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ABSTRACT 

 

Coarse particulate matter (PMc) refers to aerosol particles between 2.5 and 10 μm in 

diameter. Exposure to ambient PMc has been associated with adverse health effects 

such as cardiovascular diseases and respiratory mortality. In this study, we analyzed 

the spatial and temporal patterns of PMc levels in a 165-node PM monitoring network 

in Xi’an, China. We employed a technique called network analysis, focusing on peer-

to-peer comparison within the network. The network analysis revealed that the highest 

PMc concentrations in the city occurred during late night and early morning. Through 

further analysis using satellite-based aerial imagery and data mining of internet 

resources, we confirmed with high confidence that the construction-related emission 

sources, both at the construction sites and from traffic transporting construction 

materials and debris, are a key contributor. It could be found that both local policies 

and construction practices incentivized construction contractors to implement 

earthwork at nighttime, leading to distinct peak PMc concentrations from late night to 

early morning, which often triggered both noise and air pollution complaints from 

residents. Our work demonstrated the potential of utilizing air quality monitoring 

networks for construction-related environmental monitoring and enforcement. Based 

on our findings, we also recommend that policymakers re-assess construction-related 

policies by considering the trade-offs among efficiency, safety, air quality, and noise.
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1. Introduction 

 

Coarse particles (PMc), which refer to aerosol particles between 2.5 and 10 μm in 

aerodynamic diameter, are mainly produced by mechanical processes such as crushing, 

grinding, and abrasion of surfaces and are emitted from multiple sources, including 

natural sources (wind-blown soil, sea spray, pollens), non-exhaust vehicular emissions 

(tire wear, brake wear, road dust), and construction and quarrying activities [1]–[3]. 

Short-term and long-term PMc exposure has been associated with multiple adverse 

health effects, including increased morbidity and hospital admissions for cardiovascular 

and respiratory diseases, and these impacts have been proved to be independent of PM2.5 

(aerosol particles less than 2.5 μm in aerodynamic diameter) in multiple studies[4]–[8]. 

Despite strong human health implications from exposure to PMc, the understanding 

of spatiotemporal variations of PMc in the urban areas, which is crucial to exposure 

assessment, is limited by several factors. First, as PMc has relatively short residence 

time, its spatial and temporal variations are expected to show greater heterogeneity than 

PM2.5, thus requiring denser monitoring networks to resolve the variations. However, air 

quality monitoring networks for PMc (usually derived from the difference between PM10 

and PM2.5) are sparse [4] because many PM networks do not include PM10 for routine 

monitoring purposes. A number of research studies on PMc have conducted detailed 

chemical speciation, but samples were usually connected on one or two sites in large 

metropolitan areas [9]–[14]. Second, characterizations of PMc sources are inadequate. 
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For example, traffic-related, non-exhaust sources and construction activities are the two 

major PMc local sources in urban areas. Traffic-related, non-exhaust sources [15]–[18] 

have received growing attention recently. Brake and tire dynamometers have been 

employed to characterize non-exhaust PM emissions in laboratory settings[19]. But real-

world measurements are still lacking. For construction activities, it is challenging to 

directly track individual construction sites. As such, the National Emission Inventory 

(NEI) heavily relies on surrogate data and approximations to estimate fugitive PM 

emissions from construction sites at the county-level. Third, the current air quality 

modeling method is inadequate of capturing the spatiotemporal variations of PMc 

effectively. The Community Multi-scale Air Quality (CMAQ) modeling system, widely 

adopted for regional-scale air quality modeling, underpredicted PMc at 49 out of 51 

monitoring sites in the western U.S. and failed to reproduce their spatial patterns[20]. 

Studies using land use regression (LUR) and other data-driven techniques to model PMc 

are rare and generally show much lower performance compared to other pollutants [21]–

[23].  

To advance our understanding of spatiotemporal variations of PMc in the urban areas, 

we applied innovative analytical techniques to a dense, distributed air quality monitoring 

network that employs Federal Equivalent Method (FEM) equipment to monitor both 

PM2.5 and PM10. Our main analytical tool is named Network Analysis, serving as a 

screening tool to process data from distributed air quality monitoring networks 

effectively and generate insights about related emission sources for PMc. Specifically, 

Network Analysis integrates two complementary techniques, i.e., intra- / inter-ranking 



  3 

and time series clustering.  Intra- and inter-ranking, to be elaborated in Section 2.2, take 

advantage of peer-to-peer comparisons within the network to differentiate influences 

exerted by the regional events and local sources and identify the sites heavily influenced 

by local sources for further analysis. Time series clustering [24], instead of traditionally 

using mean diurnal pattern to provide an analysis of diurnal properties of target 

pollutants[25]–[27], captures day-to-day temporal-spatial differences for PMc, providing 

the typical diurnal behavior for the whole region and specific sites for further analysis. 

The distributed air quality monitoring network we utilized was deployed in Xi'an, 

China. Though a significant number of publications have focused on PM2.5 and PM10 

issues in Xi'an city due to its severe pollution and large population[28], [29], [38]–[41], 

[30]–[37], the PMc issue in this city has never been explicitly studied. By analyzing the 

sub-city level hourly PMc concentration data over two months in the urban area of Xi'an, 

China, where more than 9.3 million people reside, the Network Analysis reveals that 

construction-related emission sources led to exceedingly high nighttime PMc 

concentrations in the city. Based on our findings, we investigated the policy drivers of 

the construction practices and recommended policymakers reassess the construction-

related traffic policies by considering the trade-offs between safety, air quality, and 

noise. 
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2. Materials and methods 

2.1.Study domain and dataset 

As a major metropolitan area in Northwest China, the municipality of Xi'an, urban 

and rural combined, has a population of ~13 million, among which the urban population 

accounts for around 9 million[42], [43].  

Our study utilized data from a PM monitoring network in Xi'an, shown in Figure 1. 

Beta attenuation monitoring (BAM)[44], a Federal Equivalent Method (FEM) approved 

by the U.S. Environmental Protection Agency (EPA) [45], employs the absorption of 

beta radiation by solid particles extracted from air flow to detect the PM10 (aerosol 

particles less than 10 μm in diameter) and PM2.5. In this network, more than 165 BAM 

based air quality monitoring stations were installed and each of them was responsible for 

monitoring the PM2.5 and PM10 concentration levels in a specific community (i.e., the 

smallest administrative unit) with a specific ID in format “0000C”. Hourly air-quality 

data were collected in July 2019, December 2019, April 2020, and May 2020. PMc 

concentration data were derived from PM10 and PM2.5. For each month, more than 95% 

of the monitoring sites have more than 650 hourly records.  

