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Abstract 

This study numerically investigates the transient thermal response of a raised-floor data 

center under dynamic AI server loads. Power profiles of DGX A100 servers running 

GEMM, VGG-19, and ResNet-152 workloads were used as time-varying boundary condi-

tions in CFD simulations. Six load scenarios were analyzed to evaluate the dynamic re-

sponses of cooling capacity, rack inlet and outlet temperatures, and net airflow rate. The 

results show that the response lag of air-conditioning units causes a temporary mismatch 

between cooling supply and server heat dissipation, leading to transient inlet-temperature 

fluctuations. Fluctuating workloads produce larger outlet-temperature amplitudes and 

higher temperature change rates than stable workloads, while mixed workloads change 

the overall fluctuation intensity and affect neighboring-rack airflow through cold-aisle 

pressure interactions. These findings can support workload-aware rack arrangement and 

adaptive cooling control for future AI-oriented data centers. 

Keywords: airflow organization; data center; dynamic load; CFD 

 

1. Introduction 

In recent years, the proliferation of generative artificial intelligence and large lan-

guage model applications has driven growth in data center demand. The global data cen-

ter market reached approximately USD 269.8 billion in 2025 and is projected to expand at 

a CAGR of 11.10%, reaching USD 699.1 billion by 2034 [1]. This growth carries a significant 

energy cost. Global data center electricity consumption reached approximately 415 TWh 

in 2024 and is projected to exceed 945 TWh by 2030 [2]. Escalating energy demands inten-

sify carbon emission pressures and make improving data center energy efficiency a criti-

cal industry challenge. 

Cooling systems account for approximately 40% of total data center energy con-

sumption [3,4], making them the primary target for efficiency optimization. Air cooling 

remains the dominant approach due to its low operational cost and broad adaptability 
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[5]. Airflow optimization is widely recognized as a key strategy for reducing cooling en-

ergy consumption. Poor airflow organization can lead to hot-air recirculation and cold-air 

bypass, causing localized hotspots that risk damaging IT equipment. Understanding air-

flow distribution is therefore essential for stable operation and effective energy manage-

ment [6]. 

Research on airflow optimization under steady-state conditions has been extensive, 

covering ACU placement, plenum structure, perforated tile design, and aisle containment 

strategies. A symmetrical ACU layout improves cooling performance [7]. Nada and Said 

[8] found that a perpendicular supply arrangement improves rack inlet uniformity, re-

duces end-rack recirculation, and suppresses mid-row cold-air bypass. Increasing plenum 

depth improves airflow uniformity, though structural limitations arise beyond a certain 

threshold [9,10]. Beitelmal [11] proposed an optimal range of 0.762–0.914 m. Zhang [12] 

recommended 1.0–1.2 m for open aisles and 0.6–0.8 m for containment configurations. For 

perforated tiles, an open area ratio of 20–25% has been commonly recommended [13,14]. 

Variable-ratio and active perforated floors have also been proposed to further improve 

supply uniformity [15–18]. Aisle containment effectively suppresses bypass and recircu-

lation. Nada and Abbas [19] found that full cold-aisle containment outperformed partial 

top containment. Tsuda et al. [20] reported that hot-aisle containment required twice the 

fan power of cold-aisle containment and that cold-aisle containment better maintained 

optimal server intake temperatures. Flow control devices such as baffles and jet fans in-

stalled within plenum chambers or at rack inlets provide further improvements [21–24]. 

However, all aforementioned studies assume constant server loads. The thermal and air-

flow responses to continuously fluctuating workloads remain largely unexplored. 

Data center loads are inherently dynamic and non-uniform, driven by the variability 

of user behavior, workload scheduling, and task allocation. Existing studies have ad-

dressed three aspects. The first is server power modeling. Researchers have categorized 

server power models into the additive model and the Base-Amplitude (BA) model [25]. 

The additive model defines total server power as the sum of component-level consump-

tion across the CPU, memory, and cooling fans [26,27]. The BA model decomposes power 

into static and active components [28,29], with variants subsequently derived from both 

approaches [30,31]. The second is energy consumption tracking under realistic scenarios. 

Wang et al. [32] executed the Quantum ESPRESSO benchmark on an NVIDIA V100S GPU 

and recorded utilization, power, and temperature under frequency-limiting conditions 

using the NVML library. Krzywaniak et al. [33] ran general matrix multiplication and 

neural network models on a DGX A100 GPU and measured transient energy curves under 

power-capping conditions. The third is transient thermal response under dynamic bound-

ary conditions. Fulpagare et al. [34] found that a sudden load increase may cause rack 

inlet temperatures to exceed the recommended range. Ibrahim et al. [35] showed that air-

flow rate changes exert far greater influence on rack inlet temperatures than rack power 

adjustments alone. Despite these advances, existing research remains fragmented. Few 

studies have coupled real-world power curves with room-scale CFD simulations to cap-

ture continuous dynamic thermal evolution under realistic AI workloads. 

