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Abstract


Urban blue-green spaces are essential land cover types that play a critical role in mitigating urban heat stress. However, the cooling performance of these spaces during heatwave events is influenced by a complex interaction of topographical features and landscape configurations. This study examines the spatial variation in cooling intensity (CI) induced by blue-green spaces within the central urban area of Hue City, Vietnam. Land surface temperature in the study area was derived from Landsat 8 satellite imagery captured between 1 May and 30 September 2024, a period marked by record-high heatwaves. The analysis employs an extreme gradient boosting machine (XGBoost version 1.6.2) to quantitatively assess the relationship between CI and the contributing factors for various urban blocks. The XGBoost model demonstrates high predictive accuracy, shown by a coefficient of determination of 0.97. Notably, approximately 92% of predictions yield errors between −1 °C and +1 °C. Interpretation using SHapley Additive exPlanations helps identify primary influencing factors governing the CI. The presented framework presents a robust data-driven approach for evaluating the effectiveness of blue-green spaces in mitigating thermal stress in Hue City. These findings provide practical recommendations for urban planners aiming to enhance thermal comfort in the study area.
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1. Introduction


1.1. Research Background and Motivation


Urban areas worldwide are confronted with significant challenges due to climate change, air pollution, and declining public health. Urbanization is accelerating, and it is anticipated that close to 70% of the global population will live in cities by 2050, intensifying the need to address these interrelated issues [1]. At the start of this century, roughly 50% of people were already city dwellers [2]. It is expected that urban land area may increase threefold by 2030 [3], which will produce extensive changes in local and regional climate conditions. As cities expand, effective strategies to manage environmental quality and promote public health become essential priorities for researchers and local authorities.



Particularly in developing countries, rapid urbanization presents major obstacles to achieving urban sustainability. As urban areas grow, natural habitats are frequently disrupted or eliminated due to poor and uncoordinated landscape planning. This fact results in the fragmentation and loss of natural land surfaces. This transformation is often accompanied by rising levels of pollution and habitat degradation, which intensify environmental pressures in cities [4,5,6]. Moreover, natural land covers are increasingly replaced by impervious surfaces; this process contributes to the formation of urban heat islands. The urban heat island (UHI) effect changes the urban microclimate. It makes cities warmer and less comfortable for inhabitants. UHI brings about multiple challenges, including increased energy consumption for building cooling and higher risks of both physical and mental health issues among city residents.



Additionally, recent climate change has caused a rise in the frequency and intensity of extreme weather events [7,8]. Data from the World Health Organization indicate that, between 2000 and 2016, global extreme weather incidents rose by 46%, and the number of vulnerable people exposed to heatwaves grew by 125 million [9]. Extreme heat diminishes physical and cognitive performance as well as impacts mental health [10,11]. As pointed out in [3], approximately 30% of people worldwide now live in regions where temperatures are harmful for human health for at least twenty days each year. In Europe, heatwaves during the summer of 2022 resulted in tens of thousands of heat-related deaths [12]. Accordingly, mitigation of urban heat stress has become a central focus for researchers.



Heat stress in Vietnam’s urban centers has intensified in recent years, largely due to rapid urbanization, changes in land cover, and climate change. Previous works have reported increases in both frequency and intensity of heat stress throughout the country [13,14,15,16]. Pham-Thanh et al. [17] also pointed out that lagged effects of the El Niño–Southern Oscillation (ENSO) are likely major contributors to these patterns. As a consequence, during the hot, humid summer months, climate change has led to more frequent hot days [13]. This escalation in heat stress has sparked concerns about its negative impacts on public health [18,19].



In urban areas, blue-green spaces play a crucial role in reducing the negative impacts of urban heat stress, particularly during heat waves. These areas include water bodies and vegetated land, such as rivers, channels, retention ponds, urban tree canopy, shrubland, and croplands. Blue-green spaces typically maintain lower land surface temperatures compared to built-up areas; this phenomenon is commonly referred to as the cooling island effect [20]. To address the challenges posed by urbanization and climate change, cities are increasingly relying on green infrastructures to harness their cooling benefits and improve the thermal comfort of dwellers [21]. In this context, exploring the factors that govern the cooling intensity (CI) of blue-green spaces could provide essential insights for urban planning and heat stress alleviation [22].



In recent years, developments in remote sensing and machine learning have paved the way for accurate assessment of the CI associated with urban blue-green spaces. The increasing utilization of satellite imagery has expanded possibilities in urban thermal research. Land surface temperature (LST), a critical measure of the urban heat stress, can be derived openly from satellite data. Notably, the assessment of urban thermal via remote sensing is reliable due to a good agreement between the satellite-derived measurements and those obtained from field studies [23]. As a result, remote sensing is highly suitable for large-scale analyses of blue-green infrastructure, especially when integrated with geographic information systems [24].



In addition, machine learning algorithms have demonstrated excellent capability in identifying complex nonlinear relationships among landscape and environmental features [25]; this capability enables them to achieve high prediction accuracy in geospatial modeling of urban land surface temperature [26,27]. Among the machine learning methods, Extreme Gradient Boosting (XGBoost) offers notable advantages for geospatial modeling, including its ability to analyze high-dimensional datasets and capture complex nonlinear relationships among various influencing factors [28,29]. Combined with SHapley Additive exPlanations (SHAP), XGBoost can provide valuable insights into the importance and effects of various variables influencing the cooling performance of urban blue-green space [30,31].



Although urban blue-green infrastructure offers significant environmental and public health advantages, its implementation and maintenance often require substantial expenses. According to [32], global expenditures for tree maintenance have exceeded two trillion dollars. This expense imposes considerable pressure on municipal budgets, particularly in developing countries such as Vietnam. Therefore, an in-depth understanding of how the configuration of blue-green spaces influences their CI is essential for cost-effective spatial planning, especially when financial resources are limited [33,34]. For this reason, various studies have examined the cooling potential provided by different blue-green infrastructure configurations; the research findings contribute important insights for urban planning and heat stress mitigation in the cases of limited blue or green space coverage [35].



Hue City (Vietnam) experienced unprecedented temperatures during the 2024 dry season, with local measurements surpassing 42 °C. This level of heat stress directly impacted residents’ health. The magnitude and persistence of this heatwave established new records not only for Hue but also for neighboring regions in Vietnam [36,37]. Selecting the urban center of Hue as the focus for geospatial modeling of blue-green space CI addresses a critical need: the city is a rapid urbanization region suffering from the adverse effects of heat waves. Investigation into the cooling effects of blue-green spaces in Hue’s urban core offers essential guidance for formulating effective and nature-based interventions. These insights are crucial for establishing strategies that enhance urban heat comfort and protect public health during these extreme weather conditions.




1.2. Previous Works


Around the globe, the surging interest in mitigating urban heat stress has led to an increase in research focused on evaluating how topographical features, urban morphology, and landscape composition affect the CI of urban blue-green spaces. Satellite-based remote sensing datasets provide Land Surface Temperature (LST) measurements; these datasets enable researchers to analyze thermal characteristics at large spatial scales [38,39]. Moreover, the integration of machine learning methods has further equipped researchers with capable tools to model and predict complex thermal patterns in cities [40,41,42,43,44]. Notably, machine learning excels at handling vast and multidimensional geospatial datasets, detecting nonlinear relationships among variables.