Xi’an’s densely populated urban areas with a square of ~912 km2, including 56 

orange monitoring sites also shown in Figure 1, were selected as our research target area 

due to its high population density, high density of monitoring sites, and relatively high 

PMc concentration level. As PMc/PM10 ratios were much higher in April-May 2020 than 

in the other two months, indicating PMc dominates the PM pollution in this period, we 

selected April-May 2020 as our target period. Furthermore, in winter, coal combustion 
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for residential heating and potential biomass burning dominates the PM emissions for 

the whole region[40], and local construction activities face ban under many situations, 

leading to two difference on main emission source compared with spring and making it 

not easy to extract information using peer-to-peer comparison. July’s PM2.5 and PM10 

level was quite low, making uncertainties associated with deriving PMc (i.e., PM10-

PM2.5) high in July. Therefore, July 2019 and December 2019 are not discussed in this 

paper. For information on data statistical analysis and processing, see S1. 

 

Figure 1: The air quality monitoring network in Xi'an city. Monitoring sites located in 

the main urban area are defined as urban monitoring sites and are selected as targets 

(orange ones). 
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2.2. Network analysis 

The main goal of network analysis is to identify both areas and emission sources of 

interest within the network for further investigation. More specifically, the local 

anomalous concentrations and the associated local drivers are identified by comparing 

specific pollution trends with the general trend. In this study, we applied this tool 

multiple ways to explore potential local drivers and their impact on PMc in Xi'an city's 

urban area. 

2.2.1 Intra-ranking and inter-ranking 

First, an intra-ranking system is created to identify the potential network-wide 

phenomena. The daily averaged PMc concentrations at the same monitoring site (“intra”) 

are ranked to identify periods when a pollution episode happened across the urban 

network regardless of specific locations.  

Secondly, an inter-ranking system is created to identify urban sites influenced by 

continuous local drivers and provide hyperlocal insight into potential emission sources. 

We rank the daily averaged PMc concentrations among all the urban monitoring sites 

(“inter”) after excluding identified periods with regional events from the intra-ranking 

system. Those sites that always rank among the highest are called hotspots and used for 

further analysis. 

Thirdly, the representative diurnal patterns for urban sites are identified by applying 

time series clustering method to the dataset. The representative clusters for hotspots are 

generated and compared with the common diurnal patterns for further insight. Combined 
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with the local environment survey described in Section 2.3, an analysis regarding 

potential local drivers and their impacts will be conducted.  

 

2.2.2 Time series clustering 

Each sensor records a PMc measurement each hour and the 24 measurements from 

one sensor from one day are put into a single 24-dimentional time-series data point, 𝒙𝒊. 

We want to identify the different types of behavior possible. To do this we sort the 

datapoints into cluster in which each of the diurnal time series have similar behavior. We 

use the K-means algorithm[46], one of the most popular clustering algorithms, which 

has been widely applied for time series clustering[24], [47]. Assume we have a set of n 

datapoints 𝜒(𝒙𝟏, 𝒙𝟐, 𝒙𝟑 … 𝒙𝒏 ).  The procedure is as follows:   

Step 1. We first assume that there are k different types of behavior and we generate k 

datapoints which represent the centers 𝐶 (𝒄𝟏,𝒄𝟐, 𝒄𝟑 … 𝒄𝒌) of k different clusters. Each 

center is a 24-value time series datapoint which we initially populate with random 

values. 

Step 2. We now divide the n datapoints into k clusters ℂ(𝑆1, 𝑆2 , 𝑆3 … 𝑆𝑘) based on 

the centers: We calculate the distance between each datapoint and each of the centers 

using the Euclidean distance shown in (2-1) and place each datapoint into the cluster 

represented by the center to which it is the closest. 

For two observations 𝒄 {𝑎1, 𝑎2, 𝑎3, … 𝑎𝑛} and 𝒙 {𝑏1, 𝑏2, 𝑏3, … 𝑏𝑛} , the Euclidean 

distance between 𝑥 and 𝑐 is defined as: 
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𝑑(𝒄, 𝒙) = √(𝑎1 − 𝑏1)2 + (𝑎2 − 𝑏2)2 + ⋯ + (𝑎𝑛 + 𝑏𝑛)2 (2-1) 

 

Step 3. Next, we calculate the actual center 𝒄𝒊 of each of the k clusters using      

𝒄𝒊 =  
1

|𝑆𝑖|
∑ 𝑥

𝒙 ∈ 𝑆𝑖

 (2-2) 

 

Step 4: Repeat step 2 and 3 until no there are no more changes for any of the 

clusters. 

We now have a provisional set of k possible typical PMc diurnal variations. To find 

the actual number of cluster (typical types of behavior) for our data we use the elbow 

method [48] to do this. We repeat the calculations above for each of a series of k values. 

For each one, the Within-Cluster-Sum of Squared Errors (WSS) is calculated. Generally, 

the higher the k is, the lower the WSS is, indicating a better fit for each cluster. 

Obviously the best fit would occur if the number of clusters k was equal to the number 

of datapoints n. However, to the extent that the data fall into a number of distinct types k 

< n, a plot of k vs. WSS will show k dropping rapidly at first, then leveling off, taking 

the form of an “elbow,” and indicating that, at some point, an increase in k won’t 

improve the fit results significantly. The k clusters around this point will be selected to 

represent the typical diurnal behaviors. 

In our study, after removing diurnal patterns with missing data and excluding days 

affected by regional events using intra-ranking analysis, 2041 diurnal patterns are finally 

selected for clustering using the above algorithm.  
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2.2.3 Data mining for emission-related features 

 We evaluate the micro-environment of interest around each monitoring site to assist 

local driver identification in the network analysis process.  

Dust from the road and construction are supposed to be the main contributor to local 

urban PMc emissions in China. According to information released by the website of the 

Ministry of Ecology and Environment of the People's Republic of China[49], roads and 

construction are the primary sources of dust in Beijing-Tianjin-Hebei and surrounding 

"2+26" cities in China, accounting for more than 80% of the total dust emissions 

together, of which 5%-10% are PM2.5, suggesting that the roads and construction 

mainly contribute to local PMc. Meanwhile, dust is the primary source of PMc in China: 

from a large-scale research project[50], it accounts for 54% of PM10 emissions and a 

higher number of PMc emissions is inferred from its much lower contribution to PM2.5 

(21%). Compared with construction, the road dust, which is also influenced by 

construction-related heavy vehicles traffic, is more studied: The contribution rate of 

road dust to PM10 is 36% in Beijing[51], 44.6% (2010) and 19.2% (2015) in Hangzhou, 

60% in the Sichuan Province[52] and 79% in Delhi[53], indicating a higher 

contribution rate to PMc in those areas. In a recent study conducted in Xiong’an new 

area, China, 98.49% of fugitive dust originated from road dust and construction dust 

and accounts for 29.38% of PM10 emissions[54]. Thus, we put construction and traffic 

as the focus of our micro-environment survey due to their potentially significant 

contribution rate to PMc. 
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As shown in Table 1, construction and traffic-related sources are considered as focus, 

and their related features are generated and used in Network Analysis to help us 

understand the relationship between diurnal behavior and emission source. GIS tools are 

combined with Google, Baidu, OSM and other GIS-based documents to collect the data 

for each site. Hourly traffic is sampled from the selected period onweekdays and 

weekends for roads in Xi’an, the detailed information is shown in S2. The construction 

site-related information requires more data mining, and its detailed process is shown in 

Section 3.4.  