To address this gap, the present study makes the following novel contributions. First, 

transient energy consumption curves of the NVIDIA DGX A100 GPU server under three 

representative AI workloads are extracted from published literature and applied as time-

varying power boundary conditions to a room-scale raised-floor data center model. Sec-

ond, numerical simulations covering different load fluctuation levels are conducted to an-

alyze dynamic variations in rack inlet and outlet temperatures, cooling capacity, and air-

flow velocity, investigating the effects of load fluctuation level on the dynamic thermal 

environment. The results provide a theoretical basis for precise cooling control and energy 

efficiency optimization under realistic AI computing scenarios. 
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2. Materials and Methods 

2.1. Data Center Geometric Model 

This section presents a baseline raised-floor room-level data center model. The facil-

ity is equipped with two precision air conditioning units and two rows of server racks 

totaling 12 racks, arranged in a cold-aisle containment configuration. The detailed geo-

metric model is shown in Figure 1a,b. The ACUs are configured with supply airflow di-

rected parallel to the cold aisle to better capture thermal differences between the left and 

right rack rows. Rack arrangement follows the NVIDIA DGX white paper [36]. Each row 

consists of five server racks and one switch rack. Each server rack houses four DGX A100 

high-performance computing servers rated at 6.5 kW each and two standard servers rated 

at 225 W each. Each switch rack contains ten QM8790 switches, one AS4610 switch, and 

one SN4600 switch. Blank panels are installed in all vacant slot positions. The detailed 

server arrangement is shown in Figure 1c, where LE and RE denote the left and right 

switch racks; labels 1, 2, and 3 represent the QM8790, AS4610, and SN4600 switches; labels 

4 and 5 denote the DGX A100 servers and standard servers, respectively. 

 

Figure 1. Layout of the studied data center: (a) 3D room view; (b) Top view and rack layout; (c) Rear 

view of rack and IT equipment arrangement. 

Room parameters and IT equipment specifications are listed in Tables 1 and 2. Equip-

ment parameters are sourced from official documentation and partially adapted for the 

rack configuration [37–39]. The AS4610 switch operates with a constant fan airflow rate of 

58.63 L/s/kW. All other IT equipment adopts a PUE-based control strategy, with control 

curves derived from EnergyStar data. When the inlet temperature is below 27 °C, the fan 

airflow rate per unit load is 58.52 L/s. When the inlet temperature exceeds 27 °C, the fan 

airflow rate increases linearly with temperature, reaching 100.5 L/s per unit load at 35 °C.  
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Table 1. Main parameters of the studied DC. 

Items Description Parameters 

DC room Area 60.48 m2 

 Room dimension 8.4 m (L) × 7.2 m (W) × 4.5 m (H) 

 Air supply mode Raised-floor cooling 

 Aisle form CAC&OHA 

 Aisle dimension 3.6 m (L) × 1.2 m (W) × 2.322 m (H) 

 Number of racks 12 

 Plenum height 0.64 m 

 Perforated tiles porosity 50% 

 Perforated tiles dimension 0.6 m (L) × 0.6 m (W) 

Rack Dimension 0.997 m (L) × 0.6 m (W) × 2.322 m (H) 

 Gap condition Typical small gap 

 empty slot Closed 

 
Peak energy consumption of 

server racks 
22.5 kW/Rack 

ACU Number 2 

 Max cooling capacity 150 kW/unit 

 Max airflow 12 m3/s 

 Temperature control mode supply air control 

 Set supply air temperature 20 ℃ 

 Airflow control mode Fixed speed 

 Fan speed 100% 

 Power consumption 3.9 kW/unit 

Table 2. Main parameters of IT equipment. 

Equipment Number Energy Consumption (kW) Size (L × W × H) (m) 

DGX A100 40 6.5 0.8972×0.4445×0.2667(6U) 

3U server 20 0.225 0.6×0.45×0.1334(3U) 

QM8790 switch 20 0.2 0.6×0.45×0.0445(1U) 

AS4610 switch 2 0.099 0.35×0.44×0.0445(1U) 

SN4600 switch 2 0.2 0.6×0.45×0.0445(1U) 

2.2. Server Energy-Consumption Models 

Energy consumption ratio curves of the NVIDIA DGX A100 GPU under realistic op-

erational scenarios are extracted from an existing GPU tracking study [33], as shown in 

Figure 2. The instantaneous power of a single DGX A100 server at time t is defined as 

Equation (1). 

DGX rated( ) ( ) 6.5 ( )P t P r t r t=  =   (1) 

where r(t) ∈ [0, 1] is the energy consumption ratio at time t, extracted from the dataset of 

Krzywaniak et al. [33], and Prated = 6.5 kW is the rated maximum power of the DGX A100 

server as specified in the NVIDIA datasheet [37]. 

The GEMM model represents the most widely used convolution algorithm in deep 

learning. It operates at a low load of approximately 5% energy ratio during the first 5 s 

before transitioning to a high-load phase. In the high-load phase, the energy ratio fluctu-

ates between 75.8% and 85.3%, with a mean of 81.51% and a variance of 3.83%². The VGG-

19 and ResNet-152 models (hereafter VGG and ResNet), both representative convolu-

tional neural network architectures, enter their high-load phases at 124 s and 121 s, re-

spectively. The VGG model exhibits an energy ratio ranging from 33.6% to 94.2%, with a 

mean of 70.25% and a variance of 287.4%². The ResNet model fluctuates between 20.4% 
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and 84.5%, with a mean of 52.14% and a variance of 185.9%². The GEMM model exhibits 

significantly smaller fluctuations and lower variance than the other two models. It is there-

fore classified as a stable energy consumption model, whereas VGG and ResNet are clas-

sified as fluctuating energy consumption models. 

 

Figure 2. Energy consumption ratio curves of three artificial neural network models. 

2.3. Case Configuration 

Six cases were established by combining the three models introduced in Section 2.2, 

comprising two categories: single non-uniform load conditions and mixed non-uniform 

load conditions. The non-uniform load models were assigned to the DGX A100 servers, 

while the switch racks and standard servers within the server racks operated under con-

stant load. The model configuration for each case is summarized in Table 3. Since model 

runtimes differ, the ResNet runtime of 400 s was adopted as the unified simulation dura-

tion, with the GEMM and VGG models repeatedly within this period. As shown in Table 

3, for Cases 1, 3, and 4, which include the GEMM model, the proportion of the stable en-

ergy consumption model is 100%, 50%, and 60%, respectively (excluding switch racks). 

