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Abstract  

The power density of AI workloads is rapidly driving shifts to liquid cooling.  This study 

rethinks and assesses the global impact on energy and water demand of this cooling 

transformation. Results suggest that liquid cooling can reduce cooling energy use by 25-56% 

relative to air cooling, offering substantial energy savings for GW-scale AI data centers. Best-

practice PUE values could be as low as 1.07-1.08 for today’s systems and 1.03-1.04 for 

emerging designs and WUE values from 0.38 to 2.63 L kWh⁻¹, depending on temperature 

conditions. We identify global free-cooling rack inlet temperature thresholds of 33 °C for 

evaporative systems and 49 °C for dry systems, demonstrating the practicality of 100% free 

cooling in many locations. The model finds that minimum PUEs do not necessarily coincide 

with minimum total energy use. Results quantify the large sustainability potential of liquid 

cooling and provide actionable targets for data center design and policies. 
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INTRODUCTION 

The world is currently experiencing an unprecedented technological revolution, commonly 

referred to as the AI boom 1, that is reshaping industries and infrastructure on a global scale. In 

2023, the release of ChatGPT marked a pivotal milestone in artificial intelligence (AI) 

development, catalyzing the emergence of increasingly sophisticated large language models 

such as DeepSeek and Gemini. Serving as the backbone of high-performance computing, data 

centers have played a pivotal role in driving these advances and are expanding rapidly 

worldwide 1. According to a recent IEA report, data centers have been a major driver of global 

electricity demand growth in recent years 2. China and the United States are the most significant 

regions for data centre electricity consumption growth, accounting for nearly 80% of the 

estimated global growth to 2030 1. The dramatic increase in the energy demands of AI data 

centers worldwide leads to high-density heat generation, making cooling technologies one of 

the most pressing challenges of AI data centers. 

Cooling technologies in data centers have evolved considerably over the past few decades 3. 

Early internet-era facilities relied on adaptations of conventional air conditioning systems, 

leading to the development of computer room air conditioners tailored for server environments 
4. With the expansion of internet infrastructure and the rise of social media and smartphones, 

cooling strategies began focusing on airflow management to improve efficiency, especially 

with the widespread adoption of aisle containment systems 5. In recent years, advances in AI-

assisted temperature control have further refined airflow management 6. Additionally, efforts 

to raise ambient temperature thresholds within server rooms have enabled the wider use of free 

cooling, a technique that leverages cool external air to reduce mechanical cooling loads. 

However, despite these improvements, air cooling of racks is struggling to cope with the ever-

growing heat flux from high-performance computing chips. Rack density of next-generation 

AI data centers is estimated to reach up to 130 kW/rack 7, representing a nearly 19-fold increase 

over 2021 levels 8. In the longer term, projections of AI rack power densities of 500-600 

kW/rack are increasingly common  9,10.  

Ever-growing heat dissipation densities of new generation chips, such as GPUs, are now 

pushing liquid cooling toward mainstream deployment, especially in high-end AI training 

clusters 11. Liquid cooling offers superior thermal performance through much higher heat 

capacities compared to air by bringing the coolant closer to the heat sources. Among existing 

approaches, cold-plate cooling has proven its reliability and engineering maturity through 

extensive deployment. At the research frontier, a recent study demonstrates that a microfluidic 
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cooling strategy can dissipate heat fluxes up to 3,000 W/cm2 at a pumping power of only 0.9 

W/cm2 using single-phase water as the coolant 12. In parallel, a 3D-printed hierarchical 

micro/nano-structured surface has achieved a record-high spray cooling performance, reaching 

a heat transfer coefficient of 443.7 kW/(m²·K) over a 1 cm² heating area 13. Beyond laboratory-

scale demonstrations, state-of-the-art industrial technologies have also adopted microchannel 

cooling in their new generation products. Notably, NVIDIA’s Vera Rubin chip employs a 

microchannel-based cooling architecture that enables effective thermal management using 

warm water at rack inlet temperatures up to 45 °C 14. Commercial cooling solutions like Frore 

Systems’ LiquidJet Nexus claim to support next-generation AI accelerators (e.g., NVIDIA 

Blackwell) while reportedly maintaining operation with 53°C inlet coolant temperatures 15. 

Another critical challenge associated with data center cooling is onsite water consumption. 

While the offsite water consumption associated with electricity generation, often referred to as 

“indirect” water, is also a critical challenge 16,17, it is beyond the scope of the current paper.  

Onsite water sourcing has become a pressing issue that many organizations operating data 

centers must confront directly 18. To achieve higher cooling efficiency, many data centers have 

historically adopted evaporative cooling, such as cooling towers, 3, where water is evaporated 

into the atmosphere to dissipate heat, or adiabatic systems, where water evaporation is used to 

cool incoming air streams. These technologies improve cooling system energy efficiency, but 

they can lead to significant water loss and growing environmental concerns. While the onsite 

water use of data centers may seem small at global levels or compared to water-intensive 

sectors like agriculture, it can be significant at local scales in water-stressed regions 19. Notably, 

nearly 75% of the global population now lives in water-insecure or critically water-insecure 

nations 20. Data centers can consume large volumes of water directly for cooling, in some cases, 

the majority of which is sourced from potable water 21. A recent U.S. report indicated that the 

rapid expansion of data centers might deplete the finite water supplies available to residents of 

Phoenix and Tucson, as Arizona’s water resources are drying up 22. Google's data centers in 

The Dalles consumed 355 million gallons of water in 2021, representing 29% of the city's total 

water consumption, which has raised concerns about local water stress 23. Microsoft's global 

onsite water use soared by 34% while it was developing its initial AI tools, and a data center 

cluster in Iowa used 6% of the district's water supply in one month during the training of 

OpenAI's GPT-4 24.  

The ongoing evolution of data center cooling, driven by the AI revolution, is poised to reshape 

the energy and water demands of the global digital infrastructure. This study provides a novel 
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global evaluation of the energy and onsite water impacts, as well as the associated trade-offs, 

of the AI-driven transformation of data center cooling systems. Using typical meteorological 

year data across 57 representative global cities covering 19 climate zones 25 (see Table S1) and 

alignment with major global data center hubs, we simulate the operation of state-of-the-art 

liquid cooling systems and compare them with conventional air-cooled configurations. Our 

results show that liquid cooling could reduce cooling energy consumption by 25–56% relative 

to air cooling under typical rack inlet temperature conditions. Under best-practice conditions, 

total Power Usage Effectiveness (PUE) values can achieve as low as 1.07-1.08 for today’s 

liquid cooling systems and 1.03-1.04 for emerging high-performance liquid cooling designs if 

coupled with 99% efficient UPS and 99.5% power distribution systems 16. We also identify 

globally applicable rack inlet water temperature thresholds that enable nearly 100% free 

cooling, where either cooling towers or dry coolers handle the cooling load without the need 

for mechanical chillers, across all climate zones. Moreover, we found that the temperatures 

corresponding to the minimum total system energy consumption and the minimum PUE do not 

necessarily coincide, and that the temperatures minimizing total system energy consumption 

are climate-dependent. By accounting for the impact of elevated inlet water temperatures on 

GPU server power consumption, we further identified the specific temperature that minimizes 

total system energy consumption in each climate zone. Additionally, the study discusses the 

energy performance and onsite water-use trade-offs between evaporative-cooled and dry-

cooled liquid cooling systems (see schematics in Figure S1). We further evaluate the robustness 

of these findings across climates and operating conditions. These findings can be used to inform 

design and operational decisions for future AI data centers and to support long-term planning 

and policy analysis by quantifying climate-dependent energy and water trade-offs of advanced 

liquid cooling technologies. 