Table 1. Traffic and construction PMc emission source and related features. In 

comparable northern cities in China, traffic and construction account for more than 80% 

of dust emissions in urban areas, while dust is the primary contributor to PMc. 

 

Potential Emission-source Examples Related features 

Non-exhaust vehicle 

emissions  

Tire wear, brake wear and 

road dust generated by light 

vehicles and public 

transportation 

Roadside(Y/N*), distance to 

nearby road, traffic flow 

count, unpaved road (Y/N) 

Construction 

Dust from construction and 

demolition 

Construction nearby (Y/N); 

the type, scale, stage, and 

status of related construction 

sites; unpaved construction 

area (Y/N) 

Excess non-exhaust vehicle 

emissions generated by 

construction-related heavy 
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vehicles 

Soil or other construction-

related materials tracked onto 

roads by trucks related to 

construction sites 

* Y/N means yes or no 

 

 

 

 

3. Results and discussion 

3.1. Intra-ranking system analysis: network-wide episode driven by regional 

events 

We first look at the intra-ranking of daily average PMc concentrations to explore the 

network-wide trend of concentrations. As shown in Figure 2, multiple episodes, 

regardless of locations, were observed during the target period, indicating the existence 

of PMc regional drivers. For example, dust storms, which often result from the natural 

dust transported from outside the city under strong wind, happened during May 17th-18th
, 

when an apparent episode could be observed. Regional events like rain could lead to a 

low PMc concentration across the network. This is evident in the case of April 18th-19th. 

After a rain, all the urban sites dropped to a relatively lower PMc concentration level 
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compared with themselves in the selected two months, which format a deep blue 

(ranking<20%) area in Figure 2.  

Since the main goal of network analysis is to identify the local drivers for PMc, we 

need to exclude the days influenced by regional events. Days with extreme low (80% of 

sites are below 25% in a single day) or high PMc concentration across the whole network 

(80% of sites are above 75% in a single day) was identified by the intra-ranking system 

and are excluded for further inter-ranking analysis and time series clustering if a record 

about regional events such as a dust storm or rain could be found. Fifteen days were 

excluded.  
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Figure 2: Heatmap of intra-ranking system results. Episodes, regardless of locations, 

could be observed, indicating the existence of regional events such as rain and dust 

storms shown in two cases[55]. Days with regional event records are excluded for 

further analysis. 

 

3.2.Inter-ranking system analysis: hotspots identification 

After excluding regional event days, we then obtain the inter-ranking system results 

to find the monitoring sites that consistently ranked high in concentrations in the 

network. Sites sorting by high-ranking (i.e., top 10) days fraction (defined as the number 

of high-ranking days/the number of total days with records) are shown in Figure 3. 

Thirteen sites have obviously more high-ranking days (13th is 15 days while 14th is 12 

days) and are described as hotspots in our research.  
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Figure 3: The color of one block in the heatmap represents whether a monitoring site 

(y-axis) was TOP10 in the inter-ranking system within a single day (x-axis) (red: TOP 

10, orange: others, white: missing). Thirteen monitoring sites with consistently high 

PMc concentrations are identified as hotspots for further analysis. 
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3.3. Time series clustering: results 

It’s important to find and understand the representative diurnal behavior for Xi’an’s 

urban area. To achieve this, K-means time series clustering was applied to the urban 

dataset after excluding regional event days with records. The appropriate cluster number 

k = 30 was selected based on the elbow method result shown in Figure S2. The 

clustering results for each cluster are shown in Figure S3. Their temporal-spatial 

distributions and sizes are shown in Figure S4 and Figure S5, respectively.  

Part of the clusters is shown in Figure 4. For a specific cluster, each grey line 

represents a single day’s diurnal patterns from a single site in this cluster, and the red 

line represents the mean for all the grey lines. We could find that different clusters differ 

in mean pattern, group size, and temporal-spatial distributions. Information could be 

extracted from those properties. For clusters composed of diurnal patterns mainly from a 

single day, such as clusters 24, some unique and undetected regional events might 

happen in corresponding periods and result in unique PMc diurnal behavior for a single 

day across the network. Clusters composed of diurnal patterns mainly from specific 

sites, such as cluster 15, may indicate common similar local issues for those sites. 

Clusters of large sizes such as 1 may show the repetitive diurnal behavior caused by 

common daily events in this region and are worthy of further analysis. 
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Figure 4: The examples of PMc diurnal pattern clustering results and their 

corresponding tempo-spatial distributions. Time series clustering captures the tempo-

spatial difference among diurnal patterns: days potentially influenced by regional events 

will format a single cluster like cluster 24, sites with similar issues can lead to a cluster 

like 15, and clusters of large size such as cluster 1 could show the general and repetitive 

diurnal patterns. 

 

3.4.Time series clustering: traffic led to the general diurnal pattern 

To find what make the hotspots different, it’s important to understand what the 

repetitive general pattern for most sites is, and this could be achieved by focusing on 
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clusters of large size first. The six largest clusters 25, 1, 13, 8, 2, and 9, with much more 

data points (one day for one site) than any of the other clusters, occupy 46.3% of diurnal 

patterns participated in time series clustering, is shown in Figure 5.  

It could be found the selected clusters of large size exhibit some similarities in 

diurnal patterns of variation. Cluster 1, 13 and 25 (25.4% of total counts) shares a very 

similar mean diurnal pattern: peak at midnight (23:00-0:00), decline to a “valley” in the 

early morning (4:00-5:00), increase to another peak in the morning (8:00-10:00), decline 

until late afternoon at 18:00 and then increase to the night peak. Clusters 8, 2, and 9 

(20.9% of total counts) differ in some parts: cluster 8’s evening peak is much higher than 

the morning peak. Cluster 2’s night peak is delayed at 1:00 and is also much higher than 

the morning peak. Cluster 9’s is an outlier compared with the other five clusters. Its 

morning PMc concentration began to increase much earlier at 3:00 and peaked at 6:00. 