For the fully fluctuating Cases 2, 5, and 6, the VGG model proportion is 100%, 50%, and 

60%, respectively. 
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Table 3. Server Rack Load Configuration. 

Case Load Type 

End Racks, 

Left Row (L1, 

5) 

Middle Racks, Left 

Row (L2, 3, 4) 

End Racks, Right 

Row (R1, 5) 

Middle Racks, Right 

Row (R2, 3, 4) 

1 Single load, stable GEMM GEMM GEMM GEMM 

2 Single load, fluctuated VGG VGG VGG VGG 

3 
Mixed load, partially 

fluctuated 
GEMM GEMM VGG VGG 

4 
Mixed load, partially 

fluctuated 
VGG GEMM VGG GEMM 

5 
Mixed load, fully fluctu-

ated 
VGG VGG ResNet ResNet 

6 
Mixed load, fully fluctu-

ated 
ResNet VGG ResNet VGG 

The energy consumption ratio curves for each case are shown in Figure 3. Based on 

the model energy consumption curves, the load operation process for each case is divided 

into three stages: a low-load stage, in which all models operate at low load; a high-load 

stage, in which all models operate at high load; and a mid-load stage covering the remain-

ing period. This study focuses primarily on the high-load stage, as it captures the energy 

consumption fluctuation characteristics of all three models. 

 

Figure 3. Energy consumption ratio curves for different cases. Subfigures (a)–(f) correspond to 

Case1–Case6, respectively. 
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Table 4 presents the high-load phase time intervals and energy consumption ratio 

characteristics. During 129–244 s and 252–301 s, all cases are in the high-load stage. For 

Cases 1, 3, and 4, replacing GEMM with VGG decreases the mean energy consumption 

ratio and substantially increases its variance during 129–244 s. For Cases 2, 5, and 6, re-

placing VGG with ResNet decreases both the mean and variance during 124–301 s. The 

greater the number of substituted models, the larger the magnitude of change. 

Table 4. Characteristics of the high-load stages of energy consumption ratio curves for different cases. 

Case Load Stage Duration 

Mean Energy 

Consumption 

Ratio (%) 

Energy Consumption 

Ratio Variance (%²) 

1 High-load stage 
6–121 ,129–

244 ,252–367 s 
81.85 3.83 

2 High-load stage 124–301 s 70.25 287.4 

3 
High-load stage 1 129–244 s 76.02 72.02 

High-load stage 2 252–301 s 74.56 79.56 

4 
High-load stage 1 129–244 s 77.12 46.93 

High-load stage 2 252–301 s 75.70 51.37 

5 High-load stage 124–301 s 62.05 130.49 

6 High-load stage 124–301 s 63.69 143.09 

2.4. Simulation Settings, Model Validation and Independence Analysis 

Modeling, simulation, and post-processing were conducted using Data Center De-

sign Pro 2023.2 (6SigmaRoom®, Future Facilities Ltd.), a dedicated simulation software 

for data center airflow organization. The solver resolves the three-dimensional coupled 

continuity, momentum, and energy equations using the finite-volume method (FVM) 

[40,41]. A finite-volume, pressure-based SIMPLE algorithm is employed for steady-state 

initialisation, followed by a segregated transient solver with first-order implicit time inte-

gration for the transient phase. The standard k-ε turbulence model was employed, as it 

has been extensively validated for raised-floor data center airflow simulations and is the 

recommended turbulence model in dedicated data center CFD tools [42,43], with 

transport equations for turbulent kinetic energy k and turbulent dissipation rate ε given 

by Equations (2) and (3). 

( )( ) i t
k

i j k j

kuk k
G

t x x x

 
 



    
+ = + + −  

      
 (2) 

2

1 2

( )( ) i t
k

i j j

u
C G C

t x x x k k
 



    
 



    
+ = + + −  

      
 (3) 

where the turbulent viscosity is μt = ρCμk²/ε, with model constants Cμ = 0.09, C1ε = 1.44, C2ε 

= 1.92, σk = 1.0, σε = 1.3. Standard wall functions were applied at all solid boundaries, with 

the non-dimensional wall distance y+ maintained in the range of 30–300.  

A grey-box modeling strategy was adopted for all equipment, with boundary conditions 

defined as follows. For the ACUs, velocity inlet and pressure outlet boundary conditions are 

applied. The ACU operates with a fixed fan speed of 100%, maintaining a constant supply 

airflow rate ṁair throughout the simulation. The cooling capacity is modulated exclusively 

through compressor-side adjustment to maintain the supply air temperature at the setpoint 

Tsupply,set. The instantaneous cooling capacity is computed as Equation (4) [44]. 
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cool air return lag supply,set cool cool,max( ) ( ) , ( )pQ t m c T t t T Q t Q = − −    (4) 

where cp is the specific heat of air, Treturn(t−Δtlag) is the return air temperature after the 

response time Δtlag, and Qcool,max is the rated maximum cooling capacity per unit. The re-

sponse time Δtlag represents the total delay between a change in server heat load and the 

corresponding adjustment in cooling output, arising from the combined effect of air 

transit time from the server racks to the return-air sensor, sensor thermal inertia, and cool-

ing coil thermal mass. In this study, Δtlag is set to 10 s, determined with reference to [34,35] 

and taking into account the compact room dimensions, the higher-than-average supply 

airflow rate resulting from the elevated IT heat flux density, and the large-amplitude rapid 

fluctuations of the AI workload power profiles. When the required cooling capacity 

reaches Qcool,max, the compressor output is locked at this limit and the supply air tempera-

ture rises above the setpoint until the return air temperature signal decreases, after which 

the cooling capacity adjusts downward accordingly. 