RESULTS 

Energy Performance and Free Cooling Potential of Liquid Cooling Systems 

The energy performance of liquid cooling systems is strongly influenced by the rack inlet water 

temperature and local climatic conditions. These factors determine the availability of free 

cooling hours, which is defined as the periods when outdoor ambient air can be used directly 

for cooling without mechanical refrigeration (i.e., chiller operation). The ideal scenario is to 

achieve 100% free cooling throughout the year. According to ASHRAE standards 26 and 

manufacturer specifications 27, the typical inlet water temperature for server liquid cooling 
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systems ranges from 20°C to 45°C. However, engineering applications have demonstrated the 

feasibility of operating at temperatures as high as 50°C 28,29. Therefore, a comparative 

investigation is conducted to evaluate the energy performance of commonly used cold-plate 

liquid cooling systems across an extended temperature range (20°C to 50°C), considering both 

commonly used dry-cooled and evaporative-cooled systems for building-level heat rejection 

(see Figure S1). Using weather data 30 from 57 representative cities across 19 global climate 

zones 25, the free cooling potential of both systems is evaluated for inlet water temperatures 

between 20 °C and 50 °C.  

Figure 1 illustrates the free cooling potential and the Cooling Power Usage Effectiveness 

(CPUE), a partial PUE metric 31 used to isolate the cooling system's contribution to the overall 

PUE, for both dry-cooled and evaporative-cooled systems across various climate zones and 

rack inlet water temperatures. Figures 1a and 1b present heatmaps of the annual free cooling 

ratio, which is defined as the number of hours per year during which free cooling is available 

divided by 8760 hours (i.e., excluding leap years). The dividing curves plotted on these 

heatmaps represent the 99.5% free cooling threshold; regions to the right of these boundaries 

indicate climatic and temperature conditions where year-round more than 99.5% free cooling 

is achievable. One comparative observation is that evaporative-cooled systems attain more than 

99.5% annual free cooling at significantly lower inlet water temperatures compared to dry-

cooled systems. Specifically, evaporative-cooled liquid cooling systems achieve over 99.5% 

annual free cooling across all climate zones at a rack inlet water temperature of 33 °C. In 

contrast, dry-cooled liquid cooling systems enable a much higher rack inlet temperature, 49 °C, 

to attain the same level of year-round free cooling across all climate zones. 

The heatmaps in Figures 1c and 1d present the CPUE for both cooling configurations. The 

dividing curves in these heatmaps correspond to the 99.5% free-cooling thresholds. In regions 

to the left of these dividing curves, the CPUE decreases as the rack inlet water temperature 

rises across all climatic conditions, indicating a reduction in cooling energy consumption. In 

contrast, in regions to the right of the dividing curves, the CPUE remains nearly constant with 

rising rack inlet water temperatures, indicating negligible additional cooling energy savings. 

This is due to the fact that crossing the threshold does not yield additional free cooling hours. 

Based on these results, an inlet water temperature of 33 °C is identified as the global free-

cooling temperature (defined as the minimum inlet temperature enabling year-round free-

cooling operation across all climate zones) for evaporative-cooled liquid cooling systems, 

whereas a higher threshold of 49 °C is required for dry-cooled systems.  
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While a threshold of 49 °C for dry-cooled systems would enable 100% of the world to use free 

cooling for 99.5% of the time, a threshold of 45 °C would still enable 77.2% of the world to 

use free cooling for 99.5% of the time (Figure 2h), and 100% of the world to use free cooling 

for 90% of the time.  A threshold of 40 °C would enable 71.0% of the world to use free cooling 

for 99.5% of the time, and 100% of the world to use free cooling for 87.7% of the time. A 

threshold of 35 °C would enable 35.5% of the world to use free cooling for 99.5% of the time, 

and 70.3% of the world to use free cooling for 90% of the time. Figure 2g shows the global 

land area fraction achieving different free cooling ratios of evaporative-cooled liquid cooling 

systems. Figures 2a-2c present a comprehensive global mapping of the annual free cooling 

ratio for evaporative-cooled liquid cooling systems at rack inlet water temperatures of 25 °C, 

30 °C and 35 °C, respectively. Figures 2d-2i present a comprehensive global mapping of the 

annual free cooling ratio for dry-cooled liquid cooling systems at rack inlet water temperatures 

of 25 °C, 30 °C, 35 °C, 40 °C, 45 °C and 50 °C, respectively. 

 

Fig. 1. Heatmaps of annual free cooling ratio and CPUE of dry-cooled and evaporative-cooled 

liquid cooling systems under different rack inlet water temperatures. a, Annual free cooling 

ratio (evaporative-cooled), b, Annual free cooling ratio (dry-cooled), c, CPUE (evaporative-

cooled). d, CPUE (dry-cooled).  
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Fig. 2. Global map of free cooling potential of liquid cooling systems under different rack inlet 

water temperatures. a,b,c, Global maps of the annual free cooling ratio of evaporative-cooled 

liquid cooling systems at rack inlet water temperatures of 25 °C, 30 °C and 35 °C, respectively. 

d-i, Global maps of the annual free cooling ratio of dry-cooled liquid cooling systems at rack 

inlet water temperatures of 25 °C, 30 °C, 35 °C, 40 °C, 45 °C and 50 °C, respectively. j,k, 

Global land area fraction achieving different free cooling ratios of evaporative-cooled liquid 

cooling systems (j), dry-cooled liquid cooling systems (k). 

Liquid Cooling vs. Air Cooling: Energy Efficiency Improvement 

The advent of AI data centers is accelerating a paradigm shift from traditional air cooling to 

highly efficient liquid cooling systems for AI racks. To quantify the potential energy savings 

of the shift to liquid cooling, we compare evaporative and dry-cooled liquid cooling systems 

with the air-cooled systems commonly adopted in practice  (water-cooled chiller system with 

waterside economizer 32). Compared with the most recent assessment of these technologies in 

the United States 16, our analysis offers a finer-grained assessment of CPUE across inlet 

air/water temperatures and climate zones, and further quantifies the performance gap between 

air-cooled and liquid-cooled systems under both typical setpoints and global free cooling 

temperatures (100% free-cooling conditions).  