After further analysis shown in S4, the diurnal patterns with both morning and night 

peaks, represented by clusters 1, 13 and 25, are identified as the general diurnal pattern 

in Xi’an urban area.  
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Figure 5: The mean of six largest clusters (number (N) > 125, all the other clusters’ N 

<100). Clusters 1, 13, and 25 show diurnal patterns in a very similar shape with two 

close peaks at night and morning. Clusters 2 and 8 are different on peak intensity and 

peak time but still show night and morning peaks within one hour. We call such diurnal 

patterns with morning peaks at 8:00-10:00 and night peaks at 23:00-1:00 as general 

patterns due to their repeatability. 
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A likely explanation of the general pattern is the variance of mixing height and 

traffic. The traffic generates non-exhaust particle emissions (mainly about PMc) from the 

wearing down of brakes, clutches, tires and road surfaces, as well as by the suspension 

of road dust[56], and the mixing height influences the PMc concentration level by 

affecting its dispersion rate. As shown in Figure 6, during the night and early morning, 

the mixing height went to a very low value, even almost zero, accompanied by a 

potential surface temperature inversion, making the dispersion of PMc minimal; during 

the daytime, especially in the afternoon, the mixing height was relatively higher, 

accelerating the dispersion of PMc and making it more challenging to generate high PMc 

concentrations even with relatively high traffic count. The explanation matches the 

general diurnal pattern well if traffic flow data is considered: there were few traffic 

counts after 0:00, resulting in a decline in PMc concentration until 5:00. From 6:00, 

accompanied by a massive rise in traffic flow and the low mixing height, the PMc 

concentration increased and peaked at 8:00-10:00. After 11:00, though the traffic 

remains not low, the PMc concentration has dropped sharply due to the high mixing 

height. After 18:00, the mixing height becomes low and the traffic keeps a not low count 

until midnight, resulting in an increase in PMc concentrations and a peak at around 0:00. 

Our explanation is also coherent to previous studies: a very strong correlation between 

high PM and low mixing height has been reported in multiple urban cases[57]–[59], and 

this correlation might be even more significant on traffic station[58]. 

This explanation could also partly explain the formation of untypical general clusters 

8 and 2. During weekends, compared with weekdays, the traffic volume remains 
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relatively high even at 1:00, and the early morning traffic peak becomes smoother, thus 

resulting in a delayed or/and more substantial elevation at night and a less evident 

morning peak (see om Figure S9). Since it could be found that clusters 1, 13, and 25 

contain more weekdays and clusters 2 and 8 have more weekends (see in Table S7), the 

time series clustering results match our explanation.  

 

 

Figure 6: Figure 6: The traffic and mixing height variations lead to the general PMc 

diurnal pattern (represented by all sites mean and clusters of largest size 1/13/25 mean). 

Higher traffic volume means more emission sources, and the lower the mixing height, 
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the longer the emissions could stay in the air. The shaded area represents range for 

peak/” valley” time  caused by different traffic situations. 

 

 

 

 

3.5. Representative diurnal patterns for hotspots show abnormal high 

concentrations at night and early morning 

To reveal the mechanism of the highest PMc concentrations in the urban area, we 

need to find and understand hotspots’ unique and representative diurnal behavior. We 

used the relative count to find clusters that represent more about hotspots. For a single 

cluster, the relative count for hotspots is defined as the relative ratio of its number in 

hotspots and all urban sites. For instance, if 36 diurnal patterns are clustered in cluster 0 

and 30 out of those 36 samples are from hotspots, 83.3% (30/36) will be the relative 

count of cluster 0.  Obviously, clusters with a high relative count in hotspots showed 

diurnal patterns mainly in extremely high pollution areas with significant differences 

from other clusters and are worth further investigation. 

Six clusters with a relative count higher than 50% (the 7th is 45%) were detected as 

hotspot feature clusters. As shown in Figures 7a and 7b, all the hotspot feature clusters 

show a much higher PMc mean concentration than the six largest clusters or other 

clusters shown in S3. An abnormal issue of the hotspots feature clusters can be 

perceived if we compare them with the general diurnal patterns: most of them, including 
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Clusters 0, 12, 22, 17, and 10, showed a high PMc concentration during early morning or 

night without showing a morning peak. Traffic and mixing height can’t explain this: 

super high PMc concentration caused by general traffic emissions is not very likely to 

happen during the early morning because the traffic count is relatively low from 0:00 to 

5:00. Furthermore, if the night or early morning peak in these clusters is caused by 

traffic, an apparent increase at morning (5:00 to 7:00) should happen due to the traffic 

morning peak. Regional events cannot explain this either: these clusters mainly contain 

hotspots and don’t contain samples mainly from a single day. Thus, further investigation 

is needed to explain those hotspots feature clusters with super high concentrations.  
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(a) 
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(b) 

Figure 7: (a) The feature clusters of hotspots and (b) corresponding temporal-spatial 

distribution (sites above the dotted line area are hotspots). The six largest clusters shown 

in Figure 6 areis used as reference in blue color. Except for cluster 21, all clusters are of 

abnormally high concentration during the night or early morning without showing an 

obvious morning peak, indicating the potential existence of a strong local driver other 

than traffic. 
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3.6.Emission-related features data mining: Active construction sites detection 

The phenomenon that the representative cluster for hotspots showed an abnormally 

high concentration during early morning or night without an obvious morning peak is 

worthy of further exploration of their difference in emission source-related features. 

One of the essential bases of source-related features, construction site information, is 

lack of open source and needs further confirmation. Here all active construction sites 

around urban monitoring sites are identified based on specific criteria by utilizing data 

mining from multiple open sources: Google Satellite is used as a starting tool to find 

potential construction sites. Various methods are implemented to explore and confirm 

the construction project's status, stage, and type. 

First, potential construction sites are searched and labeled by Google Satellite. A 

0.003-degree (~330m) buffer is created for the general search scope working for urban 

monitoring sites, while a 0.009-degrees (~990m) buffer is used as supplemental search 

scope working for major-road side urban monitoring sites. Lands with listed features are 

labeled as potential construction sites waiting for further confirmation: Tower cranes and 

scaffoldings for unfinished buildings, earthwork traces with construction engineering 

vehicles, and large areas of unpaved land with demolition traces. It's estimated that the 

December 2021 version of the Xi'an Google Satellite was shot around January-March of 

2021, while the January 2022 version of Xi'an Google Satellite was shot around August 

2021. 

