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during 21:00 to 22:00 local time was applied uniformly throughout all urban areas, which 

stopped once the soil water content reaches the field capacity, following the guideline of typical 

practice of municipal irrigation (Gober et al., 2010). The output of WRF simulation was 

calculated at a timestep of 30 second, including surface level temperatures, air pressure, 

humidity, incoming solar radiation, soil moisture, etc. These variables were then aggregated at an 

hourly interval for model outputs.  

 

Figure 1. (a) Urban fraction over CONUS and GHCN ground stations used in this study for 

temperature validation; (b) comparison between WRF simulated daily mean 2-meter temperature 

(T2) and daily mean air temperature from GHCN stations (Tobs.). Dashed red line represents the 

linear regression of scattered data points (n = 51728). 

 

The results of the changes, i.e. the difference between the irrigated and baseline scenarios, 

of the magnitude of the 2-m temperature dT2, and that of the surface CO2 fluxes, viz. dGPP, dR, 

and dNEE are mapped into each urban gridcell in CONUS, as shown in Figure 2. Urban 

irrigation improves the thermal environment with a ubiquitous reduction of the near-surface 

temperature in all urban areas (Fig. 2a). The cooling effect varies spatially with, in general, the 
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most significant impact on densely populated urban clusters, e.g. metropolitans in the Northeast 

corridor, the Great Lake area, Florida, Texas, California, and Arizona.  

 

Figure 2. Change of temperature and carbon fluxes due to urban irrigation in (a) 2-m 

temperature dT2, (b) net ecosystem exchange dNEE, (c) gross primary production dGPP, and (d) 

soil respiration dR. The color bars are designed such that the cool (blue) spectrum shows 

desirable results with urban irrigation (reduced temperature and carbon emissions), whereas the 

warm (red) spectrum shows adverse effect.  

 

The impact of urban irrigation on individual carbon exchange processes is more complex 

and intriguing. The response of carbon exchange to irrigation in CONUS urban areas, on the 

other hand, exhibits two rather distinct regions, roughly representing the east and west halves of 
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CONUS, where the opposite effect can be found in irrigation-induced carbon emissions. For 

example, in the regions east to Great Lakes and Ohio Valley, there is a significant reduction of 

soil respiration dR (blue areas in Fig. 2d), indicating the effect is favorable as carbon mitigation, 

whereas the change is generally unfavorable in the west with vast areas of arid/semiarid regions. 

Or in other words, urban irrigation induces a net environmental co-benefit of heat-carbon (in 

terms of R) mitigation in east CONUS, but a clear trade-off between cooling and enhanced soil 

respiration in the west, both were mechanistically investigated and reported in our previous study 

(Li and Wang, 2021a). In particular, the urban irrigation-induced increase in soil respiration in 

the west is consistent with the finding in a lately reported site measurement using a mobile eddy-

covariance tower located in the Phoenix metropolitan areas (Kindler et al. 2022).  

The impact of urban irrigation on GPP shows an opposite spatial distribution over CONUS, 

as compared to that on R, i.e. it is generally unfavorable (decrease in GPP) in the east CONUS 

(demarked by red urban pixels), but favorable in the west (Fig. 2c). This implies that urban 

irrigation, while enhancing soil respiration (e.g. in the west), also promotes carbon assimilation 

by plants via photosynthesis. The magnitude of dGPP, however, is often smaller than that of dR, 

presumably because the effect of irrigation on the microbial process in soil (via soil respiration) 

is more direct and stronger than that in the atmosphere (via photosynthesis). This difference 

leads to the overall impact of irrigation on NEE is dominated by the change of respiration (Fig. 

2b), as revealed by the striking similarity in their patterns of spatial distribution (c.f. Fig. 2d).  

 

3.2. CCM causality in comparison with statistical correlation  

After obtaining the dataset of WRF model outcome on urban temperature and carbon 

fluxes, we then proceed to quantify their strength of coupling, a strong indicator to potential 
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heat-carbon feedback mechanism. We first tested the proposed causality algorithm, viz. the CCM 

method, in comparison to the prevailing linear statistical correlation. To do this, we used the 

WRF-predicted time series of T2, GPP, NEE and R in a selected urban area of CONUS, viz. 

Phoenix city, shown in Fig. 3a, and detrended the diurnal cycles to yield the corresponding 

anomalies (Fig. 3b). The results of linear correlation and CCM causality matrices are shown in 

Fig. 3c and Fig. 3d, respectively. In these matrices, we removed the self-correlation or causality, 

represented by the diagonal entities in Figs. 3c&d, and concentrated the off-diagonal terms.  