Figures 3a-3b illustrate the global maps of CPUE for air-cooled data centers at a typical rack 
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air supply temperature of 25 °C 33 and the global free cooling rack air supply temperature of 

41 °C as established in earlier work 32. Figures 3c-3d present the global maps of CPUE for 

evaporative-cooled liquid cooling systems at a typical inlet water temperature of 30°C and the 

global free cooling rack inlet temperature of 33 °C as established in the previous section. 

Figures 3e-3f present the global maps of CPUE for dry-cooled liquid cooling systems at a 

typical inlet water temperature of 30 °C and the global free cooling rack inlet temperature of 

49 °C as established in the previous section. Across all regions, both liquid cooling systems 

exhibit substantially lower CPUE than air cooling using a water-cooled chiller with a waterside 

economizer. Figure 3g provides a direct comparison of CPUE values for the aforementioned 

air and liquid cooling systems at their typical inlet temperature settings, 25 °C for air-cooled 

systems 33 and 30°C for liquid cooling systems 34. Under typical inlet temperature settings, 

evaporative-cooled liquid cooling systems demonstrate a 33–56% reduction in cooling energy 

relative to air-cooled systems, while dry-cooled systems achieve a 25–50% reduction, 

depending on rack inlet water temperatures and climate conditions. Under best-practice 

conditions with 100% free cooling (Figure 3h), evaporative-cooled liquid cooling systems 

demonstrate a 22–35% reduction in cooling energy relative to air-cooled systems, while dry-

cooled systems achieve a 36-39% reduction. 

Furthermore, we consider recent advances in next-generation high-heat-flux liquid cooling 

systems, which can dissipate heat fluxes up to 3,000 W/cm2 while requiring only 0.9 W/cm2 

using single-phase water as the coolant 12. The proposed design achieves heat fluxes 

approximately three times higher than those reported in current studies in the field, while 

maintaining comparable pumping power. Under these conditions, the pump power required for 

a 10 kW IT load is approximately 2.97 W for the cold plate, which is negligible. However, the 

total power consumption of the secondary-side pumps must also account for pressure drops in 

the piping, manifolds, and other components, and is estimated to be in the range of 50-100 W 
35,36. Therefore, the CPUE of this advanced system operating under full free cooling conditions 

can be reasonably estimated at 1.01-1.02, using the same modelling approach as for Figures 1-

3, and depending on the actual pressure drop within the liquid cooling loop. Therefore, when 

free cooling is fully utilized, total data center PUE can be reduced to 1.07-1.08 for current-

generation evaporative and dry-cooled liquid cooling configurations and approach 1.03-1.04 

for next-generation designs, assuming the deployment of 99% high efficiency UPS, and 0.5% 

losses for both power distribution and lighting 37 (a partial PUE of 1.02 for these subsystems).  



9 
 

 

Fig. 3.  Cooling efficiency comparison of air-cooled and liquid cooling systems. a,b, Global 

map of CPUE for air-cooled systems at inlet air temperatures of 25 °C and 41 °C, respectively. 

c,d, Global map of CPUE for evaporative-cooled liquid cooling systems at rack inlet water 

temperatures of 30 °C and 33 °C, respectively. e,f, Global map of CPUE for dry-cooled liquid 

cooling systems at rack inlet water temperatures of 30 °C and 49 °C, respectively. g, CPUE 

comparison of air-cooled systems at a representative inlet air temperature of 25 °C and liquid-

cooled systems at a representative rack inlet water temperature of 30 °C. h, CPUE comparison 

of air-cooled systems at an inlet air temperature of 41 °C, evaporative-cooled liquid cooling 

systems at a rack inlet water temperature of 33 °C, and dry-cooled systems at 49 °C. 

Water Consumption of Liquid Cooling Systems in AI Data Centers 

Beyond energy consumption, onsite water consumption has emerged as a major concern for 

data center cooling 23. To enhance cooling efficiency, evaporative-cooled liquid cooling 

systems have been adopted in some AI data centers 38. However, heat rejection in these systems 

mainly relies on the latent heat of vaporization, leading to significant water loss to the 

atmosphere. This water-energy nexus becomes particularly pronounced in AI facilities 

characterized by extreme rack densities and power scales reaching the gigawatt (GW) level 39. 

To quantify this nexus, we apply a water consumption model for evaporative-cooled liquid 

cooling systems (see Modeling Approach). This model enables a comprehensive assessment of 

onsite water usage across various climatic conditions and a wide range of rack inlet water 

temperatures. Figure 4a presents the heatmap of Water Usage Effectiveness (WUE) 40 for 

evaporative-cooled liquid cooling systems in different climate zones with rack inlet water 
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temperatures ranging from 20 °C to 50 °C. The results show that the estimated WUE ranges 

from 0.38 L kWh⁻¹ to 2.63 L kWh⁻¹, depending on both climate conditions and inlet water 

temperatures.  The dividing line marks the 99.5% free cooling threshold. Prior to reaching this 

threshold, WUE generally decreases with higher rack inlet water temperatures. This can be 

attributed to the extended hours of free cooling, which minimizes the reliance on supplemental 

mechanical refrigeration and eliminates the additional heat of compression that would 

otherwise be rejected through onsite water evaporation. Beyond the free cooling threshold, 

WUE displays behavior that is similar to CPUE since the system no longer gains heat from 

compressor work, and the total heat load comes only from the servers. 

Global WUE maps are presented in Figures 4b and 4c, with the corresponding climate-specific 

bar charts shown in Figures 4d and 4e for inlet temperatures of 30 °C and 35 °C (30°C is 

selected as the representative temperature for common industry practice 28, while 35°C is used 

for comparison to demonstrate the impact of higher inlet water temperatures).  

Generally, dry-hot regions exhibit the highest water consumption, such as Climate Zone 0B. 

This is because, at a given dry-bulb temperature, arid regions have significantly lower relative 

humidity, which creates a steeper vapor pressure gradient. This increased driving force 

accelerates evaporation, causing these regions to rely more heavily on latent heat transfer to 

meet the same cooling requirements. Another observation is that regions with lower dry-bulb 

temperatures exhibit reduced water consumption. This is explained by the sensible heat fraction: 

in cooler climates, a larger portion of the thermal load is dissipated through sensible heat 

transfer due to the greater temperature gradient between the air and water, thereby reducing the 

reliance on latent heat (evaporation). 

