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Abstract

Modern data centers are consuming more energy than ever before due to the rapid growth
of cloud services, artificial intelligence (AI), and large-scale digital applications. As en-
ergy demand continues to rise, accurate load forecasting has become an important tool
for improving energy management and operational planning. However, predicting data-
center power demand remains challenging because computing workloads, cooling systems,
and facility operations are closely connected and constantly changing. This review ex-
amines the use of artificial intelligence (AI) and machine learning (ML) techniques for
data-center load forecasting. The surveyed literature covers traditional statistical methods,
supervised learning algorithms, deep learning models, probabilistic forecasting techniques,
and physics-informed hybrid approaches. Important topics such as forecasting horizons,
feature selection, performance evaluation, and practical deployment challenges are also dis-
cussed. The reviewed studies indicate that advanced approaches, including long short-term
memory (LSTM), gated recurrent unit (GRU), transformer-based models, and digital twin
(DT) frameworks, can improve forecasting performance and support more energy-efficient
operation. These methods can also assist carbon-aware and grid-interactive data-center
management. Several challenges remain. These include limited data availability, poor
generalization, interpretability issues, and real-time implementation constraints. In this
paper, the reviewed studies are classified and analyzed to provide a clear reference for
researchers working in AI-based data-center energy forecasting.

Keywords: artificial intelligence (AI); machine learning (ML); data centers (DC); load
forecasting; data-center load characteristics

1. Introduction
The growth of cloud computing, artificial intelligence (AI), and high-performance

computing (HPC) has increased the size and energy use of modern data centers [1]. AI-
driven computing is now a major contributor to global electricity demand and carbon
emissions [2,3]. The use of large language models, generative AI, and accelerator-based
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systems has further increased rack power density and cooling requirements [1]. Because of
this, energy efficiency, thermal stability, and carbon reduction have become key concerns in
addition to performance and reliability [2]. In this context, load forecasting has become
very important for data-center operation. It is used for workload scheduling, power control,
thermal management, and capacity planning. Accurate forecasting helps operators make
better decisions. It improves efficiency and reduces energy cost and thermal stress. It is
essential to note that load forecasting is also important for carbon-aware computing and
grid-interactive operation [4]. Industry studies in [5] also highlight its role in reducing
emissions in cloud systems. Unlike traditional power systems or buildings, data-center
forecasting is more complex. Workloads change quickly due to software behavior, virtual-
ization, and resource sharing. The IT load is also strongly linked with cooling and power
systems. These interactions create nonlinear and time-varying behavior at multiple time
scales. These range from seconds to weeks. Therefore, forecasting models must capture
temporal patterns and system coupling together. To ensure transparency and reproducibil-
ity, the literature was identified and selected following the PRISMA guidelines. Each paper
is assigned to exactly one category within each panel, so the counts in both panels sum to
132. The search strategy, eligibility criteria, and selection outcome are described in Figure 1.

Figure 1. Figure shows PRISMA flow diagram with the composition of the 132 included papers. (a)
shows distribution of the included papers by modeling approach. (b) shows distribution by research
theme.

To address challenges discussed above, many studies have used AI and ML methods.
Early work focused on statistical and regression models. Recent research has focused on
deep learning methods such as LSTM, GRU, and transformers [6]. Some studies have also
explored reinforcement learning for adaptive decision-making. Physics-informed models
are used to include system constraints in learning. Digital twin frameworks are used to
model real-time data-center behavior and support prediction. Several studies have focused
on autoscaling and elasticity in cloud systems [7]. Other works studied workload prediction
and resource estimation in virtualized environments [8]. Energy-aware scheduling and
server management have also been widely studied [9]. Additional studies focus on virtual
machine consolidation and energy reduction techniques [10]. Further research has explored
server-level optimization for energy efficiency [11]. Workload consolidation strategies have
also been proposed to reduce power consumption [12]. Thermal management has also
received attention due to its impact on cooling cost and system reliability [13]. Recent
studies also investigate advanced thermal modeling and optimization methods [14].
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Although the studies discussed above provide useful insights, existing reviews are
still fragmented. Many focus only on scheduling, auto scaling, or energy optimization.
Load forecasting is often treated as a secondary topic. In many works, only CPU utilization
or request-level metrics are predicted. Power demand, thermal behavior, and facility-level
constraints are less studied. The connection between forecasting accuracy, prediction
horizon, and real deployment is also not well explained. Another limitation is the lack of
focus on modern AI-based data centers. GPUs, TPUs, and other accelerators create higher
and variable power loads. These systems increase coupling between workload, cooling,
and power delivery. This makes forecasting more difficult. At the same time, new research
areas are emerging. These include explainable AI, physics-informed learning, digital twins,
and carbon-aware forecasting [15]. However, these topics are often studied separately.
There is limited effort to integrate them into a unified view.

Motivated by gaps discussed above, this paper presents a critical review of AI and
ML methods for data-center load forecasting. It connects forecasting models with opera-
tional goals such as energy efficiency, thermal management, reliability, and sustainability.
The review covers statistical methods, deep learning models, and physics-aware hybrid
approaches. It also discusses practical challenges such as data scarcity, nonstationarity,
generalization issues, interpretability, and real-time deployment. The reviewed studies
presented in this paper are classified and compared based on forecasting targets, methods,
and deployment characteristics. The goal is to provide a clear reference for researchers and
engineers working on intelligent and sustainable data-center energy systems.

To strengthen the critical-review contribution, the surveyed forecasting methods are
evaluated using common criteria, including accuracy, generalization, data requirements,
computational complexity, interpretability, robustness, physical consistency, and oper-
ational relevance. Reported error metrics are interpreted cautiously because datasets,
forecasting horizons, sampling intervals, and validation procedures differ across stud-
ies. Statistical models are generally interpretable and computationally efficient but may
struggle with nonlinear workloads, whereas deep-learning models provide stronger non-
linear and temporal modeling capability at the cost of greater data and computational
requirements. Physics-informed and digital twin approaches improve physical consistency
and operational insight but require additional modeling, calibration, and synchronization.
Therefore, this review emphasizes application-dependent trade-offs rather than ranking
methods solely based on forecasting accuracy.

2. Characteristics of Data Center Loads
Data center loads have different characteristics unlike traditional commercial or indus-

trial loads. These loads are the functions linked with computing activity, cooling systems,
and power delivery infrastructure. In traditional buildings, consumption of electricity
mainly depends on occupancy and weather conditions, while in data centers, the main
driver is digital workload and server utilization presented in [16]. Modern data centers
work as cyber-physical systems. Research in [17] discussed power consumption affected
directly in proportion to computation activity. This also changes heat generation and
cooling demand. Because of this coupling, load behavior becomes highly dynamic and
non-stationary. This makes modeling and forecasting more difficult.