Secondly, those potential construction sites are confirmed on the active and working 

status by comparing Baidu Satellites with Google to acquire the Chinese name and data 
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mining utilizing such open information on the internet as real estate websites, local 

forums, and government websites. 1201C, as shown in Figure 8a, is used as an example 

to help understand this process. Initially, the construction site with tower cranes and 

scaffoldings is identified with Google Satellite. Based on image similarity, the same 

address is then opened on Baidu Satellite. It should be noted the general WGS-84 

doesn’t work for Baidu and Google maps (not satellites) in China due to the existence of 

a unique encryption algorithm with hundred meters biases required by law. After 

acquiring the Chinese name of this potential construction site, search engines will 

present multiple information regarding the stage and status.  

As shown in Figure 8b, on a website operated by the government, people 

complained about the overnight noise disturbance to the local government in September 

2020 and received an official reply regarding that the construction was in the main body 

construction stage with a commitment to improvement. A case also reported in 

December 2021 from the provincial environment protection department, mentioned that 

construction materials had to be transported at night due to a traffic ban. A real estate 

website showed that a residential building was available for sale starting November 

2019. According to local law, the residential building for commodities is permitted for 

sale after the completion of the sixth floor, which is set to prevent real estate developers 

from committing fraud in residential building transactions. Thus, we could conclude that 

this is an active construction site under the main body construction stage with potential 

overnight construction activities during the target period. 
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Following process shown in context, nineteen urban sites are identified with active 

construction sites nearby.  

 

(a) 
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(b) 

 

Figure 8: Identification of construction site: an example around monitoring site 

1201C. Process: (1) Find a potential construction site around 1201C using Google 

Satellite. (2) Access the construction’s name using Baidu Satellite. (3) Conduct data 

mining on the internet. In this case, construction was active during the target period with 

overnight construction activities, leading to many complaints from nearby residents. 

 

3.7. Explore the potential local driver of hotspots 

An analysis of the within-hotspots difference in their clustering results and local 

emission sources was conducted to explain why the representative clusters for hotspots 

are abnormal compared with the general pattern. For each hotspot, the abnormal days 
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rate (the percentage of days clustered into hotspot feature clusters) and emission-related 

features are shown in Table 2 and Table S5. The terms construction station and non-

construction station are used to refer to the monitoring site with/without an active 

construction site nearby (~330m).  

As Table 2 shown, the monitoring sites with largest feature clusters days rate are 

more likely to be a construction station (in red color), indicating that a hotspot identified 

as construction station is more likely to show a diurnal pattern other than general. In 

other words, the hotspots feature clusters are generated by hotspots identified as 

construction station rather than other hotspots. For example, the rank#1 station 1008C, 

shown in S10, is directly located on a large construction site. More satellite-based 

images are shown in S4. 

 

Table 2. The feature clusters’ days rate and emission-related features* for hotspots. 

Construction hotspots (in red color) are the main contributor to the hotspot feature 

clusters, indicating construction activities may lead to the abnormally high concentration 

in the night and early morning of these clusters. 

Hotspots ID 
 

Feature 

clusters’ 

days rate 

(%) ** 

Construction site 

(within 300m) 

Mean hourly traffic 

flow 

 (If roadside) 

1008C 37.78% Y No records 

1060C 35.56% Y 1569 

1208C 31.11% Y 786 

1073C 28.89% Y 544 
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1209C 22.22% Y  

1174C 15.56%   

1193C 13.33% Y  

1175C 13.33% ***  

1170C 13.33%  973 

1177C 8.89% Y 2579 (Top one) **** 

1019C 6.67%   

1058C 6.67%  49 

1168C 2.22%   

* For a detailed version, see Table S1 

**For a single site, abnormal days rate=number of days clustered into 

hotspots feature clusters / 45 days 

*** Only active during April 

**** Among fifty-six sites and their nearest road / road within 100m 

 

 

Among the common PMc local drivers, recall that traffic emissions cannot adequately 

explain the formation of hotspot feature clusters; same as industrial sources based on the 

local environment analysis: no obvious industrial factories exist around those sites, and 

most of the factories also have no reason for an opening during the early morning. Thus, 

consistent with the intuitional results shown in Table 3, the construction site relevant 

activities, including associated unpaved areas found in many sites and related heavy 

vehicles emissions, are considered a very likely candidate for the emission source of 

super high PMc concentration in the night or early morning found in hotspots feature 

clusters. 
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To verify this result intuitively, we plotted the PMc bi-monthly mean diurnal patterns 

for hotspots in Figure 9. Consistent with the time series clustering analysis, it could be 

observed that the mean diurnal patterns for monitoring sites other than hotspots showed 

a general pattern, while hotspots identified as construction stations showed a more 

abnormal one: no obvious morning peak with high concentration during the night. 

Construction station 1177C, a roadside hotspot with an extremely high traffic count 

shown in Table 3, is the only exception among hotspots identified as construction 

stations: it showed a morning peak in Figure 8d and ranked low on abnormal days rate in 

Table 3. As traffic leads to the morning peak based on our analysis structure, this 

exception is qualitatively consistent with our explanation. 



  33 

 

 

Figure 9 (a). The average PMc daily diurnal patterns for non-construction hotspots and 

non-hotspot sites are different from construction hotspots, showing potential impact 

from construction site activities at night and early morning. (b). The average PMc daily 
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diurnal patterns for all single construction hotspots are all of a high concentration 

during the night without an obvious morning peak except 1177C, an extremely high 

traffic site, showing the effect of heavy traffic in the morning. 

3.8.Construction leads to high concentrations during night and early morning: 

verification 

An intuitive observation based on previous analysis targeting hotspots is that high 

PMc concentration of Xi’an city is highly correlated with the construction site activities 

mainly during night and early morning. We verified this phenomenon statistically for all 

the urban sites.  

The probability density function of monitoring sites with a mean concentration higher 

than 10% sites is shown in Figure 10 by dividing hourly data into nighttime (20:00 to 

6:00, early morning time included night peak time for general pattern included) and 

daytime (7:00 to 19:00, morning peak for general pattern included). As shown in Figure 

9, during nighttime, construction stations have a heavier right-tail than non-construction 

stations. This phenomenon is not evident in the daytime, indicating a construction station 

is more likely to show high PMc concentration at night.  