Evaporative-cooled liquid cooling systems utilize substantial water volumes for heat rejection, 

while dry-cooled systems dissipate heat through sensible air-to-liquid heat exchange without 

water consumption. A critical question arises: are evaporative-cooled systems universally more 

energy-efficient than their dry-cooled counterparts, indicating that to save water more cooling 

power must always be used 41,42? The answer is no. Figure 4f presents the heatmap of CPUE 

differences between dry and evaporative liquid cooled systems across different climates and 

rack inlet water temperatures. Figures 4g and 4h further detail these climate-specific 

differences through bar charts for the 30 °C and 35 °C cases. The dividing curves in Figure 4f 

delineate the operational threshold between the two technologies: regions to the left of the 

curve indicate where evaporative-cooled systems exhibit superior energy performance (lower 

CPUE), whereas dry-cooled systems become slightly more efficient in the regions to the right. 

This shift is primarily driven by fan affinity laws, that fan power consumption increases 
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cubically with rotational speed. Under most operating conditions, cooling tower fans function 

at reduced speeds, resulting in relatively low power draws that do not dominate completely the 

system's total energy profile. However, evaporative systems are subject to a constant energy 

consumption from spray pumps, which establishes a significant "energy floor." Consequently, 

in operational regimes where dry-cooled fans can maintain required thermal rejection at low 

speeds, the absence of pump-related power penalties allows dry-cooled systems to achieve 

superior overall efficiency compared to their evaporative counterparts.  

Another key observation in Figure 4f is that evaporative-cooled systems maintain superior 

performance across a broader range of inlet water temperatures compared to dry-cooled 

systems in dry regions (Climate Zone B). This trend aligns with the water consumption data 

presented in Figure 4a. The performance advantage is driven by a steeper vapor pressure 

gradient, which facilitates increased water evaporation in dry regions and, consequently, more 

efficient latent heat transfer.  

 

Fig. 4. Water usage effectiveness (WUE) of evaporative-cooled liquid cooling systems and 

performance comparison of evaporative-cooled and dry-cooled liquid cooling systems. a, 

Heatmap of WUE of evaporative-cooled liquid cooling systems under different climates and 

inlet water temperatures. b, c, Global map of WUE of evaporative-cooled liquid cooling 

systems at the inlet water temperature of 30 °C and 35 °C, respectively. d, e, WUE of 

evaporative-cooled liquid cooling systems across different climates at inlet water temperatures 

of 30 °C and 35 °C, respectively. f, Heatmap of CPUE differences between dry-cooled and 

evaporative-cooled liquid cooling systems under different climates and inlet water 

temperatures. g, h, CPUE differences between dry-cooled and evaporative-cooled liquid 

cooling systems at inlet temperatures of 30 °C and 35 °C, respectively.  
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Energy Trade-offs Between Server Power Increase and Cooling Energy Savings 

Elevating rack inlet water temperatures significantly reduces cooling energy consumption by 

extending free-cooling hours. For instance, elevating the inlet water temperatures from 20 °C 

to 35 °C can yield cooling energy savings of 13-60% for evaporative cooled liquid cooling 

systems (Figures 5a-5c) and 21-59% for dry-cooled systems (See Figure S2), depending on 

climate conditions. Generally, data centers in climate zones characterized by high average 

ambient temperatures derive greater marginal benefits from increased inlet temperatures than 

regions with low average ambient temperatures (wet-bulb temperatures for evaporative-cooled 

systems and dry-bulb temperatures for dry-cooled systems). This can be attributed to the fact 

that regions with low average ambient temperatures already have many free-cooling hours 

under baseline conditions, leaving limited additional savings from higher inlet water 

temperatures.  

Despite the substantial cooling energy savings, higher rack inlet water temperatures may lead 

to server power increases. This can create a critical trade-off that dictates the total system 

energy efficiency. Here, we further considered the potential impact of elevated rack inlet water 

temperature on GPU server power and total energy consumption at the data center level. 

Figures 5d and 5e illustrate the total power consumption, CPUE, and GPU temperature for 

Hong Kong and San Francisco for evaporative cooled systems. Corresponding results for dry-

cooled systems are presented in Figures 5g and 5h. The GPU power profiles are based on 

experimental data 43 using a machine learning training workload. Unlike synthetic stress tests 

that employ performance-capping or manual overclocking to reach a fixed power limit, this 

workload allows the GPU power draw to be governed by the hardware’s inherent physical 

characteristics. Specifically, as junction temperatures rise with warmer coolant, increased 

leakage currents significantly drive-up server-level power demand. Our results show that while 

CPUE continues to decrease as the rack inlet water temperature increases, there is a specific 

inlet temperature at which the total energy consumption (i.e., server energy plus cooling energy 

consumption) reaches an expected minimum, which is referred to as the total energy minimum 

temperature.  For example, the total energy minimum temperatures for Hong Kong and San 

Francisco are 31 °C and 21 °C, respectively when adopting evaporative-cooled liquid cooling 

systems. Notably, the total energy minimum temperature does not coincide with the lowest 

CPUE. Figure 2f and 2i summarize these total energy minimum temperatures across different 

climatic conditions for evaporative and dry cooled systems, respectively, where the bubble size 

represents the average ambient temperature of each climate zone. Generally, regions with lower 
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average ambient temperatures exhibit lower total energy minimum temperatures. In these 

regions, the potential increase in server power caused by elevating the inlet temperature 

outweighs the potential reduction in cooling energy. This is because significant free cooling is 

already achieved at lower inlet temperatures, leaving limited room for further cooling energy 

savings. In contrast, in warmer regions, raising the rack inlet temperature significantly 

increases free cooling availability, leading to a net energy saving despite the increase in server 

power. 

 

Fig. 5. Trade-offs between cooling energy savings and server power increase at elevated rack 

inlet water temperatures 

a,b,c, Global maps of cooling energy savings for evaporative-cooled liquid cooling systems at 

25 °C, 30 °C and 35 °C relative to a baseline rack inlet temperature 20 °C. d,e, Total energy 

performance and trade-offs between cooling energy savings and server power increase for 

evaporative-cooled liquid cooling systems in Hong Kong (d) and San Francisco (e). f, Total 

energy minimum temperatures for evaporative-cooled liquid cooling systems across different 

climate zones and their relationship with the average wet-bulb temperature. g,h, Total energy 

performance and the trade-off between cooling energy savings and server power increase for 

dry-cooled liquid cooling systems in Hong Kong (g) and San Francisco (h). i, Total energy 

minimum temperatures for dry-cooled liquid cooling systems across different climate zones 

and their relationship with the average dry-bulb temperature. 
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Robustness and generalizability analysis 

To evaluate the robustness and generalizability of the results, we examined the variability in 

free-cooling thresholds, power usage effectiveness (PUE), water usage effectiveness (WUE), 

and cooling-energy savings across different climates and rack inlet water temperatures.  

Figure 6a shows the location-level variability in the rack inlet water temperatures required to 

achieve a 99.5% annual free-cooling ratio. The thresholds of 33°C for evaporative cooling and 

49°C for dry cooling were calculated as the averages of the maximum threshold values across 

the climate zones. A location-level analysis showed that these thresholds were sufficient to 

achieve a 99.5% annual free-cooling ratio in 56 of the 57 locations (98.2%). Only Abu Dhabi 

required higher temperatures of 34°C and 50°C for evaporative and dry cooling, respectively. 