The perforated floor tiles were modeled using a porous jump model. The pressure 

drop across the tiles is computed using the Darcy–Forchheimer equation [45], as given by 

Equation (5). 

2

2
2

p v m C v m
 


 =  +   (5) 

where v is the face-normal velocity, Δm is the tile thickness, α is the permeability, and C2 

is the inertial resistance coefficient. Resistance coefficients were taken from the software's 

built-in library for a tile opening ratio of 50%, consistent with Table 1.  

The ends and top of the cold aisle, as well as the facility walls, were set as adiabatic 

surfaces. Each server was modeled as a volumetric heat source; the DGX A100 transient 

heat dissipation follows Equation (1), with the energy consumption ratio curves shown in 

Figure 3. 

To validate the accuracy of the proposed numerical model, the simulated tempera-

ture and velocity distributions were compared with experimental measurements at six 

monitoring locations. The corresponding error analysis is summarized in Table 5, and the 

detailed comparison is shown in Figure 4. As indicated in Table 5, the simulation results 

agree well with the experimental data and accurately reproduce the spatial variation 

trends of both temperature and airflow velocity. For temperature, the mean absolute error 

(MAE), root-mean-square error (RMSE), and maximum absolute deviation are 0.283 °C, 

0.303 °C, and 0.400 °C, respectively. For velocity, the corresponding values are 0.0133 m/s, 

0.0163 m/s, and 0.0300 m/s, respectively. The relative errors at all measurement locations 

are within 10%, and most are below 8%. These results demonstrate that the developed 

numerical model has sufficient predictive accuracy and can be reliably used for subse-

quent transient simulations and analysis.  
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Figure 4. Experimental [46] and simulated values for outlet-air temperatures and veloci-

ties of one tested rack. 

Table 5. Comparison of experimental and simulated temperatures at different measurement locations. 

Location 

(mm) 

Temperature 

(Exp.) (°C) 

Tempera-

ture (Sim.) 

(°C) 

Relative 

Deviation 

(%) 

Velocity 

(Exp.) (m/s) 

Velocity 

(Sim.) 

(m/s) 

Relative 

Deviation 

(%) 

100 29.6 29.3 1.01 0.32 0.30 6.25 

400 31.4 31.0 1.27 0.24 0.25 4.17 

700 32.9 32.5 1.22 0.21 0.21 0.00 

1000 33.8 33.5 0.89 0.16 0.15 6.25 

1300 33.0 32.8 0.61 0.18 0.19 5.56 

1600 29.5 29.4 0.34 0.35 0.32 8.57 

Temperature: MAE = 0.283 °C, RMSE = 0.303 °C, Maximum absolute deviation = 0.400 °C.  

Velocity: MAE = 0.0133 m/s, RMSE = 0.0163 m/s, Maximum absolute deviation = 0.0300 m/s. 

To ensure that the numerical results were insensitive to mesh resolution, a grid-inde-

pendence study was first conducted using the Grid Convergence Index (GCI) method pro-

posed by Roache [47]. Three mesh configurations were generated by adjusting the maxi-

mum cell size in the x-, y-, and z-directions, with maximum mesh sizes of 90, 80, and 70 

mm for Cases 01, 02, and 03, respectively. The maximum indoor temperature was selected 

as the reference parameter for the mesh convergence assessment. As listed in Table 6, the 

GCI values for all adjacent mesh pairs are below 3% [48], indicating that the computational 

results are independent of mesh density. Therefore, the mesh with 651,640 elements was 

selected for the subsequent simulations. 

Table 6. Grid independence verification. 

Case 
Grid 

Number 

Reference Pa-

rameter (°C) 

Adjacent Grid 

Refinement Ra-

tio 

Convergence 

Order 

Adjacent Grid 

GCI Index (%) 

01 651640 32.6 1.078 13.09 0.453 

02 817044 32.8 1.151 13.09 0.072 

03 1246476 32.9 - - - 

https://doi.org/10.3390/buildings16142780


Buildings 2026, 16, 2780 10 of 23 
 

https://doi.org/10.3390/buildings16142780 

After confirming mesh independence, a time-step independence study was further 

performed to verify the temporal accuracy of the transient simulations. Three time steps 

of 1 s, 0.5 s, and 0.25 s were evaluated following the same GCI-based procedure, with 

adjacent refinement ratios of 2.0. The maximum rack outlet temperature during the high-

load stage of Case 2 was selected as the reference parameter. As shown in Table 7, the GCI 

values for all adjacent time-step pairs are far below 3%, confirming that the numerical 

results are independent of temporal discretization. Therefore, a time step of 1 s was 

adopted for all subsequent simulations. The key simulation parameter settings adopted 

in this study are summarised in Table 8. 

Table 7. Time-step independence verification. 

Case Time Step (s) 
Reference Pa-

rameter (°C) 

Adjacent 

Time-Step 

Refinement 

Ratio 

Convergence 

Order 

Adjacent-

Time-Step 

GCI Index 

(%) 

001 1 30.138 2.0 2.59 0.0050 

002 0.5 30.144 2.0 2.59 0.0008 

003 0.25 30.145 - - - 

Table 8. Simulation parameter settings. 