Cao et al. [45] investigated how park size and seasonal radiation influence the cool island intensity within urban parks in Nagoya, Japan. By analyzing park cool island intensity (PIC) for 92 parks using LST data and correlation analysis, the study revealed that the cooling effect is shaped primarily by park size and seasonal radiation levels, with a nonlinear relationship evident between park size and PCI intensity. Moreover, the CI is largely controlled by the extent of tree and shrub cover.



Park et al. [46] studied how different types and structural forms of small green spaces influence their ability to mitigate the UHI effect at the street level. This study identified that urban cooling increased linearly with larger area and greater vegetation volume. Huang et al. [47] conducted an analysis of the cooling impacts of urban green spaces on the UHI effect in Harbin city (China). Using grid-based extraction of vegetation indices and surface temperatures, the study examined the link between green space and UHI mitigation. The study found that green spaces yielded a stronger cooling effect in summer, with an average maximum temperature change of up to 7.5 °C.



Ghosh, Das [48] demonstrated a strong correlation between the composition and spatial configuration of green spaces and their ability to mitigate urban heat stress. This work also assessed how the structural and spatial patterns of individual green patches and water bodies influence the UHI effect. The findings revealed that green spaces in their study area are generally more effective than water bodies in reducing surface urban temperatures. Green areas were capable of lowering air temperature by 1 °C within a 150–180 m radius from their edges. Additionally, irregularly shaped green spaces and water bodies were more effective in mitigating the UHI phenomenon than those with regular geometries.



Yu et al. [49] performed a spatial analysis on the morphology and distribution of green spaces on urban LST; the authors found that the decreased proportion of green space directly led to the elevated LST. Based on the analysis, this study recommended that the green space in the study should be 4.55 ± 0.5 ha. A notable correlation between spatial patterns of blue-green spaces and LST was also confirmed in [50]; moreover, the size and distribution of green spaces significantly affect the CI. Algretawee et al. [51] collected data from 27 urban parks in Melbourne city centre (Australia); this study found that the average maximum CI reached up to 10 °C.



Jacobs et al. [52] examined the cooling performance of small urban water bodies, such as ponds and canals, during periods of heat stress. The study found that these features produced only modest reductions in air temperature, typically lowering afternoon temperatures in adjacent areas by about 0.2 °C, with a maximum observed cooling effect of 0.6 °C. Nevertheless, localized enhancement of cooling was observed where shading, water mists, fountains, or natural ventilation was present. Tan et al. [53] explored the cooling effects of both green spaces and water bodies in subtropical cities experiencing intense heat and growing UHI conditions. This study found that area-based indicators of green and blue spaces were significantly correlated with cooling performance, with a 10% increase in green space and water body coverage leading to mean land surface temperature decreases of 0.39 °C and 0.42 °C, respectively. Moreover, water bodies demonstrated slightly stronger CI and broader cooling ranges than tree-dominated green spaces.



As shown in [54], the cooling effects decreased with distance from the green spaces; they were also governed by various factors, such as the size and shape of the urban green spaces. Liu et al. [55] employed big data and spatial analysis to investigate the cooling capacity and cooling contribution; this study found that the green spaces were capable of decreasing the average LST by 1.32 °C; moreover, the area of green spaces and their shape complexity were shown to significantly determine the cooling effect. In [29], the authors employed machine learning to establish a model for estimating the cooling benefit of street green spaces; this model can be employed to support decision-making processes regarding thermal environment regulation.



Quan et al. [22] relied on random forest to analyze the relationship between blue-green space factors and LST as well as park CI. On average, the temperatures in blue-green spaces were 2 °C lower than those found in built-up areas and 1 °C lower than the overall study region. The maximum temperature deviation between blue-green spaces and built-up areas was up to 8 °C. These findings also confirmed that the relationship between blue-green space characteristics and the formation of urban cold islands is nonlinear. Yao et al. [56] examined the role of urban lakes in mitigating heat stress in humid subtropical cities. Their findings indicated that urban lakes effectively alleviate daytime heat compared to residential areas. The study concluded that the cooling performance of water bodies is multifaceted and depends strongly on their physical properties—such as size, shape, and spatial context—alongside climatic and seasonal variations.



Zhou et al. [57] utilized Google Earth Engine and Landsat 8 OLI for LST mapping; the authors then assessed park cooling effects and computed local urban heat island intensities around each park. The study found that urban parks provided an average CI of 1.38°, with parks in warmer urban environments showing stronger cooling effects. The research emphasized that surrounding heat conditions play a significant role in determining cooling outcomes. In Refs. [58,59], geospatial data analysis, XGBoost, and SHAP were used to investigate how variations in socio-economic factors, the built environment, and blue-green spatial configurations affect LST.



Ren et al. [40] introduced a data-driven approach that combines interpretable machine learning and benefit evaluation to analyze spatial variability, support spatial planning, and quantify cooling benefits. This study explored the nonlinear and spatially heterogeneous effects of the cooling effect delivered by green spaces. SHAP has been employed to enhance the transparency of the model; this method was shown to facilitate a clearer understanding of contributing factors. The combined method emphasizes the substantial impact of dense green space on mitigating urban heat stress. The review by De Cristo et al. [60] emphasizes the urgent need to effectively mitigate urban heat stress, enhance building energy efficiency, and stabilize temperature fluctuations through optimized green space configurations, such as green roofs. A recent survey by Budzik et al. [24] pointed out an increasing tendency to use advanced techniques for evaluating blue–green infrastructure features that determine its cooling effectiveness.




1.3. Research Gaps


Most existing research has primarily targeted large blue-green spaces, such as large urban parks and forests [22,49,57], while paying less attention to smaller features like urban gardens, moderate patches of street tree canopy, and shrubland. The thermal performance and cooling effectiveness of these smaller blue-green elements remain underexplored in most regions.



Hue City presents a distinctive case where rapid urbanization interacts with a tropical climate as well as a dense historical urban fabric. This fact intensifies its vulnerability to heat stress. The city’s compact structure, diverse blue-green compositions, and historical structures create unique spatial interactions between built-up and natural environments. As a result, Hue has experienced significant impacts from the UHI effect driven by both climate change and urban expansion. This circumstance poses serious challenges to residents’ health and thermal comfort [61]. Despite the growing urgency of mitigating urban heat stress, few studies have systematically examined the cooling potential of blue-green infrastructure within this region. In particular, the CI of small- and medium-sized blue-green elements during extreme heat events remains insufficiently understood. These facts highlight the pressing need for further investigations in Hue’s urban context.



Previous works have confirmed that urban blue-green spaces contribute to improving thermal comfort [62,63]. However, the extent to which current spatial configurations in Hue City alleviate heat stress during extreme heat events compels further comprehensive analysis. Furthermore, the interactive effects between street-level blue-green morphology and surrounding urban environments should be explored to provide deeper insights into how these configurations influence CI. Nevertheless, the absence of systematic, data-driven, and quantitative approaches for evaluating CI limits the region’s ability to optimize blue-green space planning.