These results demonstrate that the average-based thresholds are broadly applicable across 

climates, although slightly higher temperatures may be required under the most demanding 

climatic conditions. Figure 6b shows the distributions of PUE across 589 climate-zone and 

rack-inlet-water-temperature combinations. PUE ranged from 1.074 to 1.182 for evaporative 

cooling and from 1.071 to 1.191 for dry cooling, with median values of 1.083 and 1.075, 

respectively. Dry cooling achieved a lower PUE than evaporative cooling in 75.6% of the 

examined combinations. Nevertheless, the overlapping distributions and the wider range 

observed for dry cooling indicate that the relative performance of the two technologies remains 

dependent on climate and rack inlet water temperature. 

Figure 6c examines the sensitivity of annual WUE to the outdoor dry-bulb temperature used to 

activate wet mode. At an activation temperature of 1°C, annual WUE ranged from 0.381 to 

2.628 L/kWh, with a median of 1.214 L/kWh. Increasing the activation temperature to 10°C, 

20°C, 30°C, and 40°C reduced the median WUE to 0.820, 0.369, 0.026, and 0.000 L/kWh, 

respectively. These values represent reductions of 32.4%, 69.6%, 97.9%, and 100%, 

respectively, relative to the 1°C case. The pronounced shift in the distributions demonstrates 

that WUE is highly sensitive to the wet-mode control strategy, while the variation within each 

distribution reflects the additional effects of climate and rack inlet water temperature. Figure 

6d shows the cooling-energy savings of the evaporative and dry liquid-cooling systems at rack 

inlet water temperatures ranging from 20°C to 50°C across 19 climate zones. Both systems are 

compared with an air-cooled system using a water-cooled chiller with a waterside economizer 

and a typical server inlet air temperature of 25°C. The median cooling-energy savings were 

42.8% for evaporative cooling and 45.2% for dry cooling and generally increased with rack 

inlet water temperature.  
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Fig. 6. Sensitivity of liquid-cooling performance to climate and operating conditions. 

a, Location-level variability in the rack inlet water temperatures required to achieve a 99.5% 

annual free-cooling ratio for evaporative and dry cooling. b, Distributions of PUE across 19 

climate zones and rack inlet water temperatures from 20°C to 50°C. c, Sensitivity of annual 

WUE to the outdoor dry-bulb temperature used to activate wet mode. d, Cooling energy savings 

of evaporative and dry cooled liquid-cooled systems relative to air-cooled systems at a typical 

inlet air temperature of 25 °C under different rack inlet water temperatures.  

DISCUSSION AND POLICY IMPLICATIONS 

Total energy minimum and hardware evolution 

Using current-generation GPU data, a key finding is that the minimum PUE does not 

necessarily coincide with the minimum total energy consumption at the system level. Although 

higher inlet temperatures reduce cooling energy consumption, they can also raise GPU server 

power consumption, resulting in a climate-dependent total energy minimum. Therefore, for 

data centers deploying current-generation GPU servers, designers and operators should 

consider the integrated optimization of both server performance and cooling efficiency rather 

than relying on PUE minimization alone. 

However, for future GPU/TPU chip designs, this trade-off may be substantially mitigated. 

Improvements in chip thermal design, such as enhanced microchannel cold plates or the 

deployment of two-phase cooling technologies, could decouple GPU power consumption from 

inlet water temperature. If future chips can maintain stable power consumption as inlet water 

temperature increases, the total energy minimum would align with minimum cooling energy 
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consumption. Notably, NVIDIA has indicated that its upcoming Rubin architecture may 

support inlet water temperatures as high as 45 °C 14, although it remains unclear whether GPU 

power consumption remains constant at such elevated temperatures. 

Waste heat recovery opportunities 

Beyond cooling optimization, higher inlet water temperatures offer significant opportunities 

for high-grade waste heat recovery. While there exists a globally optimal inlet temperature for 

maximizing free cooling and a climate-specific optimal setpoint for minimizing total data 

center energy use, operating at higher temperatures substantially enhances the quality and 

usability of recovered heat 44. This high-grade waste heat can be reused for space heating 45, 

sorption-based refrigeration 46, agriculture 47, various industrial processes, such as desalination 
48 and water treatment 49, and even power generation 50. More promisingly, high-grade waste 

heat also presents emerging opportunities for advanced sustainability applications, such as 

direct air capture 51 and atmospheric water harvesting 52 in arid regions. Such heat reuse 

applications not only can reduce carbon emissions in downstream applications, but also 

improve the sustainability of data centers. 

Onsite water consumption 

The rapid expansion of AI and its associated data infrastructure raise critical questions 

regarding water sustainability. Evaporative-cooled data centers already consume substantial 

volumes of water for thermal management, in many cases drawing primarily from municipal 

water supplies 21. Under conditions of accelerating water stress, this growing demand 

introduces a new and potentially significant pressure on regional water systems.  

Taking China as an example, assuming that AI workloads account for approximately 50% 16 of 

estimated total energy consumption in 2028 (350 TWh) 2, and that these workloads are 

processed in AI data centers adopting evaporative-cooled liquid cooling with 100% free 

cooling, the total water consumption associated with AI workloads would reach approximately 

192 billion liters in 2028, equivalent to the annual evaporation of about 14 West Lakes.  

The world is no longer facing a temporary “water crisis,” but is instead operating under a 

persistent state of global water bankruptcy. Humanity is systematically liquidating its 

“hydrological savings”, including groundwater, glaciers, and wetlands 20. Approximately 70% 

of the world’s major aquifers are in long-term decline, permanently destroying the earth's 

natural water storage capacity.  

Taken together, these findings underscore an important implication for future AI data center 

development: the choice between evaporative liquid cooling and dry cooling technologies must 



17 
 

be evaluated on a region-specific basis, with explicit consideration of energy-water trade-offs, 

including indirect and onsite water use, particularly in water-scarce regions. Encouragingly, the 

industry is trending toward higher allowable inlet water temperatures, which improves the 

feasibility and efficiency of dry liquid cooling systems. Looking forward, the adoption of 

higher inlet water temperatures combined with dry cooling architectures suggests that the AI-

driven technological revolution need not impose a significant additional burden on global water 

resources, while still maintaining high cooling efficiency and reliable data center operation. 

Policy Implications 

These results carry important policy implications. First, metrics such as WUE should be 

integrated into data-center standards and reporting frameworks alongside PUE, with 

requirements tailored to different climatic conditions. The results presented can inform 

policymakers on the optimum performance standards for different locations, taking technology, 

set-point, free-cooling, and local grid and water stress, and achievable outcomes into account.  