Parameter Detail 

Flow Regimes Turbulent Flow 

Transient Simulation On 

Total Simulation Time 400 s 

Time Step Size 1 s 

Maximum iterations per time step 2000 

ACU response time 10 s 

Turbulence Model Standard k-ε model 

Wall Functions Standard Wall Function 

3. Results 

3.1. Cooling Capacity 

Figure 5 presents the dynamic cooling-capacity curves for the six cases. In all cases, 

the ACU cooling capacity closely tracks the variation in server energy consumption. Dur-

ing the low-load stage, both ACUs maintain a low and stable output. This is consistent 

with the low and steady server power draw. As servers enter the high-load stage, energy 

consumption rises sharply and cooling capacity increases accordingly. The two ACU out-

puts then begin to diverge. This reflects the asymmetric return air temperatures arising 

from the non-uniform rack load distribution. Once divergence occurs, the rate of increase 

gradually slows. During the intermediate phase of the high-load stage, the cooling capac-

ity reaches a quasi-steady elevated level. This applies to both stable and fluctuating load 

cases. For Case 1, this stable elevated phase lasts notably longer in the second and subse-

quent high-load cycles than in the first. The difference arises because the initial ACU re-

sponse overshoots before settling. For Cases 2–6, continuous low-amplitude oscillations 

persist throughout the high-load stage. These oscillations reflect the periodic fluctuations 

in rack energy consumption. The onset of the cooling capacity rise lags approximately 10 

s behind the sharp rise in server energy consumption. This is consistent with the ACU 

response time specified in Table 8. 

https://doi.org/10.3390/buildings16142780


Buildings 2026, 16, 2780 11 of 23 
 

https://doi.org/10.3390/buildings16142780 

 

Figure 5. Dynamic cooling capacity curves for different cases. 

3.2. Inlet Temperature 

The mean rack inlet temperature curves for the six cases are shown in Figure 6. Three 

distinct variation patterns are identified. Case 1 represents the stable energy consumption 

case. Cases 3 and 4 are the partially fluctuating cases. Cases 2, 5, and 6 are the fully fluc-

tuating cases. 

For Case 1, the GEMM model enters its high-load stage at 6 s. Rack heat dissipation 

rises sharply. Due to the ACU response lag, the inlet temperature rises rapidly and reaches 

a maximum of 22.35 °C at 46 s. As the supply air temperature exceeds the setpoint, the 

ACUs progressively increase their cooling output, gradually pulling the inlet temperature 

back toward 20 °C. At 122 s, the GEMM model transitions to its low-load stage, causing a 

sudden drop in total energy consumption. The inlet temperature falls sharply, reaching a 

minimum of 19.23 °C at 136 s. As the inlet temperature drops below the setpoint, the ACU 

cooling output decreases, while the GEMM model simultaneously re-enters its high-load 

stage, causing the temperature to recover. During the second and subsequent operating 

cycles, the inlet temperature variation closely follows the same pattern, with a maximum 

of approximately 20.14 °C. This suggests that for cases running a single load model peri-

odically over extended periods, the inlet temperature trend stabilizes from the second cy-

cle onward. 

For Case 2, the VGG model enters its high-load stage at 124 s, driving the inlet tem-

perature to a maximum of 21.86 °C at 164 s. The ACUs respond by increasing cooling 

capacity, gradually reducing the inlet temperature to 20.25 °C by 303 s. At 303 s, the VGG 

model transitions to its low-load stage, causing the inlet temperature to drop sharply to a 

minimum of 18.19 °C at 339 s, before recovering under ACU regulation. 

Cases 1, 3, and 4 are compared in Figure 6a. Cases with a higher GEMM server pro-

portion reach higher maximum inlet temperatures. They also reach these maxima more 

rapidly. This is because greater total energy consumption produces faster heat accumula-

tion. During the temperature decline phase, cases with higher energy consumption show 
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larger deviations from the setpoint. This leads to stronger ACU regulation and lower min-

imum inlet temperatures. 

Cases 2, 5, and 6 show minimal differences during 0–302 s. This is attributable to the 

similar dynamic energy profiles of the VGG and ResNet models. After 302 s, the VGG 

model enters its low-load stage and the inlet temperature drops sharply. The magnitude 

of this drop increases with the number of VGG-loaded servers. From Cases 2 to 6, the 

temperature drops are 2.06, 1.43, 1.15, 1.51, and 1.66 °C, respectively. 

 

Figure 6. Mean rack inlet temperatures for different cases; (a) cases containing the stable energy 

consumption model; (b) cases without the stable energy consumption model. 

3.3. Outlet Temperature 

Figure 7 shows the dynamic rack outlet temperature curves under the two single-

load cases. For Case 1, the GEMM model enters its high-load stage at 5 s, leading to a rapid 

increase in outlet temperature and a peak value of 33.17 °C at 44 s (taking rack R5 as a 

representative example, minor inter-rack differences exist). The temperature subse-

quently declines with small fluctuations for the remainder of the high-load stage. In the 

second and third high-load cycles, the outlet temperature stabilizes within 29.23–30.85 °C, 

without the pronounced peak observed in the first cycle. This behavior mirrors the inlet 

temperature pattern shown in Figure 7a, confirming that inlet temperature is the primary 

driver of the overall outlet temperature trend. In terms of dynamic response, the near-

step-change energy profile of the GEMM model produces a sharp transient rise followed 

by a gradual return toward equilibrium. This is consistent with the rack outlet tempera-

ture response to abrupt load changes reported by Ibrahim et al. [35]. 

For Case 2, the VGG model transitions to high load at 124 s, triggering a rapid rise in 

outlet temperature. Throughout the high-load stage, the periodic fluctuations in VGG en-

ergy consumption drive sustained oscillations in the mean rack outlet temperature. The 

mean peak temperature increases from 30.69 °C at 129 s to 32.78 °C at 168 s, tracking the 

overall inlet temperature trend. After 300 s, the outlet temperature variation during the 

subsequent low-load stage deviates from the initial low-load behavior, owing to ACU-

regulated changes in inlet temperature. The outlet temperature oscillations closely track 

the energy consumption ratio of the VGG model. This dynamic correspondence is con-

sistent with the behavior reported in [49]. 