Figure 2 shows the structure of a modern data center and its main subsystems. In this
figure, the IT layer represents the computing workload. The cooling system removes heat
from servers. The power system distributes electricity to all components. In advanced data
centers, renewable energy sources and grid signals also interact with system operation.
Therefore, total power consumption is not controlled by a single factor. It depends on
computing demand, thermal limits, power losses, and energy supply conditions. Because
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of this reason, researchers recommended that load forecasting must consider IT workload,
cooling behavior, auxiliary systems, and energy supply together.
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Figure 2. Physical layout of a modern data center showing interactions among IT load, cooling,
power systems, renewables, and grid signals.

2.1. Electrical Load Components

The data center electricity use is usually divided into three main parts such as (1)
IT equipment load, (2) cooling and HVAC load, and (3) auxiliary infrastructure load.
This classification helps explain the electricity demand changes over time and its impact
on energy efficiency, as discussed in the following subsections. Figure 3 illustrates the
coupling between workload, IT power, thermal response, and scheduling decisions. As
workload increases, heat generation increases as consumption of IT power increases, hence,
the demand for more cooling, which, in turn, feeds back into operational control and
scheduling policies.

(a) IT loads

The majority of energy consumption within modern data centers is attributed to
IT equipment (e.g., CPUs, GPUs, accelerators, memory, storage, and networking). The
amount of energy used by the IT layer is largely based on the intensity of the workload
and the nature of the applications used to perform those workloads. Workloads that are
CPU-based often create more consistent and stable power profiles. Conversely, workloads
that are processed by GPUs and accelerators (especially for AI training and HPC) can
experience a high degree of variability in their power profiles as they process data at
multiple instances due to their parallel architecture and aggressive dynamic voltage and
frequency scaling (DVFS) mechanisms, which is more common in data centers [18]. Recent
AI workloads reported in [19] further amplify this effect due to large-scale model training
and high computational density requirements. These workloads often generate sudden
power variations and high peak-to-average ratios. As a result, IT load modeling becomes
highly nonlinear and challenging, particularly for short-term forecasting.
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(b) Cooling and HVAC loads

The cooling and HVAC systems represent the second largest energy consumer in data
centers, reported in [20]. Their primary role is to remove heat generated by IT equipment
and maintain safe operating temperatures. According to [21], the cooling demand increases
with IT load, but it is also strongly influenced by environmental conditions such as tempera-
ture and humidity. In addition, system design, airflow management, and control strategies
significantly affect cooling efficiency. Prior studies show that cooling energy does not scale
linearly with IT load. In many cases, inefficient airflow and suboptimal thermal design can
cause faster than linear growth in cooling energy consumption [22].

(c) Auxiliary and infrastructure losses

Auxiliary and infrastructure loads include uninterruptible power supply (UPS) sys-
tems, power distribution units (PDUs), transformers, lighting, monitoring equipment, and
security systems. These loads are generally more stable than IT and cooling loads. Early
studies of warehouse-scale computing facilities highlighted power conversion and distribu-
tion equipment, which can contribute a substantial portion of non-IT energy consumption
[23]. Reliability-oriented analyses have further shown, in [24], that the UPS systems and
related electrical infrastructure introduce additional energy losses that must be considered
during facility operation. Auxiliary loads are often viewed simply as “background” con-
sumption; however, they represent a continual base/fixed level of energy demand. This
baseline directly influences key efficiency metrics, particularly power usage effectiveness
(PUE). For example, [25] examined the influence of different types of infrastructure and
cooling configurations on PUE performance and the contribution of support systems to
the sustainability of the data center, discussed in [26]. A recent report by [27] also found
that non-IT related infrastructure still plays an integral role in overall facility energy con-
sumption at large-scale data centers. Therefore, accurate characterization of auxiliary loads
is very important to assess energy efficiency, plan capacity, and long-term operational
optimization.

Figure 3. Data-center load dynamics showing workload demand drives IT power, heat generation,
cooling response, and feedback to workload scheduling.

2.2. Temporal and Workload-Driven Patterns

Data center workloads show clear temporal patterns. These patterns depend on
user demand, application behavior, scheduling policies, and environmental factors [27].
Unlike commercial buildings, which are occupied only on weekends, data centers remain
operational 365 days per year, 24 h a day. As a result, energy demand is characterized by
workload variation, scheduling decisions, and system usage that fluctuate with these three
variables [28,29]. Changes in energy level occur in several ways over different time frames,

https://doi.org/10.3390/en19153624

https://doi.org/10.3390/en19153624


Energies 2026, 19, 3624 6 of 29

ranging from immediate to weeks, and can span years to decades depending on business
need. Energy management, renewable energy collection/dispatch, and grid utilization
impact (interactions) among today’s data centers have a large effect due to the differences
in time cycles.

(a) Diurnal, seasonal, and bursty behavior

Data centers typically experience diurnal and seasonal variations in temperature.
Hyper-scale data centers often exhibit characteristics that deviate from expected patterns
due to their geographic distribution or the presence of multiple workload sites, detailed
in [30]. In addition, today’s workloads regularly experience bursty behavior. Batch process-
ing, analytics job completion times, and real-time service requests can all create “bursts” in
demand that are very short in duration (ranging from seconds to several minutes) and can
pose a significant challenge for accurately forecasting future demand, discussed in [28,31].

(b) AI training vs. inference workloads

The addition of AI workloads brings further complexity to temporal modeling. Work-
loads required for training AI typically have long durations and high computational
demands and can therefore produce sustained high power consumption and thermal stress,
reported in [32]. In contrast, the workloads required for AI inference are non-continuous
and sensitive to latency, leading to highly variable, bursty demand profiles. The coexistence
of training and inference workloads within the same infrastructure significantly increases
forecasting complexity and resource planning uncertainty, discussed in [33].

2.3. Thermal–Electrical Coupling

The important feature of data center operation is the strong link between electrical
power and thermal behavior. Most of the electrical energy used by IT equipment is
converted into heat. This heat must be removed to keep systems safe and reliable [34].
Because of this, energy use and thermal management are closely connected. They cannot
be studied separately when analyzing data center performance. Recent studies in [20] show
that high-density computing and AI workloads have increased this coupling. They also
increase cooling demand in modern data centers.

