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ABSTRACT 

The rising energy demand of data centers, primarily driven by intensive cooling requirements, presents significant economic and 

environmental challenges in densely populated urban areas. This paper presents an optimization model designed to reduce cooling 

energy cost in small urban data centers by integrating photovoltaic generation with advanced thermal management strategies. The 

proposed model incorporates a simplified heat transfer characterization that accounts for environmental heat exchanges and air-

conditioning dynamics. The proposal was evaluated using 15-minute climate data from the São Paulo metropolitan region to 

capture daily and seasonal variations in cooling loads over a full operational year. Results indicate the optimization model achieved 

monthly costs of 129.58 USD in November and 95.16 USD in April, while maintaining safe CPU operating temperatures (≤ 72 

°C). Photovoltaic generation supplied a significant share of the cooling demand, reducing dependence on the power grid and 

demonstrating the feasibility of solar integration for sustainable data center operations. 
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1 INTRODUCTION 

The rapid growth of digital infrastructure, driven by cloud computing and artificial intelligence, has established 

data centers as strategic pillars of the modern digital economy (SHAH et al., 2025). However, this advancement comes with a 

substantial increase in global energy consumption, positioning data centers among the largest electricity users worldwide 

(MYTTON et al., 2022). Their electrical energy demand is expected to grow further due to the expansion of computational 

applications and the increasing digitalization of business and social processes. 

Among the subsystems within a data center, the air conditioning system (HVAC) accounts for a significant portion 

of total energy use, reaching up to 40% in conventional facilities (OFFUTT et al., 2025). This high demand stems from the need 

to maintain strict environmental conditions, particularly temperature control, to ensure reliable and safe IT operation (LIN et al., 

2018). Elevated temperatures not only increase the risk of server failures but also trigger backup units, further reducing energy 

efficiency (AHMED et al., 2023). 

Accurate thermal modeling is essential for energy efficiency strategies, enabling simulation of workload 

variations, cooling configurations, and external conditions (CUPPELLI et al., 2018). Models that couple CPU and server thermal 

dynamics with the environment allow more effective optimization of energy use (ZHANG et al., 2025). Operational reliability is 

closely tied to thermal management, as degradation can compromise service performance and availability, especially under high 

service-level requirements (AHMED et al., 2023). 



 

 

 

In this context, integrating renewable energy sources, particularly photovoltaic (PV) generation, emerges as a 

promising solution to reduce dependence on the power grid and mitigate environmental impacts (ZHANG et al., 2025). Solar 

energy, being clean, abundant, and increasingly cost-effective, can partially supply the cooling demand, which is highly sensitive 

to temporal variations in thermal load. 

This work proposes an energy cost optimization model for data centers, aimed at reducing air conditioning energy 

consumption through the strategic integration of local photovoltaic generation. The model incorporates a dynamic representation 

of thermal demand and its effect on energy consumption, based on energy balances and thermal coupling between the CPU, servers, 

and environment, building on established methodologies for thermal demand modeling. The objective is to quantify the economic 

and energy benefits of the solution and assess its technical feasibility, contributing to the sustainable transition of the IT sector. 

 

2 METHODOLOGY 

A. Thermal System Modeling 

A.1) Cold Aisle Temperature: The variation of the cold aisle air temperature within the container is described by a thermal energy 

balance. The model accounts for the energy supplied by the HVAC system, the energy extracted by the server racks, convective 

exchanges with the cold wall, and heat generated by auxiliary equipment (Eq. 1). 

𝑇𝑡
𝑐𝑟 = 𝑇𝑡−1

𝑐𝑟 +
1

𝐶𝑐𝑟
(𝑚̇𝐻𝑉𝐴𝐶 . 𝑐𝑎𝑖𝑟 . (𝑇𝑡−1

𝑖𝑛 − 𝑇𝑡−1
𝑐𝑟 ) +

𝑇𝑡−1
𝑐𝑤 −𝑇𝑡−1

𝑐𝑟

𝑅𝑐𝑤,𝑐𝑟
+ 𝛿1) . 𝜏   Eq. (1) 

𝐶𝑐𝑤 = 𝜌𝑎𝑖𝑟 . 𝑉𝑐𝑟 . 𝑐𝑎𝑖𝑟       Eq. (2) 