Kurtosis, a common statistical indicator to measure whether the data are heavy-tailed 

or light-tailed relative to a normal distribution, was applied to the distribution of each 

site in daytime and nighttime. We conducted Mann–Whitney U test[60] for kurtosis of 

each site to check whether construction station’s PMc concentration’s distribution are 

significantly different from others. The results prove our observation: it is statistically 

significant (p value=0.002916, CI=99%) that the kurtosis of construction stations is 
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different from non-group during night. We cannot reject the hypothesis that the kurtosis 

of distributions from these two kinds of air quality monitoring sites is equal during the 

daytime (p= 0.4061). Thus, a construction station is more likely to differ from a non-

construction station on PMc concentration during the night than the daytime. 
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(a) 

 

(b) 
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Figure 10: The probability density function for urban sites and their kurtosis during (a) 

nighttime and (b) daytime. The heavier tail (by visual inspection) and the lower kurtosis 

(generally means heavier tail) of construction sites (blue) during the night shows the 

night effect of construction sites. No apparent differences are found between the 

construction sites and other sites during the daytime, indicating construction activities 

impact mainly at night. (Sites with mean concentrations higher than 10% are shown in 

this image) 

 

3.9.What led to construction’s night and early morning impact in Xi’an 

The factors behind construction site’s night impact on PMc are further analyzed here: 

both policies and construction practices could incentive construction contractors to 

implement earthwork overnight and transport construction materials mainly at night, 

leading to distinct peak PMc concentrations from late night to early morning.  

First, regarded as one of the three most common construction activities related to dust 

source, the vehicles used for transporting construction materials and rubbish is often 

operated during the night in many cities, including Xi'an. This is influenced by local 

policy and other factors, including law enforcement density and traffic flow. In Xi'an 

city, those vehicles are only permitted during nighttime (22:00~6:30) from 2011 to 2019 

inside the third ring road. Since 2019, though additional time windows (10:00-16:00) 

have been implemented for those vehicles, based on many reported cases, restrictions 

still exist for those vehicles under many circumstances during the daytime due to . For 
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example, as shown in Section 3.6, in “Damaocheng” construction, people had to 

transport construction materials after 22:00 in 2021.  

Secondly, as police are less likely to carry out law enforcement during late night and 

early morning, heavy vehicles used for construction materials and wastes (i.e., debris) 

transportation might choose to be more non-compliant with environmental regulations 

during this period: they choose to load more construction waste, do less cover, and less 

body washes, resulting in cost savings, increased efficiency and excessive PMc 

pollution.  

Thirdly, overnight operations are also common in construction sites in China. 

Research on China’s fatal accidents in building construction activities concluded 

relatively more machinery-related construction activities are still carried out from 22:00 

to 8:00[61]. This could also be reflected in many media reports and cases (e.g., the 

example in Section 3.4), indicating that the construction site activities could happen 

frequently during the night and early morning.  

Last, construction materials or rubbish accumulations lack of cover are common on 

construction sites. As a potential consequence, even if a specific construction site only 

operates during the daytime, because of lower mixing height during nighttime, it is still 

possible for those sites to generate a high PMc concentration from their accumulations 

of construction rubbish during the night due to the airflow. Furthermore, not allowing 

rubbish (such as debris) to be transported during the day could make the accumulation 

larger and thus increase the pollution at night, either 
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As the above factors show, unlike traffic PMc emissions, construction site activities 

related PMc emission sources are diverse and do not have a fixed time. For example, an 

active construction site may choose different time windows at night to transport 

construction rubbish in a period. This is consistent with the hotspots feature clusters: 

related peaks may occur at different times.  

From this, we can know the nature of the heavy-tail distribution of construction 

stations shown in Section 3.8: the value of high PMc pollution generated by construction 

sites is high. It does not have a dense interval like traffic because of the diversity and 

uncertainty of construction-related pollution sources. This also explains the hotspots 

feature clusters’ difference in peak time reported in Section 3.5: construction sites can 

choose different time windows from 22:00 to 6:30 to implement overnight earthwork 

and materials and rubbish transportation.  

 

3.10  Policy implications 

Construction work, unpaved land, and heavy vehicles to transport construction 

materials and rubbish (i.e., debris) are three primary sources of dust (mainly PMc) 

generated from construction site activities. Several technical measures have been 

proposed and partially required by the government, including building construction 

fencing and safety nets, moisturizing ground, washing vehicles, using chemical dust 

suppressants, and sprinkling water to suppress dust during construction and demolition. 

Though many engineering practices have proved the effectiveness of such measures, just 
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as Xi'an city urban hotspots' high PMc concentration shown, more discussion is still 

needed to control PMc emission further. 

One of the primary emission sources worth further discussion is the construction 

materials and rubbish transportation. Based on previous research, they contribute a lot to 

total urban PMc concentrations. For example, based on an analysis of dust sources in 

cities such as Shenzhen, construction vehicles carrying mud on the road can account for 

40% of the local sources of dust. As our research has shown, this kind of pollution has 

an uneven level distribution during one day under the influence of policy, engineering 

practice, and metrological features. Thus, it's meaningful to discuss the policy options as 

well as their impact on PMc emissions. For example, as we concluded that PMc pollution 

spreads more easily during the daytime, a simple and intuitional policy option to reduce 

PMc concentration level in Xi'an city is only allowing construction transportation 

vehicles operated during the daytime, which has already been applied in some cities. 

However, in policy practice, there is a complex trade-off between safety, construction 

efficiency, noise as well as dust pollution. 

Here we have compiled information on the current or recent time limitation 

policies of heavy vehicles used for construction materials and rubbish transportation 

(Chinese name: 渣土车) in some large cities in China. As Table 3 shows, those policy 

options could be divided into five categories based on the differences in the time limit: 

1), Night only. 2), Traffic peak time excluded (Night and some of the daytime). 3), Late 

night excluded. 4), Daytime only and a mixture of those types in different times or areas.  
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Table 3: The traffic restriction policies for construction-related transportation 

vehicles in China. Daytime or late night excluded type policy, which is less likely to 

cause heavy PMc pollution, is less implemented. 

Type City 

Urban population 

(million) 

(2020) 

Updated 

time**** 

Operating time for urban 

area* 

Night 

ONLY 

Beijing 17.75 2020 23:00-6:00** 

Wuhan 9.95 2017 
20:00 (21:00 for summer)-

5:00 Only 

Nanjing 7.91 2014 22:00 -7:00 

Fuzhou 5.44 2014 
Part: 21:00-7:00 Part: 24h 

ban 

Traffic 

peak time 

excluded 

*** 

Jinan 5.88 2019 9:00-17:00, 21:00-6:00 

Xi'an 9.28 2019 10:00-26:00, 22:00-6:00 

Chengdu 13.34 2020 

Weekdays: 20:00-7:00, 

9:00-17:00 

Weekends: 20:00-17:00 

Late night 

excluded 
Changsha 5.55 2020 

Part A: 19:30-24:00 

Part B: 9:30-16:30, 19:30-

22:00 

Part C: 9:30-22:00 

Daytime 

ONLY 
Hangzhou 8.74 2021 ***** 

Mixture 

Zhengzho

u 
5.34 2019 

Urban-center area: 22:00-

5:00 

Other urban area: 9:00-

20:00 

Luoyang 4.58 2020 

October->March: 9:00-

17:00 

April->September: 20:00-
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7:00 

Other Shenzhen 17.44 2021 24h ban, permit only 

* Generally, it’s the center-urban area which often refer to the area inside the 

third/forth/fifth ring road. 