(a) Cooling–power interdependence

The cooling systems are closely linked with IT workloads. They operate in a contin-
uous feedback loop; when computing demand increases, servers use more power. This
produces more heat. As a result, cooling demand also increases. However, cooling energy
is not only based on heat generation. It also depends on airflow, supply-air temperature,
equipment layout, and control strategies, reported in [35,36]. Because of these factors,
electrical and thermal systems are strongly connected. It is difficult to model or predict
them separately.

(b) Spatial and rack-level effects

Power and temperature are not evenly distributed in a data center. Workload place-
ment and server usage create differences across racks and zones, discussed in [37]. These
differences can lead to local hotspots. Extra cooling is needed to keep safe operating condi-
tions. Airflow recirculation and bypass airflow can also increase temperature imbalance
in the system. Because of this, average facility measurements do not always show local
thermal behavior. This limitation has led to multi-scale, rack-level, and zone-level modeling
methods for better forecasting and control, reported in [27].
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2.4. System-Level Load Components and Drivers

Data center load is not only determined by IT equipment and cooling systems. Total
facility demand also includes overhead from UPS units, PDUs, transformers, and power
distribution losses. It also includes auxiliary loads such as lighting, monitoring, security,
and control systems. External factors also affect overall operation. These include electricity
price, grid carbon intensity, renewable availability, and demand–response signals, widely
reported in [38–41]. Because of these factors, system-level indicators are important. These
include PUE, overhead ratio, and cooling efficiency [42]. They help in understanding
total facility behavior and improving forecasting models. Figure 4 shows forecasting
horizons and their operational roles. Short-term forecasts (seconds) support real-time
control such as DVFS and power capping. Medium-term forecasts (minutes) support
workload placement and thermal pre-cooling. Hour-level forecasts are used for demand
response and energy optimization. Long-term forecasts (days to weeks) support capacity
planning and infrastructure expansion.

Figure 4. Forecasting horizons ranging from seconds to weeks and their related operational actions
such as power control, workload placement, demand response, and capacity planning.

Table 1 summarizes key load components and input features used in AI-based fore-
casting models. IT features include CPU and GPU utilization, virtual machine (VM) density,
and workload scheduling data. Thermal features capture cooling behavior and delayed heat
effects. Grid and renewable features support carbon-aware and price-aware forecasting.
Each feature group plays a different role in prediction. IT features mainly affect short-term
behavior. Thermal features reflect delayed system response. Grid-related features support
long-term optimization and sustainability.

Table 1. Summary of data-center load components and key input features for AI-based forecasting.

Load Component Representative Features Interpretability Complexity Forecasting Relevance References

IT-related loads
CPU/GPU utilization,
memory and I/O activity,
VM/container count

High Low to medium

Dominant driver of
short-term and peak
demand; critical for
workload-aware
forecasting.

[17,18,33]

Job scheduling metadata, task
type, batch size Medium Medium

Captures abrupt load
changes and
workload-induced
variability.

[29,31]

Cooling and
thermal loads

CRAC/CRAH supply and
return temperatures,
chilled-water temperature

High Low to medium
Strongly correlated with
cooling power and HVAC
control regimes.

[20,25,35,36]

Rack inlet temperature,
thermal hotspot indicators Medium Medium to high

Improves forecasting under
spatial thermal
heterogeneity.

[34,35,37]
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Table 1. Cont.

Load Component Representative Features Interpretability Complexity Forecasting Relevance References

Electrical overheads
UPS input/output power,
transformer loading, PDU
losses

High Low

Captures nonlinear
electrical losses; essential
for facility-level and
PUE-aware forecasting.

[23,24]

Auxiliary facility
loads

Lighting schedules, pumps,
humidification, occupancy
indicators

High Low

Improves robustness and
baseline stability during
operational regime
changes.

[25–27]

Grid and external
signals

Electricity price, demand
response events, carbon
intensity

High Low to medium
Enables grid-interactive,
price-aware, and
carbon-aware forecasting.

[38–40]

On-site energy
resources

Battery SOC/SOH, PV output,
generator dispatch Medium Medium

Required for net-load
forecasting and closed-loop
energy management.

[39,41]

System-level
efficiency metrics

PUE, IT power fraction,
cooling ratio, climate
indicators

High Low

Supports
decomposition-based
modeling and cross-site
generalization.

[25,26,42]

3. Feature Engineering for Load Forecasting in Data Centers
Feature engineering plays a central role in data-center load forecasting. Unlike tradi-

tional systems, data-center electricity demand is not generated by a single physical process.
It emerges from the interaction of multiple subsystems, including IT workloads, cooling
infrastructure, power delivery systems, and increasingly, grid and carbon-intensity signals.
Prior studies show that data-center load behavior is strongly influenced by computational
activity and thermal coupling between IT and cooling systems . In addition, modern work-
loads introduce fast temporal variations driven by scheduling decisions and control actions.
These characteristics make data center load fundamentally different from conventional
building demand profiles.

Because of this complexity, models based only on historical power consumption or
time-of-day patterns often fail under changing operating conditions. This limitation be-
comes more pronounced across different climates and workload regimes [43]. Classical
forecasting frameworks also struggle to generalize under strong non-stationarity in system
behavior [44]. Empirical results consistently show that physically informed and opera-
tionally meaningful feature sets improve both accuracy and robustness. This improvement
is observed across multiple forecasting horizons, from minutes to days . In practice, total
data-center power consumption is composed of multiple interacting components. These
include IT load, cooling demand, electrical infrastructure losses, and auxiliary consump-
tion [16,17]. This relationship can be expressed as

Pfacility(t) = Pit(t) + Pcooling(t) + Pelect(t) + Pauxl(t), (1)

where each term represents a physically distinct energy component. Pfacility(t) is the total
data center facility power at time t. The term Pit(t) represents the IT power consumed
by servers, CPUs, GPUs, memory, storage, and networking devices. The cooling power
Pcooling(t) includes computer room air conditioner (CRAC)/computer room air handler
(CRAH) units, chillers, pumps, and fans. The electrical infrastructure power Pelect(t) repre-
sents UPS, PDUs, transformers, and distribution losses, while Pauxl(t) includes auxiliary
loads such as lighting, monitoring systems, security, and other support equipment. This
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decomposition also leads to widely used efficiency metrics. One of the most important is
power usage effectiveness (PUE), defined as

PUE(t) =
Pfacility(t)

Pit(t)
. (2)

PUE(t) is not constant. It varies with ambient temperature, cooling design, and operational
strategies.

