thereby providing urban administrators with more powerful and ho-
listic information. Leading-edge technologies, including the Internet of Things (IoT) 
and Artificial Intelligence (AI), play a critical role in developing the six components 
of smart cities. It is significant to promote advanced smart urban management with 
an analytical and AI-based forecasting tool supporting digital economic growth, 
sustainable urban development, and climate change adaptation in HCMC and other 
similar cities. In future work, the proposed framework can be further improved by 
integrating AI-based analytics functions, expanding managed urban object catego-
ries, and enhancing its applicability in broader urban governance contexts.
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