Although machine learning methods have been used for geospatial LST mapping in the study area [28], to the best of our knowledge, none of the previous studies specifically examine CI in relation to the landscape composition of urban blocks or the diversity of topographical and landscape features. In particular, there is limited evidence on how varying configurations and types of blue-green spaces affect cooling performance within urban environments of the study region.




1.4. Research Objectives


This study aims to address critical knowledge gaps in urban blue-green space cooling performance, particularly within the urban center of Hue. The research objectives can be summarized as follows:




	(i)

	
Evaluate CI: We assess the current CI of urban blue-green spaces in Hue’s urban center using remote sensing data.




	(ii)

	
Model nonlinear relationships: This study investigates how CI is influenced by multiple variables related to blue-green infrastructure through advanced machine learning approaches. Specifically, XGBoost and SHAP are used for explainable modeling.




	(iii)

	
Analyze environmental interactions: We examine the interplay between blue-green space—related features and the surrounding urban environment, employing quantitative methods to unravel their combined impact on cooling effectiveness.




	(iv)

	
Identify key influencing factors: Via SHAP, it is able to explore which landscape pattern characteristics and types of blue-green spaces deliver more consistent and robust cooling effects, particularly during extreme heat events.




	(v)

	
Implications for urban planning: The research findings aim to provide insights to support the spatial layout and optimization of blue-green infrastructure in Hue City and neighboring regions.









In summary, the current work is distinguished by its integration of advanced machine learning with geospatial analysis to evaluate the CI of blue-green spaces under extreme heat conditions in Hue City. Essentially, this work focuses on an interpretable XGBoost–SHAP framework to uncover nonlinear relationships between diverse landscape, topographical, and other spatial variables at the urban block level. By combining explainable machine learning with detailed spatial indicators, the research deepens understanding of how blue-green configurations influence local cooling performance. Therefore, the research findings provide quantitative guidance for sustainable urban planning in Hue City, Vietnam.





2. Research Method and Materials


The research workflow, illustrated in Figure 1, begins with the collection of remote sensing data from multiple sources, including the NASA Shuttle Radar Topography Mission (SRTM) Digital Elevation 30 m, Sentinel-2, and Landsat 8 imagery. These datasets are processed to extract crucial factors, including topographical characteristics, urban morphological features, proximity metrics, and CI values. All spatial information is subsequently integrated into a GIS dataset, which is partitioned into training and testing sets for model development. An XGBoost machine learning model (version 1.6.2) is constructed using the training dataset and validated with the testing dataset. The results are further evaluated by assessing model performance via various metrics, interpreting SHAP values for feature importance, and deriving strategies to support urban planning in the study area.



2.1. General Description of the Study Area and Remote Sensing Datasets


Hue City, situated along the Central Coast of Vietnam, is an administrative and cultural center of the region. Hue is internationally recognized as a UNESCO World Cultural Heritage city. The area encompasses the Complex of Hue Monuments—a renowned site of outstanding historical, architectural, and cultural value. The city’s urban center (refer to Figure 2), comprising Phu Xuan Ward and Thuan Hoa Ward, spans a total area of approximately 266 km2. This urban center is selected as the study area of the current work.



Geographically, Hue City lies in a low-lying coastal plain. Its border contains the Perfume River, with surrounding mountains and foothills. These geographical features shape the area’s climate conditions. The city experiences a tropical monsoon climate, characterized by distinctive wet and dry seasons. In recent years, the region has faced escalating climate challenges, particularly frequent and severe heatwaves and droughts attributed to global warming and urbanization. During the 2024 dry season, recorded temperatures in Hue rose beyond 42 °C for consecutive days, marking historic extremes and causing significant distress to both residents and tourists [36,37]. This fact necessitates comprehensive strategies to improve urban living conditions, especially for vulnerable communities in the urban core.



Addressing urban heat stress through the enhancement of blue-green spaces represents a sustainable and nature-based mitigation approach, especially vital during periods of intense heat waves. As heat extremes become more common in the city, it is crucial to quantitatively assess the CI of urban blue-green spaces; this assessment enables effective interventions that improve thermal comfort and public health. Hence, this study focuses on investigating spatial variations in blue-green space distribution within Hue City’s urban core, with emphasis on urban morphology and topographical characteristics.



To support geospatial modeling of LST and landscape analysis in Hue City, this research utilizes a collection of remote sensing datasets. Landsat 8 imagery, acquired between May and September 2024, provides LST measurements at a 30-m resolution. Sentinel-2 data, collected in 2024, is employed to construct a detailed land use and land cover (LULC) map. Additionally, elevation information is retrieved from the NASA SRTM Digital Elevation Model [64] at a 30-m scale. The used remote sensing datasets are summarized in Table 1.



LULC mapping in this study employs a machine learning-based classification workflow to ensure high accuracy. Sentinel-2 satellite imagery was processed and analyzed using a random forest (RF) classifier implemented within the Google Earth Engine (GEE) platform. Via several trial-and-error runs, the selected RF model consists of 30 trees, incorporating a total dataset of 2000 samples, with 500 samples assigned to each class. The LULC classes include bareland, built-up, vegetation, and waterbody. The dataset was divided into 70% for training and 30% for testing, resulting in a satisfactory testing accuracy of roughly 93%. The detailed classification performance is summarized in Table 2.



All Sentinel-2 image bands were standardized to a 10-m resolution within GEE. The nearest neighbor resampling is employed to upsample the bands with 20-m resolution (B5, B6, B7, B8A, B11, and B12) to ensure consistent spatial resolution for the data classification process. Subsequently, for CI mapping and prediction, all classified maps were further standardized to 30 × 30 m and processed using the QGIS (version 3.34.10).



Vegetation was further categorized into shrubland and tree canopy types, guided by the enhanced vegetation index (EVI)’s threshold value—as recommended in [65]. Specifically, vegetated areas with EVI < 0.5 were categorized as shrubland, while those with EVI ≥ 0.5 were identified as tree canopy. This categorization allowed for precise mapping of urban green spaces, supporting correct evaluation of cooling effects in the study area. The EVI map and the resulting LULC map are presented in Figure 3 and Figure 4, respectively. The EVI, a widely used index for vegetation monitoring, is given by [66,67]:


  E V I = G ×     ρ  n i r   −  ρ  r e d      ρ  n i r   + (  C 1  ×  ρ  r e d   −  C 2  ×  ρ  b l u e   ) + L     



(1)




where L = 1 is a soil adjustment factor; C1 (6.0) and C2 (7.5) are the coefficients used to take into account the scattering of aerosol in the spectral bands;    ρ  n i r    ,    ρ  r e d    , and    ρ  b l u e     denote reflectance at the Near-Infrared, red, and blue wavelengths, respectively; G (2.5) denotes the gain factor.



It is acknowledged that there is a difference in acquisition periods between the Sentinel-2 and Landsat 8 datasets. This discrepancy may introduce certain temporal inconsistencies, particularly related to vegetation phenology. For Sentinel-2 imagery used in LULC and EVI mapping, the data collected throughout 2024 were employed to attain an annual composite that ensures consistent and cloud-free surface observations across the study area. This approach was necessary because parts of Hue City experience frequent and persistent cloud cover, even during the dry season. This fact often hinders clear observations of the land cover in the study area. By utilizing an annual composite, the study aims to produce the most up-to-date and representative mapping of land surface conditions.