It is noteworthy that the correlation matrix is symmetrical, but the directional causality 

matrix is asymmetrical, by definition, as the causal influence e.g. by near-surface temperature T2 

on soil respiration R is not necessarily the same as R on T2, while the statistical correlation 

between the two time series always remains the same without directionality.  Moreover, we 

found that the CCM method is capable of capturing the strong causal influence of T2 on all the 

carbon fluxes (the first row in Fig. 3d), whereas their statistical correlations are rather mild or 

even weak (the first row in Fig. 3c). On the other hand, T2 is weakly susceptible to all surface 

carbon fluxes either statistically or causally (c.f. the first columns in Fig. 3c and Fig 3d), even 

more so in terms of causality. This finding shed the first new light on the true heat-carbon 

coupling (and feedback) in that the causal relationship is capable of not only discovering the 

spurious correlation, but also manifesting the mechanistically significant (true) interactions.  

In addition, among the three carbon fluxes, NEE is causally linked to both R and GPP (as 

per definition, NEE is the sum of the two), but the causality is strong between NEE and R, which 

is consistent with the results and interpretation of the WRF outcome in Fig. 2. There is no causal 

relationship between GPP and R, as they are governed by independent physical processes, while 

there exists some weak to moderate degree of statistical correlation, which is likely due to their 
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response to common forcing in the nonlinear urban climate system, and can be regarded as 

spurious in the light of CCM results.  

 

Figure 3. WRF-generated data (a) hourly time series of T2, GPP, NEE, and R in the summer of 

2013 and (b) anomalies after detrending, for the quantification and comparisons of heat-carbon 

coupling strength using (c) the statistical correlation coefficient, and (d) the CCM method.  

 

3.3. The impact of urban irrigation on heat-carbon feedback 

We then extended the CCM analysis to all urban areas in CONUS, using the four key 

outputs by WRF. We first focused on the local impact of urban irrigation on the heat-carbon 

coupling, viz. the change of causality strength due to irrigation measured by the difference 

between the irrigated and the baseline scenarios ,irrigated ,no-irrigationY Y YX M X M X Mρ ρ ρ∆ = − , with 
YX Mρ  

defined in Eq. (3). By local, we mean the difference is taken at same urban area, e.g. Phoenix 
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city, without considering the potential causal influence among temperature and carbon fluxes to 

or from another urban pixel, be it adjacent or distant. The results of all 
YX Mρ∆ , with the generic 

variables X and Y representing T2, R, GPP, and NEE alternatively, are shown in Fig. 4 mapped 

onto all urban areas in CONUS. The color bars represent the difference in the magnitude of 

YX Mρ∆ , instead of fractional changes. The reason of avoiding the use of fractional changes is 

that fractional changes can give rise to a false significance in the change when the coupling is 

weak, e.g. an increase of
YX Mρ from 0.01 to 0.02 stands for 100% of change, yet both are 

insignificant in terms of coupling strength.  

The results show that the most significant local impact of urban irrigation occurs in the 

west CONUS between T2 and R (the first row of Fig. 4), where the coupling of temperature and 

soil respiration is significantly strengthened, especially in metropolitan areas in the states of 

Texas, California, and Washington. It is not a coincidence that this change is in good agreement 

with the WRF simulation results in the areas where urban irrigation enhances soil respiration, i.e. 

the trade-off regions for heat-carbon mitigations. In contrast, in the east CONUS that marks the 

co-benefit of heat-carbon mitigation, viz. both temperature and soil respiration are reduced by 

urban irrigation, the strength of T2-R coupling remains largely the same or weakly decreases. The 

impact of urban irrigation on T2-R coupling is bi-directional, as revealed by the similarity of 

spatial distribution in Fig. 4a and Fig. 4b.  

The impact of urban irrigation on T2-GPP coupling (Fig. 4c and 4d) is much less significant 

as compared to that on the T2-R counterpart. We can only trace a mildly enhanced coupling trend 

along the coastal cities in the south (Florida, Texas, and South California), whereas the T2-GPP 

coupling in most of the inland urban areas remains largely indifferent to irrigation. The resultant 

T2-NEE coupling, resultant in the sense that NEE is determined as the sum of R and GPP, 
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exhibits mixed and complex patterns in its response to urban irrigation (Fig. 4e and 4f), due to 

the complex and highly nonlinear pathway governing the interactions between urban ambient 

temperature and the net ecosystem exchange (Yuan et al., 2011). 