Here, PUE(t) denotes an instantaneous operational indicator used for short-term fore-
casting and control, whereas conventionally reported PUE is calculated from accumulated
facility and IT energy over a longer reporting period, typically one year [45,46].

3.1. IT Utilization Metrics

IT usage metrics are the key features for determining the load on a data center. They
are a reflection of workload intensity and will directly impact both the amount of power
consumed and heat produced by a data center. CPU usage is often used as a first-order
proxy for IT usage because of its strong correlation with dynamic power-related behaviors.
The most frequently used baseline-plus-activity model is given by

Pserver(t) = Pidle +
(

Ppeak − Pidle

)
uCPU(t), (3)

where Pidle represents the idle power, Ppeak is peak server power, and uCPU(t) is the
normalized CPU utilization, which varies from 0 and 1. It helps in determining the
incremental power [47].

Modern data centers are increasingly dependent on a diverse range of accelerators.
AI training and inference workloads that run on GPUs have different power profiles than
those that run solely on CPUs. The peak power of these GPU workloads typically exceed
much higher than their CPU counterpart, and the frequency at which they operate at peak
power also varies significantly faster. Hence, these workloads often exhibit higher peak
power and faster variations, discussed in [48]. For this reason, CPU-only modeling is no
longer sufficient. GPU utilization, memory bandwidth, and accelerator-level metrics are
now essential for accurate forecasting.

In addition to simple utilization, performance counters can give more profound insight
into the characteristics of the workloads. For example, the instructions per cycle (IPC), cache
miss rate, memory bandwidth, and I/O activity can quantify system-level stress [49]. When
used together with the signals for memory and I/O, these measurements also enhance
short-term forecasting capability, especially with mixed workloads [50]. At a higher level,
workload descriptors such as job arrival rate, queue length, and number of active virtual
machines provide demand-side information [40]. Temporal feature engineering is also
critical. Lag features, rolling statistics, and ramp rates help capture inertia and bursty
behavior in workload evolution. A generalized IT feature vector can be represented as

xiT(t) =
[
uCPU, uGPU, bmem, qjobs, nVM, ∆uCPU, u(w)

CPU

]
t
, (4)

where xiT(t) is the IT-related feature vector at time t, uCPU(t) is CPU utilization , uGPU(t)
is GPU utilization, bmem(t) is memory bandwidth, qjobs(t) is job-queue length, nVM(t)
is number of active virtual machines, ∆uCPU(t) refers to change in CPU utilization, and
u(w)

CPU(t) refers to window-based CPU utilization. Here, ∆uCPU(t) = uCPU(t)− uCPU(t−∆t)

represents the short-term variation in CPU utilization, while u(w)
CPU(t) =

1
w ∑w−1

k=0 uCPU(t− k)
represents the average CPU utilization over a window of w previous time steps, where the
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discussion on temporal and statistical operators captures both short-term fluctuations and
longer-term workload trends.

To represent the nonlinear and coupled power behavior of heterogeneous servers, the
CPU-based linear formulation is shown, as discussed in [51]:

PNL
server(t) = Pidle + α1uCPU(t) + α2u2

CPU(t) + α3uCPU(t) f 3
CPU(t)

+ β1uGPU(t) + β2u2
GPU(t) + β3uGPU(t) f 3

GPU(t)

+ γ1bmem(t) + γ2b2
mem(t) + δ1uuncore(t)

+ η1uCPU(t)bmem(t) + η2uGPU(t)bmem(t) + κs3
fan(t) + ε(t),

(5)

where uCPU and uGPU denote CPU and GPU utilization; fCPU and fGPU are their normal-
ized operating frequencies; bmem is normalized memory-bandwidth utilization; uuncore

represents cache, memory-controller, and interconnect activity; and sfan is normalized fan
speed. The coefficients αi, βi, γi, δ1, ηi, and κ quantify the CPU, GPU, memory, uncore, inter-
action, and fan-power contributions, respectively, while ε(t) captures measurement noise
and unmodeled effects. All normalized utilization, frequency, bandwidth, and fan-speed
variables are bounded between zero and one.

The linear CPU-utilization model may lose accuracy under heterogeneous HPC and
parallel AI-training workloads because the same CPU-utilization level can occur under
different operating frequencies, memory-bandwidth demands, GPU loads, uncore activity,
and cooling requirements. In contrast, the quadratic, frequency-dependent, and interaction
terms in Equation (5) account for nonlinear resource behavior, DVFS effects, and CPU–
GPU–memory coupling. This nonlinear formulation is therefore more suitable for bursty
and accelerator-intensive workloads, although it requires additional measurements and
parameter calibration [51]. The server-level power modeling framework can be integrated
into a hierarchical forecasting architecture for facility-level load prediction by grouping
servers according to hardware configuration, workload characteristics, or operational con-
ditions. The power estimates from individual servers can then be aggregated to generate
cluster-level and data-center-scale power profiles. To address real-time telemetry and com-
putational limitations, representative server telemetry can be utilized instead of collecting
fine-grained parameters from every node, thereby reducing data transfer requirements
while maintaining effective macro-scale forecasting performance.

3.2. Environmental and Thermal Features

The environmental and thermal features strongly influence cooling-related energy
consumption. Cooling systems account for a significant fraction of total facility power,
often between 30% and 50% [52]. Their behavior is highly dependent on external condi-
tions. Important environmental variables include outdoor dry-bulb temperature, wet-bulb
temperature, humidity, and airflow conditions. These indicators directly influence econ-
omizer efficiency and cooling performance [53]. Recent studies also show that spatial
temperature variation plays a major role in thermal optimization [54]. Thermal telemetry
provides insight into system behavior. Server inlet and outlet temperatures, along with
hot-aisle and cold-aisle measurements, capture heat distribution patterns. Thermal data
are important for short-term forecasting because localized hotspots can increase fan speed
or compressor operation even when the IT load remains constant [35]. Cooling power can
be approximated using thermodynamic efficiency relationships [20,21]:

Pcool(t) =
QIT(t)

COP(t)
, (6)
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where Pcool(t) is the cooling-system power at time t, the heat load generated by the IT
equipment is QIT(t), and the coefficient of performance of the cooling system is COP(t); IT
heat generation is approximately proportional to IT power consumption.