2.2. Land Surface Temperature Retrieval


The thermal band from Landsat 8 imagery was utilized to extract LST data for the study area, focusing on records from the 2024 dry season, a period marked by multiple heat waves in the region. The resulting LST map, depicted in Figure 5, was prepared in QGIS. The preparation of this map includes several steps carried out in the GEE’s code editor.



Initially, spectral band values from Landsat 8 were converted to spectral radiance following the method described by [68]. Subsequently, to acquire the emissivity-corrected LST, land surface emissivity and the Normalized Difference Vegetation Index (NDVI) are computed [69,70]. The NDVI was computed using the 4th (red) and 5th (near-infrared) bands of Landsat 8 as follows:


  N D V I =     B 5  −  B 4     B 5  +  B 4      



(2)




where B4 and B5 represent band 4 (red) and band 5 (near-infrared), respectively.



The thermal band (B10) is extracted from the GEE’s data catalog. To transform the value of the thermal band into spectral radiance, the following equation is used [68,71]:


   T B  = M R F +  B  10   × A R F  



(3)




where B10 is the digital number of band 10; MRF (0.0003342) denotes the multiplicative rescaling factor; ARF (149) represents the additive rescaling factor.



Accordingly, the emissivity-corrected LST is given by [69]:


   T S  =     T B    1 + ( λ ×  T B  / ρ ) × ln ( ε )    − 273.15  



(4)




where TS denotes the estimated surface temperature measured in Celsius (°C);  λ  (10.8 µm) is the wavelength of emitted radiance;   ρ = h × c / b   (1.438  ×  10−2 mK), where h is Planck’s constant (6.626  ×  10−34 Js), c denotes the velocity of light (2.997  ×  108 m/s), and b denotes Bolzmann’s constant (1.38  ×  10−23 J/K); the factor of 273.15 is employed to convert the temperature from Kelvin (K) to Celsius (°C); the factor  ε  represents the land surface emissivity.



The land surface emissivity is calculated as follows [70]:


  ε = 0.004 ×  P υ  + 0.986  



(5)




where    P υ    is the vegetation proportion computed in the following manner [68]:


   P υ  =   (    N D V I − N D V  I  min     N D V  I  max   − N D V  I  min      )  2   



(6)




where NDVI, NDVImin, and NDVImax are the values of NDVI, minimum NDVI, and maximum NDVI at a pixel in the map, respectively.




2.3. Cooling Intensity and Its Explanatory Variables


In this study, CI is employed as a quantitative measure to assess the thermal performance of urban blocks measuring 900 × 900 m (30 × 30 pixels) within the study area. The CI is calculated by subtracting the mean LST of an urban block from the mean LST of all built-up pixels across the study area. Based on the LST map analysis, the average LST of all built-up areas is found to be 40.28 °C. This approach enables the evaluation of each block’s relative effectiveness in mitigating urban heat, with higher CI values indicating greater reductions in urban LST compared to the region-wide built-up average. The CI map is presented in Figure 6.



In summary, the CI is calculated as follows:


  C I = L S  T m  B u i l t − u p   − L S  T m  B l o c k    



(7)




where CI,   L S  T m  B u i l t − u p    , and   L S  T m  B l o c k     denote the CI of a block, average LST of all built-up pixels, and the average LST of a block, respectively.



It is noted that to minimize the irregular influence of edge pixels on the analysis, a buffer zone of 1000 m is established around the study area’s boundary. The CI is calculated for all pixels located within this buffer zone; however, only data corresponding to pixels contained within the study area are selected for further analysis. This process is used to prevent unrealistic results that may arise from boundary effects and ensure an accurate assessment of CI across the urban landscape.



To model the spatial variation of CI, this study uses the following factors:




	(i)

	
Topographical variables: average elevation, slope, aspect, topographic position index (TPI).




	(ii)

	
Landscape composition: percentages of landscape (PLAND) of bareland, shrubland, tree canopy, and waterbody.




	(iii)

	
Proximity features: average distance to coastline, river, road, shrubland, tree canopy, and waterbody.









The aforementioned variables collectively capture the influence of both physical terrain and landscape configuration on the CI across urban blocks. Topographic variables have been shown to significantly influence the thermal behavior in urban environments [72,73]. The maps of topographic features are presented in Figure 7. Moreover, it is widely recognized that the primary driver of changes in urban LST is the conversion of natural and vegetated areas into impervious surfaces, such as concrete and asphalt [74]. Therefore, landscape composition or PLAND should be employed in the analysis of urban heat stress [24,75,76,77]. The PLAND maps are demonstrated in Figure 8. The landscape composition index can be computed as follows [78]:


  P L A N D =      ∑  i = 1  N    a i     A   × 100 %  



(8)




where ai is the area (m2) of the ith class of interest (e.g., tree canopy); A is the total area of the block (m2).



Proximity features, including the distance to coastline, river, road, shrubland, tree canopy, and waterbody, essentially influence the CI within urban blocks [79,80,81,82]. Urban blocks located closer to water bodies (coastlines, rivers, channels, and retention ponds) benefit from enhanced evaporative cooling and increased humidity, resulting in lower LST compared to those farther away. Tree canopy and shrubland patches also enhance CI of neighboring areas by providing shade and facilitating heat dissipation through transpiration, which reduces ambient temperature within and around the block. Conversely, blocks closer to roads and other impervious surfaces tend to experience higher LST compared to those surrounded by natural surfaces due to the absorption and retention of heat. In this study, the road data in Hue City is extracted from the OpenStreetMap source via https://extract.bbbike.org/ (accessed on 7 January 2025). The maps of proximity features are shown in Figure 9.




2.4. Extreme Gradient Boosting Machine for Nonlinear Function Approximation


Extreme gradient boosting machine (XGBoost) [83] a popular machine learning framework based on gradient-boosted decision trees. This method is widely recognized for its efficiency, speed, and outstanding performance in nonlinear data modeling [84,85]. For nonlinear function approximation, XGBoost builds a series of regression trees where each new tree aims to correct the residual errors of prior trees. This process results in highly accurate predictions.



XGBoost also incorporates regularization and pruning techniques that enhance model generalization. Therefore, the constructed model is less likely to suffer from overfitting and can achieve robust performance. For interpretability, combining XGBoost with Tree SHAP allows users to precisely quantify each feature’s influence on individual predictions [86,87]; this integration helps transform the model from a black box into a transparent system that provides insights to support decision-making processes.



To mitigate overfitting, XGBoost incorporates regularization parameters during model training that effectively constrain model complexity and restrict the risk of overfitting. This advanced approach enables XGBoost to accurately model complex, multivariate relationships while maintaining strong generalization to new data. As a result, not only are XGBoost-based models precise, but they are also robust against overfitting and capable of delivering reliable performance even when working with noisy datasets. To train the XGBoost model, the following loss function is used:


   f  o b j   =   ∑ i   L (  y i  , F (  x i  ) )   +   ∑ t   Ω (  f t  )    



(9)




where   Ω ( f ) = γ T +   1 2   λ   ∑ j T    w j 2      denotes a regularization term; T is the number of leaves employed in a tree f; w represents the score of a leaf j of f;  γ  is a threshold of the score function improvement used for tree splitting.