Temperature contours were extracted at representative time points—the peak and 

trough of Case 1 (43 s and 373 s) and a local peak and trough within the high-load stage 
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of Case 2 (168 s and 188 s)—to reveal the spatial evolution of the thermal field. The spatial 

extent of the high-temperature zone at the rack outlets is strongly correlated with instan-

taneous energy consumption. Under high-load conditions, prominent high-temperature 

zones develop at both left and right rack outlets. In Case 2, as the energy consumption 

ratio transitions from a local peak to a local trough, the high-temperature zone contracts 

markedly. Under low-load conditions, no significant high-temperature zones are ob-

served. 

 

Figure 7. Mean rack outlet temperatures and temperature contours (y = 1.66 m) under single non-

uniform load conditions; (a) Case 1; (b) Case 2. 

To quantitatively characterize the dynamic thermal behavior of rack outlet tempera-

tures, two metrics are defined. The mean fluctuation amplitude is defined as the difference 

between the mean peak temperature and mean trough temperature of the outlet temper-

ature curve. The temperature change rate is the temperature difference between adjacent 

peaks and troughs divided by the corresponding time interval. To enable direct compari-

son of VGG-loaded rack dynamics across the partially and fully fluctuating cases, metrics 

are evaluated over 129–244 s (high-load stage 1) and 124–301 s (high-load stage), respec-

tively. The quantitative results are summarised in Table 9. Case 1 exhibits near-zero fluc-

tuation, with a maximum temperature change rate of only 0.37 °C/s. In contrast, Case 2 

shows a mean fluctuation amplitude of 3.72 °C (129–244 s) and a maximum temperature 

change rate of 4.99 °C/s, both substantially exceeding the values recorded for Case 1. 

Table 9. Dynamic outlet temperature characteristics of server racks during the high-load stage un-

der single load cases (taking rack R5 as an example). 

Case Dynamic Characteristic Value Notes 

1(129–244 s) 

Maximum temperature change 

rate 
0.37 °C/s 

From 189 s–30.67 °C to 

190 s–30.20 °C 

Minimum temperature change 

rate 
0 °C/s - 

2(129–244 s) 

Mean fluctuation amplitude 3.72 °C 

Mean peak temperature: 

32.07 °C 

Mean trough tempera-

ture: 28.35 °C 

Maximum temperature change 

rate 
4.99 °C/s 

From 188 s–27.39 °C to 

189 s–32.38 °C 
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Minimum temperature change 

rate 
0.64 °C/s 

From 138 s–31.87 °C to 

141 s–29.94 °C 

2(124–301 s) 

Mean fluctuation amplitude 3.84 °C 

Mean peak temperature: 

31.81 °C 

Mean trough tempera-

ture: 27.97 °C 

Maximum temperature change 

rate 
4.99 °C/s 

From 188 s–27.39 °C to 

189 s–32.38 °C 

Minimum temperature change 

rate 
0.64 °C/s 

From 138 s–31.87 °C to 

141 s–29.94 °C 

Figures 8 and 9 show the rack outlet temperature curves for the mixed non-uniform 

load cases. Because the three models transition to high-load operation at different time 

points, the outlet temperature curves exhibit multiple distinct stages across all four cases. 

For the partially fluctuating cases, three distinct variation patterns emerge based on 

rack load assignment. GEMM-loaded racks exhibit five high-temperature stages, driven 

by the superimposed GEMM and VGG energy profiles. During 6–121 s and 129–244 s, 

outlet temperatures follow an increasing-then-decreasing trend under inlet temperature 

influence, with minor VGG-induced oscillations in the latter interval. At 301 s, the VGG 

model transitions to low load and the outlet temperature drops sharply. A brief GEMM 

low-load transition then divides the 302–400 s interval into two high-temperature sub-

stages. VGG-loaded racks follow a similar five-stage pattern, with lower absolute temper-

atures during GEMM-dominated intervals and large-amplitude oscillations during 124–

301 s. The GEMM high–low–high load transition at 244–252 s introduces two distinct high-

fluctuation periods within this interval. 

At 43 s, the high-temperature zone at the left rack outlets in Case 3 is marginally 

smaller than in Case 1. The zone at the right rack outlets is substantially reduced but re-

mains larger than under low-load conditions. Two factors account for these differences: 

lower total instantaneous energy consumption in Case 3, and the higher low-load energy 

ratio of the VGG model (12.48%) relative to GEMM (5%). Within the same case, the extent 

of the high-temperature zone is strongly correlated with instantaneous energy consump-

tion, with large fluctuations driving repeated cycles of expansion and contraction. The 

maximum and minimum outlet temperatures during the high-load stage under mixed 

operating conditions, together with their corresponding time instants and rack identifiers, 

are highlighted in red in Figures 8 and 9. 
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(a) Mean rack outlet temperatures for Case 3 

 
(b) Mean rack outlet temperatures for Case 4 

Figure 8. Mean rack outlet temperatures and temperature contours (y = 1.66 m) under mixed non-

uniform load conditions with partial fluctuation; left: full simulation period; right: high-load stage. 