** Policy also works for other heavy vehicles. 

*** Limitation during daytime may still exist under multiple circumstance. 

**** If no documents, it means year of reporting of latest evidence 

***** No direct documents founded but mentioned in multiple official media 

 

Obviously, behind those different policy options are different considerations and 

local practices of local government. It could be found that the time limit policy for those 

heavy vehicles is not always the same in a single city. Once they change, some 

information about the consideration of local government will be reported. Some 

recorded policy option change and their reported reason are compiled and shown in 

Table 4. 

 

Table 4: The official reason for local government to change construction 

transportation vehicles restriction policy. Trade-offs exists. More daytime windows 

mean less pollution and less noise disturbance, while more nighttime means more safety. 

safety. 

City 
Change 

time 
Pre-change time 

Post-change 

time 

Reason from official report 

/ Background 

Jinan 
2019-

June 
22:00-5:00 

9:00-

17:00,21:00-

6:00 

"Alleviate the problems of 

noise disturbance and air 

pollution" 
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Changsha 
2020-

January 
22:00-4:00 

Ban after 

24:00, details 

seen in Table 4 

"Dust control" 

"Reduce transportation 

noise at night"   

 "Prevent traffic violations 

" 

Xi'an 

2011-

Decemb

er 

No limitation 22:00-6:00 
50 deaths in related traffic 

accidents 

2019-

March 
22:00-6:00 

10:00-16:00, 

22:00-6:00 

"Enterprise work 

efficiency" 

"Dust control" 

Nanjing 

(one of the 

subareas) 

2020-

June 
22:00 -7:00 

Daytime 

included 
"Reduce noise complaints" 

 

One of the typical change types that appeared in recent years is to extend the 

operation time to daytime even to ban those vehicles in a late-night under the 

consideration of dust pollution control, noise control, and construction efficiency, 

represented by Changsha city and Jinan city, which is consistent with our finding in 

Xi’an. Another typical change type that appeared years ago is to limit those vehicles 

during the daytime under the consideration of safety. For example, in Xi’an city, when 

we traced back to 2011, Xi’an city allowed those vehicles from construction sites to 

operate during the whole day. Then in 2011, those vehicles caused 50 deaths in various 

accidents in a single year and triggered a storm of public opinion. Consequently, the 

government published the new policy and banned all such vehicles in the urban-center 

area in the daytime. Engineering efficiency is also used as a reason for changing the 
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policy. In 2019, Xi’an city reopened the time window during the day (though the main 

time window remains at night) and used “improve the enterprise work efficiency” as one 

of the main reasons.  

Undeniably, what is behind these policies are trade-offs of factors, including dust 

control, safety, engineering efficiency, and noise. To our extent, there is no doubt that 

the night-only or traffic peak-time-excluded/night-mainly type of policy will generate a 

tremendous amount of dust and thus increase the PMc concentration level. This might be 

controlled by banning such vehicles late at night and allowing them on the road during 

the daytime. Considering the heavy night PMc pollution in Xi'an city, such measures 

could be reassessed as a policy option. 

 

3. Conclusion 

In this study, a screening tool called network analysis was applied to process PMc 

data derived from distributed air quality monitoring networks in the central urban area of 

Xi'an city and generate insights indicative of local emission sources, especially for 

construction sites. Ranking systems was created to identify the sites with high PMc 

concentrations, and time series clustering was used to find the representative diurnal 

patterns for both hotspots and overall urban site. After comparing the representative 

diurnal patterns of hotspots with the general ones, we found that the site with 

construction nearby is more likely to show a higher PMc concentration during the night 

and early morning, while the morning peak is caused by traffic is not apparent. This 

phenomenon was verified by a distribution plot, and multiple construction site-related 
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factors, including the policy and engineering practice, are considered as the explanation. 

Specifically, as one of the main emission sources, construction-related traffic produced 

by heavy vehicles transporting is often influenced by local policy. Thus, we discussed 

the available policy options and their trade-off and encouraged the policymakers to re-

assess the construction-related traffic policy based on the trade-off. 

Multiple limitations exist for this work. Three primary sources, including 

construction work, unpaved land, and heavy vehicles to transport construction materials 

and rubbish, were not taken apart in the local emission-related factors analysis due to 

difficulty in data collection, thus undermining the significance of policy discussions on 

traffic. We cannot totally exclude the impact of regional differences due to the relatively 

medium-scale (20 miles), though all selected monitoring sites are in the center of Xi'an 

and shows a similar trend in intra-ranking analysis.   
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Supporting Information 

S1. Data statistics and processing 

Table S1-S4 shows that the PMc/PM10 ratio is higher in April-May 2020 than in 

December 2019 and July 2019. The statistical data for April-May 2020 are shown in 

Table S5. Since PMc is generated by PM10-PM2.5, there are less than 5% negative values 

for PMc, which is normal due to measurement error. In time series clustering, extremely 

low value (lower than 0.05%) was removed, and extreme high value (higher than 

99.95%, 300 μg/m3) was converted to 300 μg/m3. A negative value higher than -30 was 

converted to 0. 