Furthermore, the Squared Error Loss (SEL) is often employed in nonlinear function approximation; its equation is given by:


  L ( t , y ) =   ( t − y )  2   



(10)




where t and y are the actual and predicted dependent variables.



New decision trees are sequentially included in the overall model to minimize the following objective function:


   f  o b j  t  =   ∑ i   L (  y i  ,  F  t − 1   (  x i  ) +  f t  (  x i  ) )   +   ∑ t   Ω (  f t  )    



(11)







Based on Taylor’s second-order approximation, the aforementioned objective function can be optimized and the score    w j *    of leaf j in a decision tree can be acquired as follows [88]:


   w j *  = −      ∑  i ∈  I j      g i        ∑  i ∈  I j      h i  + λ       



(12)




where gi and hi denote the first and second order gradients of the loss function, respectively;    I j    is the data samples that are handled at leaf j.



The final XGBoost model can be expressed as follows:


   F  X G B o o s t   =   ∑  t = 1  M    f t  ( x )    



(13)




where M denotes the number of individual decision trees.




2.5. Shapley Additive exPlanations (SHAP)


Shapley Additive exPlanations (SHAP) [89] is a powerful framework for interpreting machine learning models by attributing the contribution of each input feature to individual predictions. SHAP is founded upon principles from cooperative game theory. This method is used to compute Shapley values, which quantify how much each feature influences a model’s prediction for every instance. These values can also be used to infer the impact of variables on overall predictions. Therefore, SHAP facilitates transparency of the model’s structure and provides insights into its behavior.



Moreover, SHAP can be utilized to construct partial dependence plots, which visualize the average effect of a feature on model output. These plots display the average predicted effect of varying a single feature while keeping all other features constant. These plots support the understanding of the nature and strength of the relationship between a particular explanatory variable and the model’s output. Observing the partial dependence plots, users can acquire knowledge about the pairwise relationship between the influencing factor and the target output. One advantage of SHAP is the formulation of Tree SHAP, which is specifically designed for tree-based machine learning models. Tree SHAP stands out for its computational efficiency, as it leverages the structure of decision trees to rapidly compute exact Shapley values for individual predictions in tree-based models like XGBoost. This fact makes Tree SHAP highly practical for large datasets.




2.6. Metrics for Model Performance Evaluation


To assess how well the XGBoost predicts the CI, this study employs the Root Mean Square Error (RMSE), Mean Absolute Error (MAE), and coefficient of determination (R2) as evaluation metrics. RMSE indicates the average magnitude of prediction errors; this index is influenced by large errors. An RMSE closer to 0 implies more accurate predictions. MAE computes the average absolute difference between predicted and actual values. R2 measures the proportion of variance in the observed data explained by the model. R2 ranges from 0 to 1, where values closer to 1 reflect a better model. The aforementioned indices are calculated as follows:


  R M S E =     1 N     ∑  i = 1  N     (  y i  −  t i  )  2       



(14)






  M A E =   1 N     ∑  i = 1  N   |  y i  −  t i  |    
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   R 2  = 1 −      ∑  i = 1  N     (  t i  −  y i  )  2        ∑  i = 1  N     (  t i  −  t ¯  )  2        



(16)




where ti and yi denote the actual and estimated CI values of the ith sample, respectively; N represents the total number of samples; and   t ¯   is the average value of the actual CI.





3. Cooling Intensity Predicting Results


3.1. Prediction Performance


Since XGBoost is a supervised learning approach, to predict the CI in Hue City, a GIS dataset including 30,000 data points is prepared. The statistical description of the dataset is summarized in Table 3. These data points are randomly sampled across the study area. A set of fourteen explanatory variables is used. The predictor variables take into account topographical features (average elevation, slope, aspect, and TPI), landscape composition (percentages of bareland, shrubland, tree canopy, and waterbody), and proximity metrics (average distances to coastline, river, road, shrubland, tree canopy, and waterbody). The dependent variable is the CI, which represents the magnitude of temperature reduction attributed to blue-green space landscape and other factors.



The dataset is randomly partitioned into a training set (70%) and a testing set (30%). The first set is used for model construction; the second set is reserved for testing the model’s generalization capability. It is noted that appropriate hyper-parameter setting is important to avoid an overfitted XGBoost model. Overfitting typically occurs when the model learns patterns specific to the training data, including noise or random variations. However, this model cannot generalize well to unseen samples. For the current dataset, an overfitted XGBoost model could predict CI accurately for the training data but perform poorly on the testing data. To mitigate overfitting, the hyper-parameters of the XGBoost model, including the number of trees, maximum tree depth, learning rate, L2-regularization coefficient, and L1-regularization coefficient, were carefully tuned via trial-and-error runs with the training dataset. Herein, the training dataset is randomly divided into two subsets: subset 1 (70%) and subset 2 (30%). The former is used to construct the model, and the latter is employed to evaluate its prediction performance. The experiment with these two subsets was conducted using various combinations of the model’s hyper-parameters to assess their suitability for the collected dataset.



Based on the aforementioned process, the hyper-parameters of XGBoost (the number of trees = 150, the maximum tree depth = 4, the learning rate = 0.2, the L2-regularization coefficient = 0.01, and the L1-regularization coefficient = 0.001) are selected. Overall, this section aims to construct a data-driven framework that delivers an accurate assessment of how landscape and topographical features influence spatial variations of CI.



The prediction performance of XGBoost is summarized by the scatter plots in Figure 10. Each data point in the plots represents a particular observation, with the x-axis corresponding to the actual CI and the y-axis to the predicted value. The red dashed line denotes the line of best fit; this line implies the ideal cases where the predicted CI perfectly matches its actual value. The points clustering closely around this line indicate highly accurate predictions. The larger the deviation from the line of best fit, the greater the prediction error.



In both the training and testing phases, the model achieves robust performance. The RSME values (0.49 in the training and 0.55 in the testing phase) indicate low deviations between the predicted and actual CI values. The MAEs, 0.37 for the training set and 0.41 for the testing set, imply that the range of the average prediction error is small across the data samples. As shown in the R2 values, the model is capable of explaining 98% of the variance in CI for the training data and 97% of that for the testing data. This fact confirms that the model maintains very high explanatory power and continues to capture a high portion of the variability in CI. The balance between the performances in the two phases demonstrates that the model generalizes well to unseen data and does not suffer from overfitting.



The XGBoost is then used to construct the maps that provide a detailed visualization of predicted CI and the corresponding prediction error across the study area. Figure 11a illustrates the spatial distribution of CI, which ranges from −8.22 °C to 13.46 °C. This fact, coupled with the robust prediction performance reported in Figure 10, highlights the model’s ability to capture the variation of cooling effect influenced by heterogeneous landscape features and microclimate conditions in the region. Figure 11b presents the prediction error, depicting regions where the model predictions deviate from observed values. As can be seen in the map, most areas exhibit low errors, while only a few localized patches display higher deviations. The prediction error ranges from −3.27 °C to 4.20 °C.