Tables 10 and 11 quantify the dynamic outlet temperature characteristics of GEMM-

loaded and VGG-loaded racks, respectively, during the high-load stage under partially 

fluctuating conditions. For the GEMM-loaded racks (Table 10), Cases 3 and 4 exhibit mean 

fluctuation amplitudes of 0.94 °C and 0.75 °C, respectively. Both values substantially ex-

ceeding the near-zero fluctuation of Case 1 over the same interval. These elevated fluctu-

ations arise from the indirect thermal influence of the neighboring VGG-loaded racks 

through the shared cold aisle. Case 3 shows a larger increase than Case 4, attributable to 

its higher VGG model proportion (50% vs. 40%). The maximum temperature change rates 

of 1.33 °C/s and 1.09 °C/s in Cases 3 and 4 are also higher than the 0.37 °C/s recorded for 

Case 1. For the VGG-loaded racks (Table 11), the mean fluctuation amplitudes are 2.86 °C 

and 2.79 °C for Cases 3 and 4, compared with 3.72 °C for Case 2. All three dynamic metrics 

decrease progressively as the VGG model proportion drops from 100% in Case 2 to 50% 

and 40% in Cases 3 and 4. The mean fluctuation amplitudes in Cases 3 and 4 are reduced 

by 0.86 °C and 0.93 °C relative to Case 2, respectively. Notably, the maximum temperature 

change rate occurs at the same time point (188–189 s) across all three cases. This confirms 

that the instantaneous rate of temperature change is primarily governed by the energy 

consumption ratio rather than by the load composition. 

Table 10. Dynamic characteristics of rack outlet temperature for the GEMM model during the high-

load stage under partially fluctuating load conditions (taking rack L2 as an example). 

Case Dynamic Characteristic Value Notes 

3(129–244 s) 

Mean fluctuation amplitude 0.94 °C 

Mean peak temperature: 

31.49 °C 

Mean trough tempera-

ture: 30.55 °C 

Maximum temperature change 

rate 
1.33 °C/s 

From 188 s–30.52 °C to 

189 s–31.85 °C 

Minimum temperature change 

rate 
0.18 °C/s 

From 138 s–31.77 °C to 

141 s–31.24 °C 

https://doi.org/10.3390/buildings16142780


Buildings 2026, 16, 2780 16 of 23 
 

https://doi.org/10.3390/buildings16142780 

4(129–244 s) 

Mean fluctuation amplitude 0.75 °C 

Mean peak temperature: 

31.43 °C 

Mean trough tempera-

ture: 30.68 °C 

Maximum temperature change 

rate 
1.09 °C/s 

From 188 s–30.78 °C to 

189 s–31.87 °C 

Minimum temperature change 

rate 
0.15 °C/s 

From 138 s–30.84 °C to 

141 s–30.54 °C 

Table 11. Dynamic characteristics of rack outlet temperature for the VGG model during the high-

load stage under partially fluctuating load conditions (taking rack R5 as an example). 

Case Dynamic Characteristic Value Notes 

3(124–301 s) 

Mean fluctuation amplitude 2.86 °C 

Mean peak temperature: 

31.92 °C 

Mean trough tempera-

ture: 29.06 °C 

Maximum temperature change 

rate 
3.95 °C/s 

From 188 s–28.27 °C to 

189 s–32.22 °C 

Minimum temperature change 

rate 
0.51 °C/s 

From 138 s–31.57 °C to 

141 s–30.04 °C 

4(124–301 s) 

Mean fluctuation amplitude 2.79 °C 

Mean peak temperature: 

31.85 °C 

Mean trough tempera-

ture: 29.06 °C 

Maximum temperature change 

rate 
3.84 °C/s 

From 188 s–28.38 °C to 

189 s–32.22 °C 

Minimum temperature change 

rate 
0.51 °C/s 

From 138 s–31.29 °C to 

141 s–29.76 °C 

Figure 9 shows the rack outlet temperature curves for the fully fluctuating cases (Cases 5 

and 6). Three distinct stages are observed. The VGG model transitions from high to low load 

at 301 s, defining the stage boundaries. During 0–121 s, both models operate at comparable 

low-load energy ratios. Outlet temperatures across all racks are nearly identical and stable. 

During 124–301 s, large-amplitude oscillations appear in VGG-loaded rack outlet tempera-

tures. These oscillations are superimposed on a broader increasing-then-decreasing trend, 

consistent with Case 2 and with the behavior reported in [49]. At 301 s, the load transition 

causes an abrupt drop in outlet temperature across all racks. Subsequently, ResNet-loaded 

rack outlet temperatures fluctuate at a reduced level. They follow an overall decreasing-then-

increasing trend, reflecting the combined influence of inlet temperature variation and the Res-

Net model energy profile. After 301 s, the mean outlet temperature decreases relative to the 

124–301 s interval despite continued fluctuations. 
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(a) Mean rack outlet temperatures for Case 5 

 

 
(b) Mean rack outlet temperatures for Case 6 

Figure 9. Mean rack outlet temperatures and temperature contours (y = 1.66 m) under mixed non-

uniform load conditions with full fluctuation; left: full simulation period; right: high-load stage. 

The dynamic outlet temperature characteristics of the VGG-loaded racks during the 

high-load stage under fully fluctuating conditions are summarised in Table 12, with rack L2 

taken as the representative example. Comparing Cases 5 and 6 with Case 2, which operates 

under a single VGG load, the mean fluctuation amplitudes are 2.97 °C and 3.10 °C, respec-

tively, both lower than the 3.84 °C recorded for Case 2 over the same interval (124–301 s). As 

the proportion of the ResNet model increases from 0% in Case 2 to 40% in Case 6 and 50% in 

Case 5, the VGG model proportion decreases accordingly, and all three dynamic characteris-

tics of the VGG-loaded rack outlet temperature decrease in sequence. This pattern is consistent 

with that observed under the partially fluctuating cases. These results indicate that, regardless 

of whether energy-stable or lower-amplitude fluctuation models are introduced into a fluctu-

ating load configuration, the presence of such models reduces the dynamic thermal response 

of the VGG-loaded racks through the combined effect of a reduced total energy fluctuation 

level and a lower mean energy consumption ratio. 
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From a design and operational perspective, these results suggest that servers with 

highly fluctuating AI workloads should not be concentrated within the same rack row or 

thermal zone. Mixing highly fluctuating servers with stable-load, constant-load, or lower-

fluctuation servers can reduce the room-level load fluctuation intensity, thereby weaken-

ing the dynamic outlet-temperature response and reducing the variation in cooling de-

mand. This arrangement improves the temporal matching between server heat dissipa-

tion and air-conditioning cooling capacity, which is particularly important when the cool-

ing system has a finite response delay. 