 

 

Figure 4. The results of local difference of causality strength on heat-carbon coupling between 

the irrigated and baseline scenarios, for (a) 
2 RT Mρ∆ , (c) 

2 GPPT Mρ∆ , (e) 
2 NEET Mρ∆ from temperature 

to carbon fluxes, and (b) 
R 2M Tρ∆ , (d) 

GPP 2M Tρ∆ , (f) 
NEE 2M Tρ∆ from carbon fluxes to temperature, 

respectively.  
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Lastly, we proceeded to look into the non-local impact of urban irrigation on heat-carbon 

interactions. In this case, the changes of causality strength in a given city, giving rise to or 

resulted from all other urban areas (except itself, which is considered as the local impact as 

discussed above), need to be considered. To quantify the outgoing (causal influence) and 

incoming (causal susceptibility) influence at the locality, we therefore use the average causal 

effect (ACE) and the average causal susceptibility (ACS) at a given city with an index i, defined 

by (Runge et al., 2015) 

 
,|

1ACE
1 i Y ji X M

j in
ρ

≠

=
− ∑ ,    (4) 

 
,|

1ACS
1 j Y ii X M

j in
ρ

≠

=
− ∑ ,    (5) 

where n is the total number of CONUS cities. Mathematically, ACE and ACS represent the 

averages over columns and rows of the n × n causality matrix, respectively, over the spatially 

mapping of all CONUS cities.  

The results of irrigation-induced non-local changes in ACE are shown in Fig. 5. The results 

of ACS exhibit similar patterns reciprocal to its counterpart of ACE and are therefore not shown. 

The first thing to be noticed is that the non-local impact of urban irrigation is almost negligible 

everywhere over the entire CONUS, except that the ACE from R to T2 (Fig. 5b). The non-local 

ACE change from R to T2 can be interpreted as the causal effect (influence) exerted by the local 

change of soil respiration on non-local ambient temperatures averaged over all other CONUS 

cities via the application of urban irrigation. The results of ACS (not shown here) reveal, on the 

other hand, a manifest reciprocal causal susceptibility of local urban temperature to the change 

of respiration induced by irrigation aggregated over other cities. The impact is far-reaching as 
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compared to the local effect (in Fig. 4), as it implies there exists potentially long-range impact 

(viz. the teleconnection) of urban irrigation in influencing the built environment at long distance 

(de Vrese et al., 2016). In our case, the teleconnection is discerned in the interaction between T2 

and R, with urban irrigation has the potential to enhance the heat-carbon (in this case, R) 

coupling in most of the west CONUS cities, but weaken the causal feedback in south California 

cities.  

 

Figure 5. The results of non-local impact of urban irrigation on ACE of heat-carbon coupling 

between the irrigated and baseline scenarios, for (a) T2 to R, (c) T2 to GPP, (e) T2 to NEE, and (b) 

R to T2, (d) GPP to T2, (f) NEE to T2, respectively.  
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4.  Concluding Remarks  

In this study, we quantified the impact of urban irrigation on the strength of coupling 

between ambient temperature and surface exchange of CO2 fluxes via, soil respiration, carbon 

assimilation by vegetation, and the resultant net ecosystem exchange. We find that the 

application of urban irrigation in CONUS cities causes a ubiquitous cooling effect, but its impact 

on carbon fluxes via complex interplay of heat-carbon dynamics is far more complicated and 

intriguing. In general, the net effect is an environmental co-benefit of both heat and carbon 

mitigation in the east half of CONUS, but a manifest trade-off in the west via enhanced soil 

respiration (abiotic carbon emission). The local impact of urban irrigation on heat-carbon 

coupling, with soil respiration as the dominant carbon exchange process in urban areas, follows a 

similar spatial distribution, viz. a strengthening of coupling strength and potential feedback 

mechanisms in the west, weakening in the east. The non-local effect only exists between the 

causal influence exerted on ambient temperature by soil respiration in the west U.S., signaling a 

far-reaching impact of potential teleconnection of urban irrigation.  

It is caveated that the measure of heat-carbon feedback mechanisms we adopted in this 

study, viz. the causality strength quantified by the CCM method, is by no means unique. Rather, 

the proposed method should be viewed as experimental in nature. There are other valid, or even 

better, methods to unravel the complex interplay of heat and carbon dynamics in urban areas, 

such as Granger or Bayesian causal inference. Yet, in the light of this pioneering work, the CCM 

method is a good candidate for such a task, especially given that urban surface processes 

constitute a highly nonlinear dynamic system with all the environmental variables (e.g. 

temperature, soil moisture, humidity, and scalar transport) subtly and intrinsically connected. 

While we focused on four key variables in this study, the coupling among different variables 
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may exhibit very different or more complex (c.f. temperature and NEE) behavior, locally and 

non-locally. Their distinctive patterns of interactions will have important and far-reaching 

implications for relevant stakeholders, e.g. urban planners, practitioners, environmental 

managers, and policymakers, to seek sustainable solutions to mitigate the adverse environmental 

impact and promoting overall liveability of urban areas, especially mega-cities, among which 

urban irrigation is but one singular, though undoubtedly very important, strategy. For example, 

given the potential long-range impact of irrigation on the heat and carbon dynamics of some 

remote urban areas, stakeholders from different cities/regions should cooperate more closely to 

optimize urban mitigation/adaptation strategies via better coordinated and synergistic means.  
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