Second, climate-specific guidelines for the design and operation of liquid cooling systems can 

help better align cooling technology choices with local climatic conditions. For instance, 

regions with limited municipal resources should prioritize dry or hybrid cooling systems and 

adopt higher cooling temperature setpoints. This helps policymakers avoid “broad brush” 

requirements that might not deliver maximum energy and water savings in specific locations 

and to identify technologies and best practices that can benefit from policy support, including 

financial subsidies and technical training. Finally, effective coordination in system design and 

operation, together with careful management of energy–water trade-offs, among regulators, 

utilities, and data center operators will be essential to accommodate future growth in AI 

computing while balancing energy demand, water sustainability, and climate resilience. The 

results presented here provide critical evidence based on achievable PUE and WUE outcomes, 

technology needs, and potential tradeoffs that will enable all stakeholders to utilize common, 

science-based information for discussions and decisions. 

CONCLUSIONS 

This study offers a novel global analysis of how AI-driven data center cooling revolution 

impacts energy use, onsite water consumption, and their trade-offs. The results show that 

liquid-cooled systems can deliver substantially higher efficiency than air-cooled systems, 

demonstrating a 25-56% reduction in cooling energy relative to air-cooled systems under 

typical inlet temperature conditions. When free cooling is fully utilized in either liquid-cooling 
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configuration and highly efficient UPS and power distribution systems are incorporated, PUE 

can be reduced to 1.07–1.08 for current-generation systems and approach 1.03–1.04 for next-

generation designs.  

Importantly, evaporative-cooled systems are not always superior to dry-cooled alternatives. In 

some cases, the dry-cooled configuration with elevated inlet water temperatures can achieve 

slightly higher cooling efficiency than the evaporative-cooled configuration while substantially 

reducing onsite water consumption. The selection of liquid cooling technology and the 

determination of inlet temperature setpoints should be evaluated in an integrated and climate-

specific manner. The quantitative results presented in this study provide practical guidance for 

designing and operating data center cooling systems to improve energy and water efficiency. 

They can also inform location-specific policies and performance standards, including PUE and 

WUE targets, across different climate and operating conditions. 

Beyond cooling-system efficiency, our results reveal an important distinction between facility-

level and system-level optimization: the operating condition associated with the minimum PUE 

does not necessarily coincide with that achieving the minimum total system energy 

consumption. Greater attention should therefore be given to the climate-dependent operating 

temperatures that minimize total system energy use, rather than relying solely on PUE 

minimization. This distinction is particularly important for the deployment of gigawatt-scale 

AI data centers, where even small improvements in system-level efficiency can translate into 

substantial absolute energy savings. 

The rapid escalation of AI computing demand is fundamentally reshaping the energy and water 

requirements of data center cooling. The findings of this study provide valuable insights and 

practical guidance for the design and operation of liquid cooling systems in AI data centers. By 

explicitly incorporating both energy and water considerations into engineering decisions and 

policy frameworks, it is possible to support the continued growth of AI computing while 

addressing environmental and resource sustainability concerns.  

MODELLING APPROACH 

The reference data center IT load is modelled with a representative value of 10 kW, 

corresponding to a single rack comprising 20 shelves as described in 53. A typical liquid cooling 

system (Figure S1) model is developed for this unit based on fundamental thermodynamic 

principles and mathematical formulations, validated with performance test data of the cooling 

equipment. The specifications of individual components are determined according to the IT 
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load (Table S2). The liquid cooling system includes chillers, heat exchangers, cooling towers, 

primary pumps, and secondary pumps.  

Liquid Cooling Model 
(1) Cooling tower models 

Cooling towers are the main heat rejection equipment in liquid cooling systems, including 

closed-circuit evaporative fluid coolers and dry coolers. Closed-circuit evaporative fluid 

coolers with spray operation are selected as the representative evaporative cooling technology 

in this study, as they are widely used in modern data center liquid cooling systems. This 

configuration provides high heat rejection effectiveness through evaporative cooling while 

maintaining a fully closed process fluid loop, which is essential for protecting liquid-cooled IT 

equipment. In contrast, open-circuit cooling towers directly expose the process fluid to ambient 

air, which can achieve high heat transfer efficiency but may increase the risk of contamination 

and scaling in the system. Compared to open-circuit towers, closed-circuit systems offer better 

protection for sensitive IT equipment and require less maintenance, albeit sometimes with 

slightly lower cooling efficiency.  

We develop models of closed-circuit cooling towers with evaporating water from the outside 

of coils containing the working fluid to cool a liquid stream. Closed-circuit cooling towers rely 

on the basic premise that the saturated-air enthalpy evaluated at the leaving process-fluid 

temperature is used to represent the air–water interfacial condition. The leaving process-fluid 

temperature under off-design conditions is determined using the following thermal-

performance relation:   

 ℎ௦௔௧( ௙ܶ,௢௨௧) = ℎ௔,௜௡ + ொ̇ೝ೐ೕ௠̇ೌ(1−exp[−ఉ೏೐ೞ( ೘̇ೌ೘̇ೌ,೏೐ೞ)೤−1]) (1) 

ௗ௘௦ߚ  = ]݊ܮ ℎೞೌ೟(்೑,೚ೠ೟,೏೐ೞ)−ℎೌ,೔೙,೏೐ೞℎೞೌ೟(்೑,೚ೠ೟,೏೐ೞ)−ℎೌ,೚ೠ೟,೏೐ೞ]  (2) 

where ℎ௦௔௧( ௙ܶ,௢௨௧)  is the saturated-air enthalpy evaluated at the leaving process-fluid 

temperature (J/kg); ௙ܶ,௢௨௧  is the leaving process-fluid temperature (°C); ℎ௔,௜௡ is the inlet-air 

enthalpy (J/kg); ܳ̇௥௘௝ is the heat rejection rate from the process fluid (W); ݉̇௔ is the dry-air 

mass flow rate (kg/s); ݉̇௔,ௗ௘௦  is the design dry-air mass flow rate (kg/s); ߚௗ௘௦  is the 

dimensionless design transfer parameter; and ݕ  is the empirical airflow exponent 

(dimensionless), taken as 0.6 in this study 54; ℎ௔,௢௨௧,ௗ௘௦ is the design outlet-air enthalpy (J/kg); ℎ௔,௜௡,ௗ௘௦ is the design inlet-air enthalpy (J/kg); 
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The design outlet-air enthalpy is obtained from an energy balance across the cooling tower.