In terms of reliability, large outlet-temperature fluctuation amplitudes and high tem-

perature change rates indicate stronger transient thermal stress and a greater risk of tem-

porary hotspot formation near rack outlets and hot aisles. Therefore, workload-aware rack 

arrangement and adaptive cooling control are necessary for AI-oriented data centers with 

rapidly varying server loads. 

Table 12. Dynamic characteristics of rack outlet temperature for the VGG model during the high-

load stage under fully fluctuating load conditions (taking rack L2 as an example). 

Case Dynamic Characteristic Value Notes 

5(124–301 s) 

Mean fluctuation amplitude 2.97 °C 

Mean peak temperature: 

31.07 °C 

Mean trough tempera-

ture: 28.10 °C 

Maximum temperature change 

rate 
3.77 °C/s 

From 188 s–27.42 °C to 

189 s–31.19 °C 

Minimum temperature change 

rate 
0.46 °C/s 

From 138 s–31.76 °C to 

141 s–30.37 °C 

6(124–301 s) 

Mean fluctuation amplitude 3.10 °C 

Mean peak temperature: 

31.20 °C 

Mean trough tempera-

ture: 28.10 °C 

Maximum temperature change 

rate 
3.99 °C/s 

From 188 s–27.41 °C to 

189 s–31.40 °C 

Minimum temperature change 

rate 
0.49 °C/s 

From 138 s–31.75 °C to 

141 s–30.29 °C 

3.4. Flow Rate 

The dynamic net airflow rate histories for all six cases are shown in Figure 10. Here, 

the net airflow rate is defined as the surface integral of the velocity component normal to 

the rack outlet face over the entire outlet area. A positive value indicates that air is being 

exhausted from the rack into the hot aisle. For both server racks and switch racks, the net 

airflow rate represents the sum of the net airflow contributions of all IT equipment de-

ployed within the rack, computed using the same surface integral definition. 

In the single load cases (Figure 10a), the net airflow rate curves of both GEMM- and 

VGG-loaded racks closely follow their respective energy consumption curves. This is be-

cause rack inlet temperatures remain below 27 °C throughout the simulation. According 

to the EnergyStar fan control curve for the A100 server, the fan speed per unit load re-

mains constant when the inlet temperature is below this threshold. Consequently, under 

single-load conditions, the airflow response is directly proportional to the load-induced 

power demand. Therefore, abrupt load transitions trigger sharp changes in server exhaust 

flow. These changes perturb cold-aisle static pressure and induce transient airflow varia-

tions in adjacent switch racks. 

https://doi.org/10.3390/buildings16142780


Buildings 2026, 16, 2780 19 of 23 
 

https://doi.org/10.3390/buildings16142780 

In the mixed load cases (Figure 10b,c), the GEMM- and VGG-loaded racks exhibit 

dynamics that differ markedly from those in Cases 1 and 2. For GEMM-loaded racks, mi-

nor net airflow oscillations are observed during the high-load stages of 129–244 s and 252–

301 s. After 301 s, the net airflow increases abruptly relative to the fluctuation period. For 

VGG-loaded racks in Cases 3 and 4, the net airflow exhibits an increasing-then-decreasing 

pattern at the onset of the high-load stage and during 244–252 s. In Cases 5 and 6, minor 

airflow oscillations are observed in VGG-loaded racks during the constant-load stage after 

301 s. These phenomena share the same underlying mechanism as in the single load cases. 

Abrupt large-amplitude load changes in high-load racks cause sharp static pressure fluc-

tuations in the cold aisle. Because server fan exhaust flow depends not only on fan speed 

but also on back pressure, these pressure variations induce transient airflow changes in 

adjacent racks operating under different load conditions. 

 
(a) Single load cases 

 

 
(b) Mixed load, partially fluctuating cases 
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(c) Mixed load, fully fluctuating cases 

Figure 10. Dynamic net airflow rate curves of server racks for different cases. 

4. Conclusions 

A CFD model of a raised-floor data center was developed to investigate the dynamic 

thermal responses under six non-uniform load scenarios derived from representative AI 

workloads. Based on the simulation results, the following conclusions can be drawn. 

(1) The response lag of the air-conditioning units causes a temporary mismatch be-

tween cooling supply and server heat dissipation, leading to dynamic fluctuations in rack 

inlet temperature. 

(2) Rack outlet temperature is influenced by both inlet-temperature variation and 

workload fluctuations. Compared with stable workloads, fluctuating workloads produce 

larger temperature oscillations and higher temperature change rates. In addition, weaker 

load fluctuations lead to a weaker dynamic response in rack outlet temperature, with both 

mean fluctuation amplitude and maximum temperature change rate decreasing. 

(3) The mixed workload arrangement can reduce the overall fluctuation intensity of 

room-level heat dissipation. When servers with highly fluctuating AI workloads are 

mixed with stable-load or lower-fluctuation servers, the dynamic outlet-temperature re-

sponse is weakened, which helps improve the matching between cooling capacity and 

server heat dissipation and reduces the risk of transient hotspots. 

(4) Under single-load conditions, net airflow variation generally follows the server 

power profile. Under mixed-load conditions, abrupt load transitions can induce cold-aisle 

pressure fluctuations, which affect the airflow responses of neighboring racks. 

Future work should focus on integrating dynamic workload prediction with cooling-

control strategies to improve thermal management and energy efficiency in AI-oriented 

data centers. 
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