3.3. Operational and Control Parameters

Operational control parameters define process of cooling, and electrical systems are
managed in real time. These include temperature setpoints, airflow control, valve positions,
fan speeds, and compressor stages [55]. Such control variables directly determine system
operating points. Therefore, they provide information that cannot be captured using
only IT or environmental data. The electrical infrastructure controls also influence power
consumption. Examples include UPS operating modes, transformer loading, and battery
charge/discharge cycles [56]. These control decisions introduce additional variability
into facility-level power measurements. Including them as features helps distinguish
workload-driven variation from infrastructure-induced variation, detailed in [42,57].

A commonly used derived feature is the overhead ratio:

roh(t) =
Pfacility(t)− Pit(t)

Pit(t)
= PUE(t)− 1. (7)

where rOH(t) is the normalized facility overhead at time t. This equation captures the
amount of cooling, electrical infrastructure, and auxiliary system overhead that is greater
than the amount of IT load. Higher values indicate greater percentage of non-IT overheads
as compared to computing power requirement, discussed in [16].

3.4. Grid and Carbon-Intensity Signals

The modern data center is becoming more grid-aware and low-carbon operation.
Therefore, external signals such as electricity costs and carbon intensity are now significant
predictors. Time-unique pricing mechanisms, such as time-of-use tariffs and locational
marginal prices, affect the schedule of workloads [50]. These signals directly influence the
observed demand behaviors. Another key driver is the carbon intensity (CI). Switching
of workloads at times of low-carbon periods is now widely studied as a decarbonization
strategy [58]. Recent literature shows that marginal emission factors provide more accurate
operational insights than average values [59].

The emissions involved in operations of data center can be written as

ECO2(t) = Pfacility(t)∆t · CI(t), (8)

where ECO2(t) is defined as the carbon emission involved in data-center electricity con-
sumption during particular time interval ∆t. Pfacility(t) is total facility power, and CI(t) is
grid carbon intensity at that particular time t, expressed in kgCO2/kWh or gCO2/kWh.
Power is converted into energy by factor of time interval ∆t; hence, this equation identifies
the relationship between the electricity consumption and the grid carbon intensity at that
time [4,5].

3.5. Practical Feature Engineering Workflow

Data-centered prediction uses a step-by-step approach with the data engineering
pipeline. The first step is to align different sources of data, including IT telemetry, cooling
signal, and grid data, into a common temporal resolution [60]. The second step is to add
lag variables, rolling statistics, and ramp-rate variables to capture the time-dependent
relations between workloads through inertia and burst behavior [61]. The third step is to
create meaningful interaction features among the different physical characteristics of the
data center, such as a thermal-aware metric that incorporates IT utilization and ambient
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temperature [62]. The fourth step is to apply quality-processing techniques, such as outlier
detection and missing-value processing, using physically valid operating ranges as defined
by the thermal guidelines [22]. The effective feature engineering requires both data-driven
learning and physical system understanding. This combined approach is increasingly
emphasized in modern data-center forecasting literature [47].

4. Forecasting Methods
4.1. Traditional Statistical Models

Traditional statistical approaches continue to have a major impact on load forecasting
in the data center, even though their impact has changed over time; for example, some of the
most frequently used methods (AR, ARMA, ARIMA, SARIMA, and Holt–Winters smooth-
ing) presented in [63] are still being used primarily as a basis for forecasting prediction but
also serve as a basis for quantifying their predictive accuracy. All of those methods provide
a transparent basis, helping to separate predictable structure from complex operational
variability. Figure 5 shows load forecasting models from current statistical approaches to
machine learning, deep learning, and physics-based models to hybrid models.

Figure 5. Data-center load forecasting model families from statistical to hybrid methods.

Power needs in data centers usually have regular predictable patterns, but these be-
come difficult to model using fixed-parameter statistical models as workload characteristics
change over time and data centers begin incorporating more complex workloads, such
as artificial intelligence training and inference, autoscaling, and migration behavior, seen
in more traditional deployments discussed in [64]. Consequently, demand for power in
today’s data centers experiences far more abrupt and unpredictable changes than pre-
viously seen and is thus not suited to traditional fixed-parameter models. In addition
to these workload shifts, there are also non-linear dependencies between the IT load on
the data center and the power consumed by the data center’s cooling and infrastructure
equipment through the chiller system, economizer system, and the control systems, which
allow cooling and infrastructure systems to adjust based upon changes in IT load, illus-
trated in [65,66]. Therefore, traditional fixed-parameter time-series models cannot fully
capture the interrelationships between the IT load on the data center and the overall power
consumed by the data center.

Despite these limitations, statistical models remain important in practice [67]. They
are commonly used as benchmark models when evaluating more complex approaches [68].
They can also serve as stability references in ensemble forecasting systems. In some cases,
they help reduce extreme prediction errors, even when their overall accuracy is lower than
learning-based models [69].
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4.2. Machine Learning Approaches

Machine learning techniques offer greater flexibility by modeling nonlinear relation-
ships between telemetry data and future load [70]. Unlike statistical models, they can
accommodate many different types of input data sources. For example, IT utilization
metrics, cooling system data, and environmental conditions can all be used as input [71].
Input features typically include, but are not limited to, CPU and GPU utilization, memory,
storage, network activity, queue length, and workload description. Some features included
are of cooling-related variables such as temperature, airflow, fan speed, and valve posi-
tion [72]. Datasets with similar feature types have been used in prior research on data
center workloads and thermal modeling [73].

Among machine learning techniques, regularized regression, support vector regres-
sion, random forests, and gradient boosting methods are widely adopted. Tree-based
ensembles are among the most commonly used machine learning methods for capturing
complex nonlinear feature interactions while being easy to train and deploy [74,75]. They
rely heavily upon feature engineering to provide domain knowledge to the model, beyond
simple pre-processing functions. For example, at a given level of CPU utilization, the actual
power consumed by the system depends on both the cooling condition and temperature
of the environment, and as such, the overall characteristics of the relationship are learned
by machine learning models that receive well-engineered features [16,17,76]. In order to
capture the temporal behavior associated with a data element or series of events, lagged
feature values, rolling statistics, and workload descriptions are often added as feature
values. These additional variables can assist with representing the inherent inertia and
burstiness of demand patterns associated with the data to be modeled. A typical IT feature
representation can be written as Equation (4). Researchers [17,18,70,71] have used this
form of workload and server power modeling methods extensively, and the terms used are
explained at the end of Equation (4). The biggest benefit of using machine learning models
is their efficiency: they typically require fewer data points than deep learning models
and can be retrained quickly. Interpretability methods, such as feature importance and
SHAP analysis, increase the transparency of how the models perform in an operational
setting [77]. However, generalization remains a challenge as models created in one facility
do not transfer well to those at a different facility due to variations in cooling architecture,
hardware configuration, and workloads between data centers. Additionally, the same
model may perform differently as a result of changes to the system after upgrading or
modifying the control policy, discussed in [78].