The histograms in Figure 12 reveal that the prediction error distributions for both training and testing data are highly symmetric and centered on zero. This fact indicates an absence of systematic bias in the XGBoost model’s predictions. For the training data, the mean prediction error is roughly zero and the standard deviation is 0.49 °C; these results show that most errors are small and tightly clustered around the mean. The histogram for the testing data shows a similar pattern, with a mean close to zero and a slightly higher standard deviation of 0.55 °C, reflecting a small increase in error dispersion when the model is used to predict unseen data. In general, the majority of prediction errors fall within the range of values between −2 °C and 2 °C. This suggests that extreme prediction errors, located in the two tails, are rare and that the model reliably yields accurate estimates of CI in the study area.



Moreover, this analysis uses regression error characteristic curves (REC) [90] to evaluate the difference between measured and XGBoost-predicted cooling intensities. The REC curves for the XGBoost model, shown in Figure 13, provide a detailed visualization of how well the model predicts CI on both the training and testing sets. These curves plot the absolute prediction error (x-axis) against the percentage of samples predicted with an error below that threshold (y-axis). In more detail, the REC curve presents the fraction of data samples for which the absolute deviation between observed and predicted cooling intensities falls within a given error threshold. The further left and higher the curve, the better the model’s predictive performance. It is because a larger proportion of samples are associated with smaller errors. By further inspecting the REC curves, it can be seen that for the training set, 90% of predictions have an absolute error below 0.81 °C, and 95% are lower than 1.01 °C. For the testing set, 90% of predictions have an absolute error less than 0.89 °C, and 95% are lower than 1.15 °C. These thresholds clearly show the model’s reliability in CI estimation.



The map of prediction error types (Figure 14) visually categorizes the spatial distribution of errors or residuals—where the error is defined as the actual CI minus the predicted intensity—into three groups: overestimation, underestimation, and negligible error. In this context, errors within the interval [−1, 1] reflect negligible error (green areas), where the predicted values closely match actual measurements. Moreover, a negative error (error < −1) means the predicted CI exceeds the actual value, representing overestimation (red areas). Conversely, a positive error greater than 1 (error > 1) indicates the actual CI is much higher than the predicted value, corresponding to underestimation (yellow areas).



For CI estimation, underestimation is generally more desirable than overestimation. This is because overestimating cooling potential might lead urban planners to expect greater thermal comfort than what can actually be delivered. Overestimation can negatively impact planning and mitigation strategies. In contrast, underestimation tends to facilitate conservative planning, ensuring that anticipated benefits are at least met or exceeded. The pie chart (Figure 15) shows that negligible errors dominate, accounting for 91.72% of all predictions, while underestimations and overestimations make up only 4.23% and 4.05%, respectively. This distribution highlights the high overall accuracy of the model, with only a small risk of misleading overestimates and an even smaller tendency toward cautious underestimation. The outcomes demonstrate that XGBoost is highly suited for the task at hand.




3.2. SHapley Additive exPlanations (SHAP)


In this study, the SHAP framework is integrated with XGBoost to investigate the drivers behind the model’s results. By employing Tree SHAP, the analysis supports clear interpretation of both the ranking and directional influence of each input feature on CI predictions across the study area. This method enhances the transparency and interpretability of the modeling process. The result is summarized by the SHAP’s analyses in Figure 16.



According to the SHAP’s impact plot in Figure 16a, distance to shrubland is the most influential variable. Distance to road and distance to coastline also rank highly. For distance to road, proximity tends to enhance predicted cooling. However, for distance to coastline, the relationship between this factor and CI in Hue City is complex, although certain areas closer to the beach do show some degree of enhanced CI. Bareland PLAND is the highest among the PLAND indices; it achieves the fourth rank. Waterbody PLAND and tree canopy cover PLAND also contribute considerably to the model but have less influence than that of distance to shrubland, distance to road, and distance to coastline. Meanwhile, shrubland PLAND is the least impactful variable in the group of PLAND indices; this fact indicates its relatively minor effect on cooling prediction. Besides elevation, the other topographical factors (i.e., aspect, slope, and TPI) generally attain lower rankings, reflecting their comparatively weaker impact on CI outcomes for the study area.



Moreover, Figure 16b presents the mean absolute SHAP value for each feature. This metric quantifies the average contribution of every variable to the model’s prediction of CI. The mean absolute SHAP value indicates the average influence of a feature on the XGBoost’s prediction—regardless of whether the effect is positive or negative. It is noted that the SHAP impact plot in Figure 16a displays the overall distribution and directionality of SHAP values for each feature across the dataset. Meanwhile, Figure 16b presents a magnitude-based summary by computing each feature’s overall impact on the model as a single mean absolute SHAP value. Notably, there is a slight difference in feature ranking between the two plots. This discrepancy arises because the impact plot incorporates both variability and directionality in the feature effects, while the mean absolute SHAP value only reflects the overall average impact magnitude. However, both plots consistently highlight variables such as distance to shrubland, distance to road, and distance to coastline as key predictors driving the model’s estimations of CI in the study area.



Inspecting the direction of the influence, it can be seen that for distance to shrubland, low values (closer proximity) are strongly associated with negative SHAP values, meaning that being near shrubland significantly reduces the predicted CI. The same fact holds true for the factor of distance to road. This fact is understandable because areas closer to roads are often subject to higher levels of anthropogenic heat. Moreover, based on SHAP, it can be seen that shrubland in the study area does not provide a cooling effect; in fact, areas closer to shrubland are associated with a reduction in predicted CI. In contrast, tree canopy exhibits a clear cooling effect, as areas closer to tree canopy cover are associated with higher predicted CI. Regarding landscape composition, a smaller proportion of bareland PLAND is associated with higher CI. In contrast, greater values of waterbody PLAND, tree canopy cover PLAND, and shrubland PLAND correspond to enhanced CI.



Moreover, partial dependency analysis is conducted with landscape composition variables regarding blue-green spaces. The partial dependency plots derived from SHAP are presented in Figure 17. This graph provides information about how specific landscape composition variables influence CI while accounting for interactions with other features. The partial dependency analysis helps visualize the marginal effect of each variable, allowing for recognition of suitable ranges of variables in landscape planning and management. The results of the partial dependency analysis reveal that CI generally increases with the proportion of the blue-green spaces in Hue City.





4. Discussion


4.1. Prediction Performance of the Machine Learning Framework


This study presents an innovative framework that integrates geospatial data analysis and interpretable machine learning for modeling CI in Hue City, Vietnam. For relationship modeling, XGBoost is employed to establish a robust functional mapping between CI and its explanatory variables—addressing the inherent nonlinearity and multivariate nature of the GIS dataset. XGBoost demonstrates satisfactory performance; this method is capable of explaining 98% of the variance in CI for the training data and 97% for the testing data. This high predictive accuracy confirms XGBoost’s strength in handling complex, non-linear relationships and interactions among diverse geospatial input features. The sophisticated gradient boosting algorithm iteratively improves model performance by focusing on residual errors, making XGBoost highly effective in predicting outcomes in large-scale and nonlinear datasets. Furthermore, the model’s regularization techniques also help prevent overfitting, thereby supporting robust generalization to unseen samples. Accordingly, this machine learning approach is recommended for geospatial modeling of CI in other regions.