Table S1 

Apr-20 PM2.5 PM10 PMc PMc/PM10 

count 37711.00 37711.00 37711.00 37711.00 

mean 39.55 85.28 45.73 0.46 

std 21.37 45.10 38.14 0.37 

min 1.00 1.00 -545.00 -14.57 

5% 15.00 28.00 -5.00 -0.14 

25% 25.00 52.00 21.00 0.39 

50% 36.00 78.00 42.00 0.55 

75% 50.00 111.00 65.00 0.65 

95% 74.00 167.00 111.00 0.77 

max 632.00 891.00 874.00 0.98 
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Table S2 

May-20 PM2.5 PM10 PMc PMc/PM10 

count 40347.00 40347.00 40347.00 40347.00 

mean 32.53 78.60 46.08 0.53 

std 19.10 47.58 36.63 0.37 

min 1.00 1.00 -250.00 -28.00 

5% 10.00 23.00 4.00 0.14 

25% 19.00 47.00 24.00 0.47 

50% 29.00 69.00 39.00 0.59 

75% 41.00 97.00 60.00 0.67 

95% 68.00 173.00 117.00 0.79 

max 304.00 737.00 705.00 0.99 

Table S3 

Jul-19 PM2.5 PM10 PMc PMc/PM10 

count 36949.00 36949.00 36949.00 36949.00 

mean 24.89 42.12 17.24 0.33 

std 14.71 23.33 20.36 0.55 

min 1.00 1.00 -331.00 -46.00 

5% 8.00 14.00 -6.00 -0.27 

25% 16.00 27.00 7.00 0.27 

50% 23.00 38.00 15.00 0.43 

75% 31.00 53.00 26.00 0.55 

95% 47.00 83.00 47.00 0.70 

max 374.00 874.00 853.00 0.99 

Table S4 

Dec-19 PM2.5 PM10 PMc PMc/PM10 

count 39502.00 39502.00 39502.00 39502.00 
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mean 72.14 126.44 54.30 0.45 

std 46.97 64.46 30.83 0.18 

min 1.00 4.00 -102.00 -12.75 

5% 17.00 42.00 15.00 0.18 

25% 36.00 76.00 33.00 0.35 

50% 60.00 116.00 49.00 0.46 

75% 97.00 165.00 71.00 0.56 

95% 168.00 250.00 110.00 0.69 

max 301.00 772.00 734.00 0.98 

Table S5 

Original 

 (April and May 2020) 
PMc After preprocessing PMc 

count 75581 count 75267 

mean 45.753165 mean 46.600462 

std 37.701932 std 35.344297 

min -545 min 0 

0.10% -80.84 0.10% 0 

0.50% -26 0.50% 0 

1% -18 1% 0 

2% -11 2% 0 

3% -6 3% 0 

4% -2 4% 0 

4.50% -1 4.50% 0 

5% 0 5% 1 

20% 18 20% 19 

40% 33 40% 33 

50% 40 50% 40 

60% 48 60% 48 

80% 69 80% 69 
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99.50% 187 99.50% 187 

99.95% 301.21 99.95% 300 

max 874 max 300 

S2. Traffic flow count dataset 

77149 Xi’an’s Road sections’ hourly traffic flow data were collected in weekdays and 

weekends, respectively. Table S6 shows the length and average volume for traffic 

data. Other information include longitude, latitude and road level. The road sections 

with traffic flow records are shown in Figure S1. 

Table S6 

 Length (m) AveVolume 

count 77149 77149 

mean 155.953117 559.132652 

std 207.902063 504.900141 

min 0.011714 0 

5% 8.455662 121 

25% 24.48773 228 

50% 83.146839 375 

75% 197.497815 699 

95% 576.290309 1667 

max 3248.538202 4142 
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Figure S1. Roads with traffic flow data 
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S3. Time series clustering results 

 

Figure S2. Elbow method results 
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Figure S3. Clustering results: diurnal patterns 
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Figure S4. Clustering results: Spatial-temporal distribution 
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Figure S5. The sizes of clusters 

S4. General diurnal pattern identification 

Here we analyzed the relatively large clusters with a size range from 50 to 100 and 

mean diurnal patterns to prove that diurnal patterns with morning and evening peaks are 

the general pattern.  

As shown in Figures S5, S6, and S7, 35.8% of diurnal patterns (count=728) were 

clustered into relatively large clusters. Unlike the six largest clusters, it could be found 

that most of them, including clusters 4, 6, 14, 19, 26, 27, and 28, happened mainly in a 

single day or two days, indicating the potential unrecorded regional events’ impact. For 

the clusters with a relatively scattered distribution, including cluster 7 and cluster 29, 

their shapes of the mean diurnal pattern are close to the general diurnal pattern we 

identified. 
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Figure S6 

 

Figure S7 

The mean diurnal pattern for all urban sites in selected period (2020/04-2020/05) is 

shown in Figure S8. Each grey line represents a single site’s mean diurnal pattern while 

the red line represents the overall. Most of the sites and the overall showed a diurnal 

pattern with morning peaks and evening peaks, which is consistent with our analysis of 

general patterns. 
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Figure S8 
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Figure S9 

Table S7 

Cluster Monday Tuesday Wedenesday Thursday Friday Saturday Sunday Sum Notes 

1 8% 16% 28% 14% 12% 16% 7% 100 % 

General patterns 13 11% 20% 20% 16% 17% 9% 7% 100% 

25 15% 11% 26% 17% 11% 8% 13% 100% 

8 18% 16% 13% 16% 2% 25% 11% 100% 
General patterns 

(higher night peak) 

9 15% 11% 11% 8% 24% 14% 17% 100% Unresolved 

2 3% 17% 14% 13% 11% 17% 25% 100% 

General patterns 

(delayed night peak 

at 1:00) 

 

S5. Emission-related features 

 

Table S8. The emission-related features of hotspots 

Code Traffic Construction 
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Roadsid

e 

Road 

type 

Traffic 

Flow 

Counts 

Hourly 

Averag

e 

Constructio

n site 

(~300m) 

Type Stage 
Unpaved 

area 

1008C Y 
Minor 

roads 
N/A Y 

A, Metro 

station 

complex 
Foundation 

construction/Main 

body construction 

Y 

B, 

Olympics 

Axis Park 

1060C Y 
Urban 

highway 
1569 Y 

Residential 

building 

Main body 

construction 
Y 

1168C  
Minor 

roads 
206     

1177C Y 
Urban 

highway 
2579 Y Unknown 

Main body 

construction 
Y 

1019C        

1208C Y 
Urban 

highway 
786 Y 

A, 

Residential 

building 

Main body 

construction 
 

B, Public 

building 
Earth excavation Y 

1058C Y 
Minor 

roads 
49     

1174C        

1193C    Y 
Residential 

building 

Foundation 

construction/Main 

body construction 

 

1170C Y 

Provincia

l 

highway 

973 Y (~600m) 
Xi'an Train 

Station 

Earth 

excavation/Main 

body construction 

Y 
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1073C Y 
Minor 

roads 
544 Y 

Metro 

station 

Earth 

excavation/Foundati

on 

construction/Earthw

ork backfill 

Y 

1175C    

Y 

(Not active 

in May) 

Residential 

building 

Main body 

construction 
 

Residential 

building 
Earth excavation Y 

1209C    Y 

Metro 

constructio

n 

Main body 

construction 
 

Residential 

building 
Earth excavation Y 

 

S6. Examples of hotspots with construction 

Figure S10 
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Figure S11

Figure S12
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Figure S13 

 

 

 

 