4.3. Deep Learning Models

Due to their ability to model multi-dimensional data over longer time periods, deep
learning models have become instrumental in identifying temporal relationships in multi-
dimensional data over time. LSTM and GRU model [79] architectures are commonly
utilized to represent delayed correlation between changes in workload and responses to
power. Another alternative for learning local temporal patterns in time series is through
temporal convolutional networks (TCN), discussed in [80]. Recently, there has been a focus
on transformer-based and attention-based models as they can learn temporal correlations
across many telemetry data streams over long time horizons [81]. In addition to improved
accuracy through deep learning models, deep learning enables structured predictive fore-
casting. Unlike traditional predictive modeling methods, deep learning models can not only
produce a single prediction for a single time period but also produce a series of multi-step
trajectory predictions. This capability is of particular importance with respect to tasks
performed in operational environments (i.e., demand response, peak-load management,
optimizing energy) where an understanding of historical trends is critical [82,83].
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Probabilistic forecasting is another key capability. Quantile regression, Bayesian ap-
proximation, and other techniques allow models to express uncertainty in their predictions
rather than simply producing point estimates. This is critical for data centers because an
underestimation of the overall load will create operational risk [84]. Multi-task learning is
also enabled through deep learning, as multiple variables can be predicted together using
one model (e.g., IT power, cooling load, thermal state, and efficiency). This works very
well because the physical systems in data centers are all interrelated. However, using deep
models requires large datasets and careful tuning of hyperparameters. In addition, deep
models are harder to interpret than other prediction methods, which hinders their use in
environments where safety is critical. To be useful, deep models must be accurate; however,
they must also be reliable, interpretable, and stable with respect to changing conditions,
discussed in [85].

4.4. Hybrid and Physics-Aware Models

Hybrid and physics-aware models address a key limitation of purely data-driven
methods: poor performance outside observed operating conditions [86,87]. Data center
behavior follows physical laws. These include energy conservation, thermal dynamics,
airflow, and equipment efficiency. Ignoring these relationships can lead to unreliable
predictions during rare events such as heat waves or workload spikes. One common
approach is gray-box modeling. In this approach, simple physical equations are combined
with data-driven parameter learning. Another approach is residual learning. The first
prediction is made by using a physics-based model. The second prediction is made using a
learning model that corrects the first prediction [88]. Learning models may also include
physics-based constraints to produce physically valid outputs. For example, constraints
include non-negative power, bounded temperature, and monotonic relationships. Digital
twin systems take the concept further. They simulate both IT and facility operations in a
virtual environment and enable analysis of workload scheduling, cooling optimization,
and carbon-aware operations [89,90].

Following the physics-informed learning framework used for data center airflow and
thermal modeling, a representative composite loss function can be formulated as discussed
in [91]:

LPI = λd
1
N

N

∑
i=1

∥yi − ŷi∥2
2

+ λE
1
N

N

∑
i=1

[
Q̂cool,i − cp ̂̇mi

(
T̂ret,i − T̂sup,i

)]2

+ λm
1
N

N

∑
i=1

( ̂̇msup,i − ̂̇mret,i
)2

+ λT
1
N

N

∑
i=1

[[
Tmin − T̂in,i

]2

+
+

[
T̂in,i − Tmax

]2

+

]
.

(9)

Here, yi and ŷi denote the measured and predicted cooling-system variables, re-
spectively; cp is the specific heat capacity of the cooling fluid; ṁ is the mass-flow rate;
and [z]+ = max(0, z). The weighting coefficients λd, λE, λm, and λT balance prediction
accuracy and physical consistency. These physical residuals regularize model training
by penalizing violations of energy conservation, mass-flow continuity, and permissible
server-inlet temperature limits.

The main hybrid approaches to forecasting, as well as the probabilistic approach
and the digital twin approach, have been summarized in Table 2. This table illustrates
the way in which these approaches combine aspects of physical knowledge, uncertainty
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modeling, and system level constraints to enhance both the performance of the forecast
and its operational relevance. All three approaches have distinct advantages, including
reduced effort required to calibrate the models, increased accuracy achieved through sensor
coverage, and continuous maintenance associated with the forecasts. On the other hand,
developing and operating a digital twin can be quite expensive. Nevertheless, these ap-
proaches offer a promising way forward in developing forecasting systems that are reliable,
interpretable, and operationally safe. Hybrid and physics-informed forecasting approaches
integrate physical constraints with machine learning and deep learning methodologies to
improve the physical consistency and reliability of predictions. However, incorporating
such constraints typically increases model development complexity, including challenges
associated with model formulation, training, and deployment. The benefits associated with
developing hybrid systems will include improved ability to support decision-making for
data centers in the real world, reported in [90,92]. In addition to Table 2, Tables 3 and 4
summarize the quantitative evidence in the literature at different levels. Table 3 shows a
comparison on a single AI/HPC trace, where accuracy, model size, and inference latency
are measured under the same target and horizon and are therefore comparable. It shows
that attention-based modeling reduces MAE from 5% for recurrent baselines to 3.14% and
that a knowledge-distilled MLP retains this accuracy while using fewer parameters. Table 4
shows the reported results across studies in AI and HPC facilities. The contrast between
the two tables is informative as the field has converged on a common set of error metrics
but not on a common benchmark, which is why this review emphasizes trade-offs rather
than a ranking by reported accuracy.

Table 2. Hybrid, probabilistic, and digital-twin-based forecasting approaches for data centers.