In these expressions, 𝑇𝑡
𝑐𝑟  denotes the cold aisle temperature at time step t, 𝜏 is the simulation time interval, and 

𝐶𝑐𝑟 represents the thermal capacitance of the aisle air, computed from the product of air density (𝜌𝑎𝑖𝑟), aisle volume (𝑉𝑐𝑟), and air 

specific heat (𝑐𝑎𝑖𝑟). The term 𝑚̇𝐻𝑉𝐴𝐶  is the mass flow rate of the cooling air, 𝑇𝑡−1
𝑖𝑛  is the inlet air temperature to the cold aisle, 𝑇𝑡−1

𝑐𝑤  

is the cold wall temperature, 𝑅𝑐𝑤,𝑐𝑟  is the thermal resistance between the cold wall and the aisle, and 𝛿1 accounts for additional 

internal thermal loads. 

 

A.2) Cold Wall Temperature: The thermal dynamics of the cold wall are described by a heat balance equation that accounts for 

convective interaction with the cold aisle air, heat exchange with the external environment, and internal wall conduction (Eq. 3). 

𝑇𝑡
𝑐𝑤 = 𝑇𝑡−1

𝑐𝑤 +
1

𝐶𝑐𝑤
(

𝑇𝑡−1
𝑎𝑚𝑏−𝑇𝑡−1

𝑐𝑤

𝑅𝑎𝑚𝑏,𝑐𝑟
−

𝑇𝑡−1
𝑐𝑤 −𝑇𝑡−1

𝑐𝑟

𝑅𝑐𝑤,𝑐𝑟
) . 𝜏     Eq. (3) 

𝐶𝑐𝑤 = 𝜌𝑐𝑤 . 𝐴𝑐𝑤. 𝑑𝑐𝑤 . 𝑐𝑐𝑤       Eq. (4) 

Where, 𝑇𝑡
𝑐𝑤 represents the cold wall temperature at time step t, and 𝜏 is the time interval. 𝐶𝑐𝑤 is the thermal 

capacitance of the cold wall, calculated as the product of the wall material density (𝜌𝑐𝑤), wall area (𝐴𝑐𝑤), thickness (𝑑𝑐𝑤), and 

specific heat (𝑐𝑐𝑤). 𝑇𝑡−1
𝑎𝑚𝑏  is the ambient temperature exchanging heat with the cold wall through the thermal resistance 𝑅𝑎𝑚𝑏,𝑐𝑟  

while 𝑇𝑡−1
𝑐𝑟  is the cold aisle temperature exchanging heat with the wall through 𝑅𝑐𝑤,𝑐𝑟. 

 

A.3) Server-Rack Assembly Temperature: The variation of the internal air temperature within the rack is modeled using a thermal 

energy balance equation. This balance accounts for the heat extracted from the cold aisle by the server-rack assembly, the heat 



 

 

 

transferred from the server-rack assembly to the hot aisle, the thermal exchanges from the CPU to the server-rack, and the heat 

generated by the server fans, as expressed in Eq. (5). 

𝑇𝑡
𝑠𝑒𝑟𝑣𝑒𝑟 = 𝑇𝑡−1

𝑠𝑒𝑟𝑣𝑒𝑟 +
1

𝐶𝑠𝑒𝑟𝑣𝑒𝑟
(𝑚̇𝐻𝑉𝐴𝐶 . 𝑐𝑎𝑖𝑟 . (𝑇𝑡−1

𝑐𝑟 − 𝑇𝑡−1
𝑠𝑒𝑟𝑣𝑒𝑟) +

𝑇𝑡−1
𝑐𝑝𝑢

−𝑇𝑡−1
𝑠𝑒𝑟𝑣𝑒𝑟

𝑅𝑒𝑞
+ 𝑄𝑠𝑓𝑎𝑛) . 𝜏   Eq. (5) 

𝐶𝑠𝑒𝑟𝑣𝑒𝑟 = 𝑛𝑟𝑎𝑐𝑘 . 𝑛𝑠𝑒𝑟𝑣𝑒𝑟 . 𝜌𝑎𝑖𝑟 . 𝑉𝑠𝑓 . 𝑐𝑎𝑖𝑟      Eq. (6) 