4.2. Cooling Intensity (CI) in Hue’s Urban Center


The proportion of area classified by CI across the study area is demonstrated in Figure 18. The largest segment corresponds to regions with moderate CI, where 3 °C < CI ≤ 6 °C, consisting of 32.66% of the total area. Areas experiencing mild cooling performance (0 °C < CI ≤ 3 °C) account for 28.57%, while zones with high cooling performance (CI > 6 °C) occupy 23.02% of the study area. The smallest proportion (CI ≤ 0 °C), which corresponds to negative cooling, covers only 15.75% of the area. These results suggest that a significant majority of the study area benefits from moderate to high cooling effects.



Figure 19 demonstrates the spatial distribution of CI classes across the study area. As a World Cultural Heritage site, Hue City is characterized by its preservation of blue-green infrastructure, including water bodies, parks, shrubland, and tree canopy coverage. These features are strategically intermingled throughout the urban environment, resulting in extensive areas characterized by moderate to high CI. However, 15.75% of the area still experiences negative CI. These zones, primarily situated within the dense urban areas, are most severely impacted during heat waves. This fact is largely due to the high concentration of impervious surfaces, reduced vegetation cover, and intense anthropogenic activity—conditions that intensify the UHI effect and negate the capacity of natural cooling. Consequently, interventions are urgently needed in these hotspots to alleviate thermal discomfort and enhance public health in the city, especially during extreme heat events.




4.3. Urban Planning Implications for Enhancing Blue-Green Space’s Cooling Intensity


Effective urban planning is critical for optimizing CI and mitigating urban heat stress in Hue City—a rapidly urbanizing region. Based on SHAP analysis, urban development should prioritize interventions that minimize bareland in the study area. The reason is that bareland PLAND shows a negative association—a higher bareland proportion diminishes CI. This fact implies that local authorities should prevent bareland expansion and replace this LULC type with vegetation and water surface.



Furthermore, dense shrubland within the study area should also be limited. Converting shrubland to tree canopy, retention ponds, and drainage channels is strongly recommended. It is because tree canopy cover and waterbody presence exhibit clear positive effects on CI. Based on partial dependence analysis, planning efforts should focus on increasing the proportion of tree canopy and enhancing waterbody coverage.



Via visual interpretation of the partial dependence plots, the ranges for tree canopy PLAND (30–80%) and waterbody PLAND (10–40%) are associated with the most pronounced increases in CI. Therefore, these ranges of urban blue-green spaces are recommended for achieving the most desired CI in the study area. Moreover, expanding existing blue-green space coverage and enhancing public accessibility to water bodies or urban parks are crucial for improving cooling benefits in cities [91]. This is because the tree canopy and water bodies can have an impactful cooling effect on adjacent areas. Budzik et al. [24] pointed out that blue-green spaces adjacent to dense urban areas are capable of cooling the neighboring region up to 393 m further and by 10 °C.



SHAP analysis reveals that waterbody PLAND exerts a greater impact on CI than tree canopy PLAND. This finding suggests that increasing the proportion of water bodies can deliver stronger cooling effects compared to expanding tree canopy coverage. These results emphasize the importance of prioritizing blue infrastructure within the study area. This approach aligns with findings from [53], which showed that water bodies not only deliver stronger CI but also have much wider cooling ranges compared to tree-based green spaces.



It is noted that although urban blocks with a higher overall proportion of shrubland (PLAND) are associated with higher CI, areas closer to this type of land cover tend to have lower CI. This fact might arise from its spatial context in the study area. It is because shrubland is commonly located adjacent to roads, bareland, and construction sites, which are associated with higher surface temperatures and anthropogenic heat. In contrast, urban blocks with a higher overall proportion of shrubland generally include more interspersed green spaces or less developed surroundings, which can contribute to improved cooling capacity. This fact highlights the need to consider both spatial distribution and characteristics of neighboring LULC when considering the cooling effects of urban green spaces in Hue City.



Additionally, in developing new urban districts in Hue City, it is recommended to allocate a designated proportion of land for blue-green spaces—such as reserving 30% for tree canopy and 10% for water bodies—to create ecologically beneficial landscapes within these communities. Furthermore, urban greening can be substantially increased by utilizing building rooftops, walls, and other underused spaces for vegetation, thereby expanding the overall green spaces without compromising built-up areas [92]. Methods such as rooftop gardens on commercial buildings not only enhance the aesthetic aspect but also contribute valuable green cover to the city. Moreover, maintaining urban parks and forested corridors plays a vital role in mitigating the UHI effect through shade provision, evaporative cooling, and lowering surface temperatures, which collectively reduce the demand for artificial cooling and improve urban sustainability [55].



The research findings can be extended beyond Hue City and offer practical implications for neighboring cities in Vietnam that are aiming to mitigate urban heat stress through effective blue-green infrastructure planning. The data-driven SHAP-based framework enables city planners to prioritize interventions by identifying which landscape and proximity features most strongly influence local CI. Since the proposed approach is data-driven, it can be readily adapted to other urban regions with different climatic and spatial contexts when suitable local data is provided. For rapidly urbanizing cities facing land scarcity and increasing extreme heat events, the recommended strategies—such as minimizing bareland, optimizing proportions of tree canopy and water bodies, as well as integrating green infrastructure into the urban fabric—are widely applicable. Furthermore, the transferability of the proposed data-driven framework is reinforced by its grounding in remote sensing and machine learning. These approaches are accessible to many cities worldwide.




4.4. Research Limitations and Future Works


While this study incorporates various factors influencing CI, it is recognizable that the current set of variables may not fully capture the complexity of the task at hand. Other factors—such as building height, sky view factor, impervious surface fraction, spatial connectivity of blue-green spaces, and landscape shape indices—can also significantly influence CI but were not considered in this study. The absence of these variables may limit the model’s ability to take into account localized thermal dynamics, especially in areas with significant vertical variation, varying degrees of building density, and highly heterogeneous built environments.



While this study categorizes vegetation into shrubland and tree canopy types using EVI thresholds, it is acknowledged that this classification may not fully capture the diversity within small-scale green patches. The shrubland class may encompass mixed vegetation types that can differ in density, height, and moisture content, which may influence their cooling performance. Some shrubs may act similarly to low tree canopies with considerable cooling effects, while sparse or dry shrubland may provide limited or ineffective cooling effects under high humidity conditions.



Moreover, the accuracy of CI estimates in the study area may be compromised by the use of LST samples collected at different timestamps during the period from 1 May 2024 to 30 September 2024. Additionally, the presence of cloud-affected Landsat scenes can degrade data quality. Under these circumstances, the computed CI values might not accurately reflect true cooling effects in certain areas in Hue City. It is also recognized that the EVI threshold used to classify vegetation into shrubland and tree canopy may oversimplify the diversity of vegetation structures in tropical urban landscapes.



Another limitation lies in the use of Landsat 8 satellite data. While its 30 m spatial resolution offers a balance between spatial coverage and data acquisition frequency, it remains insufficient for effectively capturing fine-scale heterogeneity in vegetation and surface temperature within dense urban settings. This pixel size may merge small or fragmented features—such as narrow streets, isolated trees, or small water bodies—into mixed pixels, which might result in uncertainties in CI estimation.