 ܳ̇௥௘௝,ௗ௘௦ = ݉̇௙,ௗ௘௦ܥ௣,௙( ௙ܶ,௜௡,ௗ௘௦ −  ௙ܶ,௢௨௧,ௗ௘௦)  (3) 

 ℎ௔,௢௨௧,ௗ௘௦ = ℎ௔,௜௡,ௗ௘௦ + ݏ݁݀,ܽ̇݉ݏ݁݀,݆݁ݎ̇ܳ  (4) 

where ܳ̇௥௘௝,ௗ௘௦ is the design heat rejection rate (W); ݉̇௙,ௗ௘௦ is the design process-fluid mass 

flow rate (kg/s); ܿ௣,௙ is the specific heat capacity of the process fluid (J/(kg·K)); ௙ܶ,௜௡,ௗ௘௦ is the 

design entering process-fluid temperature (°C); and ௙ܶ,௢௨௧,ௗ௘௦ is the design leaving process-

fluid temperature (°C);  

The airflow ratio under an off-design operating condition is defined by Equation (5). The 

airflow ratio is adjusted until the required leaving process-fluid temperature is achieved, subject 

to the allowable fan-speed range. 

௔ߛ  = ௠̇ೌ௠̇ೌ,೏೐ೞ (5) 

where, ݉̇௔ is the dry-air mass flow rate at the operating condition (kg/s); ݉̇௔,ௗ௘௦ is the design 

dry-air mass flow rate (kg/s); and ߛ௔ is the airflow ratio (dimensionless). 

Under ideal fan-affinity-law conditions, fan power varies with the cube of fan rotational speed 

and airflow rate, corresponding to k=3 in Equation (6) 55. In this study, k=1.5 is adopted based 

on practical in-situ operating data, which accounts for nonideal fan performance 55. 

 
௉೑ೌ೙௉೑ೌ೙,೏೐ೞ =  ௞  (6)(௔ߛ)

where, ௙ܲ௔௡  is the fan power consumption of cooling towers. ௙ܲ௔௡,ௗ௘௦  is the fan power 

consumption of cooling towers at the design condition.  

For dry coolers, the ε-NTU method is also used to obtain the performance of the dry cooler at 

different conditions. Dry-bulb temperature is one of the main input parameters for the dry 

cooler model. Detailed mathematical descriptions of both models are provided in the TRNSYS 

18 Mathematical Reference 54. 

In the free cooling mode, the speed of the cooling tower fans is controlled to make the outlet 

water temperature of the heat exchangers reach the desired supply water temperatures. In 

mechanical cooling mode, the chilled water supply temperature is controlled by the chiller itself, 

and the speed of cooling tower fans is modulated to maintain the cooling tower water outlet 

temperature at a setpoint given by Equation (7). Where, ௖ܶ௧,௢௨௧  is the outlet cooling water 

temperature, ௪ܶ௘௧ is the wet bulb temperature, and mܶin,cd is the minimum condenser water 
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entering temperature setpoint. The cooling tower control setting given by Equation (7) is used 

as a proximate or near-optimal setting 56. Cooling tower water temperature cannot drop below 

the chiller minimum condenser water entering temperature setpoint, as defined by the chiller 

manufacturer. In addition, the cooling water return temperature is limited to 45°C to avoid 

calcium salt precipitation 57.  

 ௖ܶ௧,௢௨௧ = max( ௪ܶ௘௧ + 5℃, ௠ܶ௜௡,௖ௗ)  (7) 

(2) Chiller models and heat exchanger models 

Under specific weather conditions and server inlet water temperatures, when free cooling alone 

is insufficient to handle the entire cooling load, chillers are activated to provide supplementary 

cooling. For chiller models, Braun’s method is used to model chillers 58, and the detailed model 

is described in our previous study 32. For heat exchangers 59,60, the heat transfer rate can be 

expressed as:  

 ܳ̇ℎ௫ = ε ∙ ௠௜௡ܥ ∙ ( ℎܶ,௜௡ − ௖ܶ,௜௡) (8) ܳ̇ℎ௫  is the heat transfer rate of the heat exchanger (W); ε  is heat exchanger effectiveness, 

typically assumed to be 0.8; ܥ௠௜௡ is the smaller heat-capacity rate of the hot and cold streams 

(W/K). ℎܶ,௜௡ is the inlet temperature of the hot stream (°C); ௖ܶ,௜௡ is the inlet temperature of the 

cold stream (°C). 

(3) Pump models 

The primary-side pumps are typically constant-speed pumps and are assumed to operate at their 

rated power. In contrast, the secondary-side pumps are variable-speed pumps. The power 

consumption depends on the pressure drop, water mass flow rate, and pump efficiency, as 

expressed in Equation (9).  

 ௦ܲ௣ = ∆௣ೞ೛×௠̇ೢఘೢ×ఎೞ೛  (9) 

௦ܲ௣ is the power consumption of the secondary-side pump (W); ∆݌௦௣ is the pressure drop across 

the pump (Pa); ݉̇௪ is the mass flow rate of the water (kg/s); ߩ௪ is the density of water (kg/m³); ߟ௦௣ is the pump efficiency. 

Water consumption model 

Water consumption (ܸ̇௧) in the closed-circuit cooling tower includes evaporation loss (ܸ̇௘௩௔௣), 

blowdown loss (ܸ̇௕௟௢௪), and drift loss (ܸ̇ௗ௥௜௙௧).  
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 ܸ̇௧ = ܸ̇௘௩௔௣ + ܸ̇௕௟௢௪ + ܸ̇ௗ௥௜௙௧ (10) 

The heat rejection rate under each operating condition is first calculated using the actual inlet 

and outlet temperatures of the process fluid: 

 ܳ̇௥௘௝ = ݉௙̇ܿ௣,௙( ௙ܶ,௜௡ − ௙ܶ,௢௨௧) (11) 

where ܳ̇௥௘௝ is the actual heat rejection rate (W); ݉௙̇ is the process-fluid mass flow rate (kg/s); ܿ௣,௙  is the specific heat capacity of the process fluid (J/(kg·K)); ௙ܶ,௜௡  is the entering-fluid 

temperature (°C); ௙ܶ,௢௨௧ is the actual leaving-fluid temperature (°C). 

The outlet-air enthalpy is obtained from the overall energy balance 61. The actual airflow rate 

(݉̇௔) is obtained from the fan airflow ratio determined by the thermal performance model. 

 ℎ௔,௢௨௧ = ℎ௔,௜௡ + ொ̇ೝ೐ೕ௠̇ೌ   (12) 

where ℎ௔,௜௡ is the inlet-air enthalpy (J/kg); ℎ௔,௢௨௧ is the outlet-air enthalpy (J/kg); ݉̇௔ is the 

dry-air mass flow rate (kg/s). 

For water-consumption estimation, the leaving-air state is approximated as saturated 62. Its 

temperature and humidity ratio are therefore determined from the calculated outlet enthalpy, 

atmospheric pressure, and an outlet relative humidity of 100% 62: 

 ௔ܶ,௢௨௧ = ܶ(ℎ௔,௢௨௧, ,௔݌ ߮௢௨௧ = 1)  (13) 

 ߱௢௨௧ = ߱( ௔ܶ,௢௨௧, ,௔݌ ߮௢௨௧ = 1)  (14) 

where ௔ܶ,௢௨௧ is the outlet-air dry-bulb temperature (°C); ℎ௔,௢௨௧ is the outlet-air enthalpy (J/kg); ݌௔ is the atmospheric pressure (Pa); ߮௢௨௧ is the outlet-air relative humidity (dimensionless); ߱௢௨௧ is the outlet-air humidity ratio (kg/kg). 