𝑅𝑒𝑞 = 𝑐3 +
𝑐4

𝑅𝑃𝑀𝑐5
      Eq. (7) 

𝑄𝑠𝑓𝑎𝑛 = 𝑛𝑟𝑎𝑐𝑘 . 𝑛𝑠𝑒𝑟𝑣𝑒𝑟 . (𝑐6 + 𝑐7. 𝑅𝑃𝑀 + 𝑐8. 𝑅𝑃𝑀2 + 𝑐9. 𝑅𝑃𝑀3)     Eq. (8) 

This equation describes the evolution of the server temperature 𝑇𝑡
𝑠𝑒𝑟𝑣𝑒𝑟  over a time step 𝜏. Where, 𝐶𝑠𝑒𝑟𝑣𝑒𝑟  

represents the thermal capacitance of the server assembly, calculated as the product of the number of racks 𝑛𝑟𝑎𝑐𝑘, the number of 

servers per rack 𝑛𝑠𝑒𝑟𝑣𝑒𝑟 , the air density 𝜌𝑎𝑖𝑟 , the airflow volume per server 𝑉𝑠𝑓, and the specific heat of air 𝑐𝑎𝑖𝑟 . 𝑇𝑡−1
𝑐𝑟  is the cold 

aisle temperature exchanging heat with the servers through the HVAC airflow, while 𝑇𝑡−1
𝑐𝑝𝑢

 represents the CPU temperature 

transferring heat to the server assembly via the equivalent thermal resistance 𝑅𝑒𝑞. The heat generated by the fans, 𝑄𝑠𝑓𝑎𝑛 , depends 

on the fan rotational speed (RPM), as detailed in Ahmed et al., 2021. 

 

A.4) CPU-Server Assembly Temperature: The thermal model of the CPU-server assembly is based on energy balances that capture 

temperature dynamics through heat generation and conductive and convective transfers. It accounts for CPU dissipation, the effect 

of server fans, and thermal coupling with the surroundings, as expressed in Eq. (9). 

𝑇𝑡
𝑐𝑝𝑢

= 𝑇𝑡−1
𝑐𝑝𝑢

+
1

𝐶𝑐𝑝𝑢
(𝑄𝑐𝑝𝑢 +

𝑇𝑡−1
𝑐𝑝𝑢

−𝑇𝑡−1
𝑠𝑒𝑟𝑣𝑒𝑟

𝑅𝑒𝑞
) . 𝜏     Eq. (9) 

𝐶𝑐𝑝𝑢 = 𝑚𝑐𝑝𝑢. 𝑐𝑐𝑝𝑢 + 𝑚𝑟𝑎𝑐𝑘 . 𝑐𝑟𝑎𝑐𝑘)      Eq. (10) 

𝑄𝑐𝑝𝑢 = 𝑃𝑠,𝑖𝑑𝑙𝑒(𝑐0 + 𝑐1. 𝑈𝑐𝑝𝑢 + 𝑐2. 𝑇𝑖𝑛)      Eq. (11) 

The thermal dynamics of the CPU-server assembly are modeled through an energy balance that considers heat 

generation in the CPU, conductive transfer between the processor and the server via the equivalent thermal resistance 𝑅𝑒𝑞 and 

additional heat generated by the server fans, as detailed in Cuppelli et al., 2018 .This approach captures the temporal evolution of 

CPU temperature in response to workload and environmental thermal conditions, providing a physically consistent representation 

of thermal coupling within the system.  

The temperatures of the hot aisle and the hot wall are modeled analogously, following the same principles as 

equations (1) and (3). 

 

B. HVAC System Power Consumption 

The HVAC power is calculated based on the thermal balance of the air supplied to the data center and the system’s 

energy efficiency, expressed through the Coefficient of Performance (COP). This model allows for an accurate estimation of the 

HVAC contribution to the total energy consumption of the data center. 

𝑃𝑡
𝐻𝑉𝐴𝐶 =

𝑚̇𝐻𝑉𝐴𝐶.𝑐𝑎𝑖𝑟.