Consequently, highly localized variations in CI or microclimatic effects caused by small parks, street vegetation, or green roofs may not be fully captured or modeled. Furthermore, satellite-based LST derivations are susceptible to sensor inaccuracies, cloud cover interference, and atmospheric disturbances. This fact results in a certain degree of modeling errors. Hence, these constraints unavoidably limit the accuracy of CI assessment.



To address these shortcomings, future works should consider the following directions:




	(i)

	
Additional urban and landscape parameters should be taken into account to enhance the current approach’s generalization.




	(ii)

	
Integrating higher-resolution geospatial data from advanced thermal sensors, aerial surveys, and meteorological stations can help validate and enhance the accuracy of the CI analyses. In particular, higher resolution data can also help achieve finer distinctions among subtypes of the shrubland category. Moreover, field-based thermal measurements should also be conducted to better differentiate cooling-effective from non-effective vegetation types.




	(iii)

	
Future works should include more detailed field investigations and analyses using higher-resolution remote sensing data to refine the classification thresholds based on EVI and improve vegetation differentiation across different sections of the study area.




	(iv)

	
Another possible extension of this research would be to conduct a sensitivity analysis of CI modeling results across different block sizes, including finer spatial units. Based on such analysis, it would be able to evaluate how spatial scale influences model performance and urban heat mapping. It is also worth investigating how the scale of analysis corresponds to the up-to-date planning units in Hue City. Aligning the scale of the analysis with official planning units will definitely enhance the applicability of the proposed framework for practitioners and policymakers, particularly for district- and ward-level urban planning.




	(v)

	
Advanced statistical and quantitative methods can be applied to systematically identify and validate optimal PLAND threshold ranges for both green spaces and water bodies to support landscape planning in the study area.




	(vi)

	
Future research should incorporate a detailed feasibility assessment of the LULC planning regarding heat stress alleviation, specifically for Hue’s dense historic core. This assessment should consider both spatial and economic constraints, such as land availability, implementation costs, and heritage preservation.




	(vii)

	
Future works should also explore direct links between heat exposure and a range of public health outcomes. Integrating public health datasets—including statistics on heat-related morbidity, mortality, and mental health during heat waves—will enable urban planners and local authorities to better understand, predict, and address heat stress risks, with a particular focus on vulnerable hotspots exhibiting weak or negative CI.











5. Conclusions


This study has constructed a data-driven framework used for spatial modeling of the CI of urban blue-green spaces in Hue City, Vietnam. These spaces have demonstrated evident cooling benefits in the study area. Through the integration of geospatial analysis and interpretable machine learning methods, particularly XGBoost combined with SHAP, the current work is able to accurately capture the nonlinear and multivariate relationship between the CI and its explanatory factors.



This study confirms that effective urban planning significantly enhances thermal comfort. The results, attained from SHAP analysis and partial dependence analysis, provide crucial information for determining suitable proportions of blue-green space. The employed analytic tools help recognize not just the relative importance of each variable but also the specific direction as well as the nature of their influence. Hence, strategies of increasing the area and connectivity of tree canopy and water bodies are strongly recommended for enhancing CI and achieving cost-effective solutions for climate adaptation.



Overall, the study provides a data-driven framework for urban planners and policymakers for urban heat stress mitigation via prioritizing interventions, landscape composition optimization, and spatial arrangement configuration. The newly established framework can be used to support the decision-making process that minimizes reliance on extensive fieldwork and subjective assessments. By employing this framework, it is expected that sustainable urban design can be encouraged to mitigate the adverse effects of climate change and improve public health for urban environments in Vietnam, as well as in other developing countries.
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Figure 1. Schematic workflow of the study. 
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Figure 2. Study area as true color composite of Sentinel-2’s bands (Data source: European Union/ESA/Copernicus). 
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Figure 3. EVI map. 
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Figure 4. LULC map. 
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Figure 5. LST map. 
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Figure 6. Cooling intensity map. 
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Figure 7. Topographical maps. 
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Figure 8. PLAND maps. 
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Figure 9. Maps of proximity features. 
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Figure 10. Prediction performance of XGBoost. 
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Figure 11. Maps of predicted cooling intensity: (a) XGBoost-based prediction and (b) prediction error. 
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Figure 12. Histograms of prediction error. 
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Figure 13. Results of REC. 
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Figure 14. Map of prediction error type. 
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Figure 15. Proportion of error types. 
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Figure 16. Feature assessment using SHAP: (a) SHAP’s impact plot and (b) Mean absolute SHAP value. 
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Figure 17. Partial dependency plots of blue-green PLAND indices: (a) shrubland, (b) tree canopy, and (c) waterbody. 
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Figure 18. Proportion of area according to cooling intensity (CI) category. 
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Figure 19. Cooling intensity (CI) reclassification. 
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Table 1. The employed remote sensing data.
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	Dataset
	Time Period
	Bands
	Spatial Resolution





	Landsat 8
	1 May 2024–30 September 2024
	SR_4, SR_5, and ST_B10
	30 m



	NASA SRTM Digital Elevation 30 m
	
	Elevation
	30 m



	Sentinel-2
	1 January 2024–31 December 2024
	B2, B3, B4, B5, B6, B7, B8, B8A, B11, B12
	10 m (B2, B3, B4, and B8)

20 m (B5, B6, B7, B8A, B11, and B12)










 





Table 2. LULC classification performance.
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	LULC

Class
	Accuracy

Rate
	Precision
	Recall
	F1 Score
	Cohen’s Kappa

Coefficient





	Bareland
	0.89
	0.88
	0.89
	0.89
	0.85



	Built-up
	0.89
	0.88
	0.89
	0.89
	0.85



	Vegetation
	0.98
	0.96
	0.98
	0.97
	0.96



	Waterbody
	0.96
	0.99
	0.96
	0.97
	0.97










 





Table 3. Statistical description of the collected GIS dataset.
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	Variable
	Variable Name
	Unit
	Min
	Average
	Mean
	Max





	X1
	Elevation
	m
	0.00
	22.02
	36.04
	291.35



	X2
	Slope
	m
	0.00
	4.99
	4.86
	27.24



	X3
	Aspect
	°
	0.00
	143.23
	41.97
	273.91



	X4
	TPI
	--
	−12.14
	0.00
	1.67
	17.44



	X5
	PLAND bareland
	%
	0.00
	5.21
	5.63
	52.67



	X6
	PLAND shrubland
	%
	0.00
	14.14
	19.65
	97.33



	X7
	PLAND tree canopy
	%
	0.00
	45.57
	31.42
	100.00



	X8
	PLAND waterbody
	%
	0.00
	14.11
	23.42
	100.00



	X9
	Distance to coastline
	m
	144.70
	13,806.35
	7219.54
	28,351.14



	X10
	Distance to river
	m
	0.00
	1311.74
	1209.19
	6185.10



	X11
	Distance to road
	m
	9.73
	231.45
	354.86
	2264.72



	X12
	Distance to shrubland
	m
	0.65
	144.61
	153.20
	1449.34



	X13
	Distance to tree canopy
	m
	0.00
	75.58
	179.46
	1886.43



	X14
	Distance to waterbody
	m
	0.00
	273.91
	269.16
	2313.60



	Y
	Cooling intensity
	°C
	−8.11
	3.31
	3.46
	13.20
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