Approach
Type

Embedded
Physical
Knowledge

Forecasted
Variables

Data
Requirements Advantages Application

Context Limitations References

Probabilistic
forecasting
models

Statistical
uncertainty
distributions,
temporal
correlations,
and prediction
intervals

IT load, total
facility power,
cooling
demand, and
net load

Historical load,
weather,
cooling-
demand, and
workload data
with sufficient
samples for
uncertainty
calibration

Provide
prediction
intervals,
quantify
uncertainty,
and support
risk-aware
operational
decisions

Capacity
planning,
reserve
allocation,
demand
response, and
uncertainty-
aware
scheduling

Sensitive to
distribution
assumptions,
tail-risk
estimation, and
computational
cost

[68,84]

Hybrid
physics–ML
models

Energy-
balance
equations,
thermal
dynamics, PUE
decomposition,
and
data-driven
residual
learning

Cooling
power, HVAC
states, facility
power,
temperature,
and PUE

Historical
power and
temperature
data, equipment
parameters,
cooling-system
measurements,
airflow
information,
and operating
constraints

Improve
physical
consistency and
generalization
while reducing
dependence on
large training
datasets

Cooling
forecasting,
HVAC
optimization,
thermal
management,
and control-
oriented
operation

Model
mismatch,
uncertain
physical
parameters,
parameter
identification,
and loss-weight
selection

[86,92]

Physics-
aware neural
networks

Soft or hard
physical
constraints
embedded in
network
architectures or
training loss
functions

Power
consumption,
airflow,
thermal states,
cooling
demand, and
efficiency
metrics

Power,
temperature,
airflow, and
mass-flow
measurements
together with
governing
equations and
permissible
operating limits

Penalize
physically
infeasible
predictions and
improve
robustness,
interpretability,
and
extrapolation
under sparse
data

Thermal-state
forecasting,
airflow
modeling,
cooling-load
prediction, and
safety-aware
operation

Higher training
complexity and
possible conflict
between
data-fitting and
physics-based
loss terms

[91,92]
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Table 2. Cont.

Approach
Type

Embedded
Physical
Knowledge

Forecasted
Variables

Data
Requirements Advantages Application

Context Limitations References

Digital-twin-
based
forecasting

High-fidelity
representa-
tions of IT,
cooling, and
electrical
systems
synchronized
with real-time
operational
data

Power,
temperature,
PUE, cooling
states, and
equipment
conditions

Real-time
sensor streams,
system
topology,
equipment
specifications,
control signals,
and model-
calibration data

Enable
continuous
monitoring,
virtual experi-
mentation, fault
diagnosis, and
evaluation of
alternative
operating
scenarios

Predictive
maintenance,
anomaly
detection,
capacity
planning,
real-time
monitoring,
and what-if
analysis

High modeling,
integration,
calibration,
maintenance,
and
computational
costs

[89,90]

Hybrid
digital twin
and
probabilistic
models

Physics-based
digital twins
combined with
uncertainty
quantification
and
probabilistic
inference

Probabilistic
power,
cooling,
temperature,
and
equipment-
state
trajectories

Digital twin
states, real-time
measurements,
historical
disturbances,
uncertainty
distributions,
and scenario
data

Provide
physically
grounded
uncertainty
estimates and
support robust,
risk-aware
operational
decisions

Robust
optimization,
resilience
analysis,
contingency
assessment,
and risk-aware
energy
management

Complex
uncertainty
propagation,
continuous
calibration
requirements,
and high
computational
burden

[84,86,89,
92]

Table 3. Forecasting accuracy and computational cost on the MIT SuperCloud AI/HPC benchmark,
with normalized-load errors compiled and cross-validated from Refs. [61,70,81]; the final column
identifies representative studies applying each model.

Model MAE [%] RMSE [%] Parameters
FP32 Memory

[KB]
Model Size

[KB]
Train/Val/Test

Split [%]
Related
Studies

GRU (baseline) 5.35 14.09 64.0K 250.00 430.00 70/15/15 [29,79,86]
LSTM (baseline) 5.12 13.64 81.9K 320.00 520.00 70/15/15 [6,48,82]
Transformer 3.14 9.96 69K 270.00 410.00 70/15/15 [71,81]
Distilled MLP 3.25 10.18 6.1K 23.82 27.74 70/15/15 [61,70]

Notes: We observe that the LSTM is best in memory size. The knowledge-distilled MLP matches the transformer
teacher’s accuracy while cutting the parameter count by approximately 13 times.

Table 4. The table shows the inventory of the predicted performance across several data centers and
cloud workload.

Ref. Method Dataset Target Horizon Metric Reported Result

(A) Facility with AI and HPC data centers

[61] Transformer → MLP MIT SuperCloud
(public) GPU power 1 min MAE, RMSE MAE 3.25%, RMSE 10.18%; transformer

3.14% / 9.96%; GRU (5.35% / 14.09%)

[82] LSTM / 1D-CNN GPU load Node power Short-term MAE, RMSE LSTM performs the best

(B) Cloud workload and resource utilization

[29] CNN-GRU + attention
layers Google (public) multivariate

workload Multi-step MAE, RMSE,
MAPE Outperforms CNN, LSTM baseline

[79] GRU + multi-head
attention

Google/Alibaba
(public) Cloud workload Multi-step MAE, RMSE,

MAPE Outperforms baselines

[6] VSBG Large-scale Cloud Workload Multi-step RMSE, MAPE Outperforms ARIMA

(C) Facility total

[48] Multi-feature LSTM DC demand Peak demand Short-term RMSE, MAPE depends on the architecture

[86] DLinear + GRU DC load cooling load Short-term RMSE, MAPE depends on the architecture

[35] GNN DC load Temporary outlet Short-term RMSE, MAE depends on the architecture

[36] Data-driven models Building-district
system

Cooling and
heating load Short-term RMSE,

MAPE, R2 different domain
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5. Applications of Load Forecasting in DC
Forecasting load has transitioned from only being a support tool for capacity planning

to being part of modern DC operations, as discussed in [93]. In former days, load forecasting
was used principally as a tool for infrastructure planning and for estimating capacity. Today,
however, forecasting is a component of many data center operational workflows, including
workload scheduling, cooling control, grid interaction, and carbon-aware optimization [94].
This transition represents an overall shift in the DC functioning. DCs are no longer just
passive consumers of electricity but are becoming more and more integrated into the larger
energy system and into electricity markets.

As highlighted in [4], modern facilities must also respond dynamically to external
signals such as grid demand, pricing, and sustainability constraints. Because of this shift,
forecasting is no longer limited to a single time scale. It must support both real-time
operational control and day-ahead or long-term planning decisions [95].

5.1. Demand Response and Grid Interaction

A key application of load forecasting is participation in demand response programs
and grid-interactive operation. Prior work has shown that data centers can actively support
grid stability by adjusting computational loads under operational constraints [96]. This
is possible because a portion of the workload can be shifted or delayed without violating
service requirements. Short-term forecasting plays a critical role in this process. These
projections enable proactive adjustments to system settings under uncertainty about future
demand. A common approach to the management of systems through forecasting includes
implementing workload redistribution on an hourly basis and cooling control strategies.
Furthermore, if energy resources available at the site could be managed to coincide with
these forecasts, they could provide a benefit by improving demand response program
participation while maintaining service level commitments [97].