𝐶𝑂𝑃𝐻𝑉𝐴𝐶
(𝑇𝑡−1

ℎ𝑟 − 𝑇𝑡−1
𝑖𝑛 )      Eq. (12) 



 

 

 

This equation considers the air mass flow rate 𝑚̇𝐻𝑉𝐴𝐶, the specific heat of air 𝑐𝑎𝑖𝑟 , and the temperature difference 

between the hot aisle air tempeture 𝑇𝑡−1
ℎ𝑟   and the inlet air tempeture 𝑇𝑡−1

𝑖𝑛 , allowing a dynamic estimation of HVAC energy 

consumption according to the actual thermal load. In this way, the model provides a precise representation of the HVAC 

contribution to the total data center energy consumption. 

 

C. Objective Function 

The proposed model is formulated as an optimization problem to simultaneously represent the thermal and energy 

dynamics of the data center, as well as the associated operational decisions. The objective function aims to minimize the electricity 

consumption of the HVAC system, thereby reducing the total energy costs. 

𝑀𝑖𝑛 𝑧 = ∑ [(𝑢𝑡
𝐻𝑉𝐴𝐶 .

𝑚̇𝐻𝑉𝐴𝐶.𝑐𝑎𝑖𝑟.

𝐶𝑂𝑃𝐻𝑉𝐴𝐶
(𝑇𝑡−1

ℎ𝑟 − 𝑇𝑡−1
𝑖𝑛 ) + 𝑃𝐼𝑇 − 𝑃𝑃𝑉) . 𝜏. 𝐶𝑒]𝑡 ∈ 𝒯      Eq. (13) 

The simulation horizon covers a full day, divided into time intervals of 𝜏 = 15 minutes, resulting in a set of 𝑁 =

96 discrete steps, where 𝑡 ∈ {1, 2, 3, … , 𝑁}. Equations (1), (3), (5) and (9) represent the dynamic system constraints, modeling the 

energy balances and thermal dynamics of the components. These equations ensure a physically consistent evolution of the system 

while respecting operational and safety limits. Here, 𝐶𝑒 represents the electricity tariff. 

D. Additional Constraints 

The proposed model includes additional constraints to ensure the stable operation of the data center, including 

operational temperature limits and power constraints for the IT room and the HVAC system: 

𝑇𝑚𝑖𝑛
𝑐𝑟 ≤ 𝑇𝑡

𝑐𝑟 ≤ 𝑇𝑚𝑎𝑥
𝑐𝑟                         ∀𝑡 ∈  𝒯     Eq. (14) 

𝑇𝑚𝑖𝑛
𝑐𝑤 ≤ 𝑇𝑡

𝑐𝑤 ≤ 𝑇𝑚𝑎𝑥
𝑐𝑤                        ∀𝑡 ∈  𝒯     Eq. (15) 

𝑇𝑚𝑖𝑛
𝑠𝑒𝑟𝑣𝑒𝑟 ≤ 𝑇𝑡

𝑠𝑒𝑟𝑣𝑒𝑟 ≤ 𝑇𝑚𝑎𝑥
𝑠𝑒𝑟𝑣𝑒𝑟         ∀𝑡 ∈  𝒯     Eq. (16) 

𝑇𝑚𝑖𝑛
𝑐𝑝𝑢

≤ 𝑇𝑡
𝑐𝑝𝑢

≤ 𝑇𝑚𝑎𝑥
𝑐𝑝𝑢

                      ∀𝑡 ∈  𝒯     Eq. (17) 

𝑇𝑚𝑖𝑛
ℎ𝑟 ≤ 𝑇𝑡

ℎ𝑟 ≤ 𝑇𝑚𝑎𝑥
ℎ𝑟                         ∀𝑡 ∈  𝒯    Eq. (18) 

𝑇𝑚𝑖𝑛
ℎ𝑤 ≤ 𝑇𝑡

ℎ𝑤 ≤ 𝑇𝑚𝑎𝑥
ℎ𝑤                        ∀𝑡 ∈  𝒯     Eq. (19) 

E. Electrical Power Constraints 

The proposed model ensures power balance and operational limits for both the IT and HVAC systems 

𝑃𝑡
𝑔𝑟𝑖𝑑

+ 𝑃𝑡
𝑃𝑉 = 𝑃𝑡

𝐼𝑇 + 𝑃𝑡
𝐻𝑉𝐴𝐶       Eq. (20) 

This equation guarantees that the total power supplied by the grid (𝑃𝑡
𝑔𝑟𝑖𝑑

) and the photovoltaic system (𝑃𝑡
𝑃𝑉) 

matches the combined consumption of the IT equipment and the HVAC system at each time step. 