The inlet-air enthalpy, humidity ratio, and specific volume are calculated from the measured 

dry-bulb temperature, relative humidity, and atmospheric pressure using standard 

psychrometric relationships. 

The evaporation rate is calculated from the moisture balance across the air stream: 

 ݉̇௘௩௔௣ = ݉௔̇(߱௢௨௧ − ߱௜௡)  (15) 

where ݉̇௘௩௔௣ is the evaporation rate (kg/s); ݉̇௔ is the dry-air mass flow rate (kg/s); ߱௜௡ is the 

inlet-air humidity ratio (kg/kg); ߱௢௨௧ is the outlet-air humidity ratio (kg/kg). 

Negative values of the humidity-ratio difference are set to zero because condensation is not 

included in the tower water-consumption estimate. Assuming a water density of approximately 

1 kg/L, the hourly evaporation volume is calculated as 
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 ܸ̇௘௩௔௣ = 3600݉̇௘௩௔௣ (16) 

where ܸ̇௘௩௔௣ is the volumetric evaporation rate (L/h); ݉௘̇௩௔௣ is the evaporation rate (kg/s). 

For diagnostic purposes, the latent component of heat transfer is estimated as 

 ܳ̇௟௔௧ = ݉௘̇௩௔௣ℎ௙௚ (17) 

where ܳ̇௟௔௧ is the latent heat-transfer rate (W); ݉̇௘௩௔௣ is the evaporation rate (kg/s); ℎ௙௚ is the 

latent heat of vaporization (J/kg). 

The latent heat of vaporization is approximated as a function of the saturated outlet-air 

temperature: 

 ℎ௙௚ = (2501 − 2.361 ௔ܶ,௢௨௧) × 10³ (18) 

where ℎ௙௚ is the latent heat of vaporization (J/kg); ௔ܶ,௢௨௧ is the saturated outlet-air temperature 

(°C). 

The latent heat fraction ( ௟݂௔௧) is subsequently calculated as 

 ௟݂௔௧ = ொ̇೗ೌ೟ொ̇ೝ೐ೕ (19) 

Under certain operating and ambient conditions, the entering air may undergo sensible cooling 

while gaining moisture through evaporation, causing the sensible heat contribution to become 

negative and allowing the latent heat transfer to exceed the net total heat rejected, thereby 

resulting in a latent heat fraction greater than unity 63,64. 

The blowdown water loss, which accounts for the removal of concentrated dissolved solids, is 

calculated as 65,66: 

 ܸ̇௕௟௢௪ = ܸ̇௘௩௔௣/(ܥܥ − 1)  (20) ܸ̇௕௟௢௪  is blowdown (draw-off) water of the cooling tower (L/h); CC is the cycles of 

concentration, representing the ratio of dissolved solids in the circulating water to that in the 

make-up water. In this study, CC=9 3,66. 

The drift water loss, caused by air entrainment through the drift eliminator and air inlet, is given 

by 67:  

 ܸ̇ௗ௥௜௙௧ = ௉ೢ ௏̇ೢ100  (21) ܸ̇ௗ௥௜௙௧ is drift water loss (L/h); ܸ̇௪ is the circulating water flow rate entering the cooling tower 

(L/h);  ௪ܲ is the windage loss fraction (%), typically taken as 0.01%. 

To avoid overestimation of water use, the evaporative fluid coolers are assumed to operate in 
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dry mode with no spray water consumption when the ambient dry-bulb temperatures are at or 

below 0 °C. This assumption reflects standard control strategies for closed-circuit evaporative 

fluid coolers, in which the spray system is disabled under sub-freezing conditions to prevent 

ice formation and ensure reliable operation. 

Data center metrics 

Power Usage Effectiveness (PUE) 

PUE is a widely adopted metric for evaluating the overall energy efficiency of a data center 31. 

It is defined as the ratio of the total facility energy consumption to the energy consumed by IT 

equipment. PUE is particularly useful for benchmarking and comparing different cooling 

technologies and system configurations. 

ܧܷܲ  = ்௢௧௔௟ ி௔௖௜௟௜௧௬ ா௡௘௥௚௬ூ் ா௤௨௜௣௠௘௡௧ ா௡௘௥௚௬ (22) 

Water Usage Effectiveness (WUE) 

Water Usage Effectiveness (WUE) quantifies the amount of water consumed by a data center 

relative to its IT energy usage 40. It is typically expressed as liters of water per kilowatt-hour 

(L/kWh) of IT load.  

ܧܷܹ  = ஺௡௡௨௔௟ ௐ௔௧௘௥ ௎௦௔௚௘ூ் ா௤௨௜௣௠௘௡௧ ா௡௘௥௚௬ (23) 

Cooling Power Usage Effectiveness (CPUE) 

CPUE is defined as a partial PUE metric used to isolate the cooling system's contribution to 

the overall PUE.  

ܧܷܲܥ  = ஼௢௢௟௜௡௚ ா௡௘௥௚௬ + ூ் ா௤௨௜௣௠௘௡௧ ா௡௘௥௚௬ ூ் ா௤௨௜௣௠௘௡௧ ா௡௘௥௚௬  (24) 

LIMITATIONS AND FUTURE WORK 

The liquid cooling systems modeled in this study are limited to single-phase cold-plate liquid 

cooling systems, currently the most widely deployed liquid cooling technology in liquid-cooled 

data centers 44. Therefore, the detailed quantitative conclusions are specifically applicable to 

this cooling approach. Advanced liquid cooling configurations 68, such as two-phase immersion 

cooling or cold-plate cooling, are not explicitly modeled. However, the overall trends in cooling 

energy consumption and water use under different inlet liquid temperatures are expected to 

remain broadly applicable to these systems. The primary differences arise from variations in 

chip-level pumping power and coolant circulation-loop energy consumption 12. In addition, the 

water consumption analysis in this study only considers onsite water use within the data center 

cooling infrastructure, without accounting for indirect water consumption associated with 
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electricity generation 16. 

Future work will focus on developing a more comprehensive and higher-fidelity modeling 

framework for next-generation two-phase immersion and cold-plate liquid systems that can 

support future ultra-high chip power densities. Such work should further evaluate the 

achievable PUE and WUE among these emerging cooling technologies. On the other hand, 

another important direction for future work is to incorporate the indirect water use associated 

with electricity generation. Since minimizing total water consumption may involve trade-offs 

between onsite water efficiency, cooling energy minimization, overall power efficiency, and 

the indirect water intensity of the electricity grid, a more comprehensive water-energy nexus 

assessment will be necessary for future sustainable data centers. 
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