0 ≤ 𝑃𝑡
𝐻𝑉𝐴𝐶 ≤ 𝑢𝑡

𝐻𝑉𝐴𝐶 . 𝑃𝑚𝑎𝑥
𝐻𝑉𝐴𝐶            ∀𝑡 ∈  𝒯     Eq. (21) 

𝑢𝑡
𝐻𝑉𝐴𝐶𝜖 {0, 1}                     ∀𝑡 ∈  𝒯     Eq. (22) 

These constraints define the operational limits of the HVAC system, where 𝑢𝑡
𝐻𝑉𝐴𝐶  is a binary control variable 

representing the ON/OFF state, and 𝑃𝑚𝑎𝑥
𝐻𝑉𝐴𝐶  is the maximum HVAC power capacity. 

 

 



 

 

 

The IT power consumption was calculated using the equation (23). 

𝑃𝑡
𝐼𝑇 = 𝑛𝑟𝑎𝑐𝑘 . 𝑛𝑠𝑒𝑟𝑣𝑒𝑟 . 𝑃𝑠,𝑖𝑑𝑙𝑒(𝑐0 + 𝑐1. 𝑈𝑐𝑝𝑢 + 𝑐2. 𝑇𝑖𝑛)     Eq. (23) 

Where, 𝑛𝑟𝑎𝑐𝑘, is the number of racks, 𝑛𝑠𝑒𝑟𝑣𝑒𝑟  is the number of servers per rack, and 𝑃𝑠,𝑖𝑑𝑙𝑒  is the power 

consumption of a single server in idle state. The terms 𝑈𝑐𝑝𝑢 and 𝑇𝑖𝑛 represent the CPU utilization ratio and the inlet air temperature 

to the server, respectively, while 𝑐0, 𝑐1,𝑐2 are empirical coefficients capturing the influence of baseline power, CPU load, and inlet 

temperature on server power consumption. 

 

3 RESULTS AND DISCUSSION 

The dynamic thermal model was formulated as an optimization problem in Pyomo using the BONMIN solver to 

minimize HVAC electricity consumption and reduce total energy costs. The model simulated the temporal evolution of 

temperatures and power in critical subsystems (cold aisle, cold wall, servers/racks, CPUs, hot aisle, hot wall) with a 15-minute 

time step. Key parameters included thermal capacities (12.3 MJ/°C and 19.7 MJ/°C for cold and hot aisles), wall areas, convection 

coefficients, CPU and rack properties, HVAC efficiency (COP = 3.7), and airflows (0.05 to 2 kg/s). Time-dependent variables 

encompassed ambient temperature, supply air temperature, CPU utilization, photovoltaic generation, and electricity costs. 

Simulations used historical weather data from November 2023 and April 2024 in Santo André to evaluate solar-data center 

interactions and seasonal effects on energy consumption. The model achieved optimal solutions of 129.58 USD in November and 

95.16 USD in April, demonstrating how thermal dynamics directly impact HVAC performance and energy costs. 

 

A. Thermal Analysis 

The thermal behavior of the data center was evaluated by monitoring temperatures in key subsystems. Cold aisle 

temperatures (𝑇𝑐𝑟 = 22.3 − 22.5 °C) and supply air temperatures (𝑇𝑠𝑒𝑟𝑣𝑒𝑟 = 32.8 − 33 °C) remained stable and within operational 

ranges, with low dispersion (standard deviations < 2 °C). CPU temperatures (𝑇𝑐𝑝𝑢 = 57.6 − 57.8 °C) were effectively controlled 

with a maximum point of 68 °C, while hot aisle temperatures (𝑇𝑠𝑒𝑟𝑣𝑒𝑟 = 29 − 29.6 °C) exhibited greater seasonal variability. The 

comparison between November and April revealed relevant seasonal differences: November presented slightly higher temperature 

averages and peaks due to warmer ambient conditions, while April showed lower and more homogeneous temperatures, indicating 

more stable thermal behavior characteristic of the colder period. 

Figure 1 – Temporal Evolution of Temperatures 



 

 

 

B. HVAC Operation 

The HVAC operation analysis shows how cooling demand responds to seasonal thermal variations. Figure 2 

presents the operation results for November and April. In November, the fraction of time the HVAC was active (𝑢𝐻𝑉𝐴𝐶) reached 

approximately 25.1 %, with an average mass flow 𝑚̇𝐻𝑉𝐴𝐶 = 0.054 𝑘𝑔/𝑠  and mean power consumption 𝑃𝐻𝑉𝐴𝐶 = 0.184 𝑘𝑊. 

Peaks reached up to 2 kW, reflecting intermittent and more intensive operation during the warmer period. In contrast, April showed 

lower values and a more uniform activation (𝑢𝐻𝑉𝐴𝐶 = 23.2 %, 𝑚̇𝐻𝑉𝐴𝐶 = 0.049 𝑘𝑔/𝑠, 𝑃𝐻𝑉𝐴𝐶 = 0.156 𝑘𝑊), evidencing lower 

cooling demand. These results demonstrate how the HVAC system dynamically adapts to thermal conditions and internal load, 

optimizing electricity consumption. 

Figure 2 – HVAC System Operation 

 

C. Consumption Analysis 

Figure 3 provides a detailed view of each component’s contribution to total data center consumption. Server 

demand remained practically constant at around 11.2 kW in both months. In November, the HVAC average consumption was 

slightly higher (0.18 kW) than in April (0.16 kW), consistent with the higher cooling needs during warmer months. Photovoltaic 

generation was also higher in November (0.72 kW) than in April (0.50 kW), partially reducing dependence on the grid . Although 

solar generation was not sufficient to cover the entire data center load, it was enough to offset the HVAC consumption, 

underscoring the relevance of photovoltaic integration as a complementary energy source, particularly during periods of high 

demand. 



 

 

 

Figure 3 – HVAC Operation and Electrical Consumption 

 

D. Discussion 

The results indicate that warmer months incur higher operating costs, with optimal solutions of 129.58 USD in 

November and 95.16 USD in April. Thermal analysis shows that the system remains stable, with practically constant average 

temperatures (35.6 °C) and lower variability in April, indicating more uniform thermal control. Total internal server demand (𝑃𝐼𝑇) 

remained stable, while grid dependence increased slightly by 1.8 %, reflecting marginally higher electricity use. HVAC 

consumption decreased by 14.8 % in April compared to November, although photovoltaic generation also fell by 30.7 %, reducing 

solar coverage of HVAC from 100 % to 100%, still maintaining a surplus of 0.34 kW.  

Figure 4 presents a comparative boxplot of temperature variables, HVAC consumption, and power (𝑃𝐻𝑉𝐴𝐶 , 𝑃𝑔𝑟𝑖𝑑 , 

𝑃𝑃𝑉), visually illustrating seasonality and data dispersion. These findings emphasize the importance of storage strategies and 

surplus solar management to maximize photovoltaic integration and minimize grid reliance, ensuring efficient and sustainable 

operation. 

Figure 4 – Seasonal Comparison of Data Center Performance 

 

4 CONCLUSIONS 

In conclusion, the study demonstrates that integrating photovoltaic systems and implementing an advanced thermal 

management model can effectively optimize the operation of urban data centers. The model achieved optimal solutions of 129.58 

USD in November and 95.16 USD in April, highlighting the impact of seasonal variation on operating costs. Cold aisle and supply 



 

 

 

air temperatures remained stable within operational ranges, while CPU temperatures were effectively controlled, with a maximum 

of 72 °C. HVAC operation showed an average consumption of 0.184 kW in November and 0.156 kW in April. In November and 

April, photovoltaic generation covered up to 100% of HVAC demand, reducing grid dependency. These results show that the 

proposed strategy optimizes energy efficiency and solar utilization, providing clear guidelines for sustainable urban data center 

operations. 
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