From an economic standpoint, forecasting is essential for predicting future behavior.
For example, the use of dynamic pricing models (e.g., time-of-use tariffs and locational
marginal pricing) have shown that the benefits of predictive scheduling exist. Specifically,
through the use of forecasting, the ability of operators to shift their flexible workloads away
from high-priced time frames results in lower operating costs and reduced peak demand
charges [98]. Additionally, the use of forecasting will improve the operation of local energy
storage systems. By using forecasts to match battery charge and discharge decisions with
anticipated load peaks, electricity price patterns can help improve operating efficiency as
well as enhance system reliability, as demonstrated in prior work on coordinated energy
management [99].

5.2. Energy-Aware Workload Scheduling

The energy-aware scheduling method relies on load forecasting to determine when
and where to run computation tasks. Instead of waiting to observe actual conditions in
real time and respond to them, energy-aware scheduling uses pre-calculated (forecasted)
load/energy information to optimize the schedule in advance, presented in [100]. Forecasts
are used to determine whether to run workloads immediately, later, move them to a
different site, or throttle them. This is very different from traditional performance-oriented
schedulers that only consider system utilization at the time a task is executed and do not
account for future utilization [101,102]. By taking advantage of temporal variations in both
energy pricing and environmental conditions, predictive scheduling enables workloads
to be executed at times that reduce cooling demand in the DC or when electricity is less
expensive. Previous researchers consistently show that predictive scheduling is superior to
reactive scheduling when the workload is delay-tolerant, such as in batch analytics and
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large-scale data processing [103]. A fundamental requirement of these system types is
reliable, accurate short- to mid-term predictions of both workload changes over time and
the infrastructure’s impact on those changes, from the perspective of cooling and electricity
related limitations.

5.3. Carbon-Aware Load Shifting

Carbon-aware computing has become a major driver for modern load forecasting
research due to increasing pressure to reduce emissions from large-scale computing in-
frastructures, detailed in [104]. In carbon-aware load shifting, forecasts of both electricity
demand and grid carbon intensity are combined to determine optimal scheduling times
for flexible workloads. This allows computation to be shifted toward periods of lower
carbon intensity or higher renewable energy availability [105]. In addition to that, accurate
load forecasting is essential in this context because emissions depend not only on grid
carbon intensity but also on the actual power consumption profile of the facility. Even small
forecasting errors can significantly affect emission estimates when evaluating alternative
scheduling strategies.

Recent studies in [106] emphasize the importance of marginal carbon intensity over
average carbon intensity because marginal signals better capture the system-level impact
of incremental demand changes. This makes marginal-based forecasting more suitable for
operational decision-making in data centers.

5.4. Integration with Real-Time Control Systems

Load forecasting is becoming an important emerging use case for real-time control
systems. In real time, modern data centers use forecasts as input for closed-loop control
systems that dynamically manage power, cooling, and workload. Forecast information
allows operators to proactively adjust control variables (e.g., airflow rates, power caps, and
energy storage dispatch) rather than react after a deviation occurs, discussed in [107].

The application of MPC is an excellent illustration of this type of integrated system.
With MPC, a system uses its load and environmental forecast to determine the best control
action for its future usage over a set period (the predictive horizon). This control action
is then continually updated as new information is received (e.g., updated forecasts) [108].
Compared to traditional control methods (such as reactive), forecast-assisted methods, dis-
cussed in [109], show superior performance (in reducing energy consumption, maintaining
temperature safety, and improving overall system stability) when there are frequent and
rapid fluctuations in workload and limited thermal tolerance for heat output. Due to the
strong interrelationship between forecasting and control, the research community is now
taking a more integrated approach to both, treating them as a single unified system rather
than two separate entities. This is particularly important for large-scale, grid-interactive
data centers that are subject to volatile energy and workload conditions, highlighted
in [106].

The framework in Figure 6 summarizes the comprehensive methodology for forecast-
ing data center loads and the practical use of estimated load values generated from those
forecasts. The components utilized to develop the forecasted load values are largely histori-
cal data collected from the sites containing all available inputs: electrical characteristics such
as IT loads, cooling/HVAC loads, auxiliary load, facility loads (net, averages, min/max),
workload utilization like CPU/GPUs, memory usage, and environmental and thermal
features such as inlet/rack temperature, humidity, ambient temperature, as well as signals
sent from the grid, utility, and carbon markets like electricity price, demand response and
carbon intensity. These are then processed through a series of feature-engineering steps
for each input to create a dataset of processed time-series data. These steps involved are
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(1) data cleaning; (2) handling missing values; (3) normalizing datasets; (4) generation of
lagged features; (5) temporal encoding; (6) sliding-window formation (for example, moving
averages of input characteristics); and (7) feature extraction. These processed time-series
data are then used as input for the deep learning forecasting model (e.g., LSTM/GRU)
to learn temporal dependencies in data center load patterns, generating multi-horizon
forecasts for IT load, cooling load, total facility load, and PUE and predicting ahead of
time, as shown in the figure. t + 10 min, t + 3 h, and t + 48 h are multi-horizon predictions
in minutes, hours, and days. The forecasted load values produced can, subsequently,
be utilized for a number of operational applications such as demand response and grid
interaction, energy-aware workload Scheduling, carbon-aware load shifting, integration
with real-time control systems, as well as contribute to cost optimization, renewable energy,
and thermal management within DCs (long-term capacity planning) in today’s AI-enabled
data centers.

Figure 6. Multi-source data-driven load forecasting framework for data center control and scheduling.

6. Challenges and Research Gaps
Despite significant progress in data center load forecasting, several important chal-

lenges remain. Existing studies have improved forecasting accuracy using advanced
machine learning, deep learning, and physics-informed approaches. Challenges associated
with real-time data access and availability, model generalization, and interpretability of
model outputs are currently limiting the practical implementation of machine learning. In
addition, the need for improved forecasting models to support energy flexibility, enable
interaction with the electric grid, and enable low-carbon operations for contemporary
DCs has been highlighted by recent studies. Resolving these hurdles will increase energy
efficiency, enabling intelligent DC operation.
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6.1. Limited Availability of Public Datasets

The lack of available high-quality public datasets continues to hinder the forecasting
of DC loads. Due to concerns about security, privacy, and commercial use, many data
center operators limit access to operational data, discussed in [110]. Thus, many studies
have utilized proprietary datasets, synthetic workloads, or experimental workloads from
other sources. Some publicly available datasets contain only aggregated energy consump-
tion measurements but generally lack important information on workload characteristics,
cooling system performance, environmental conditions, control settings, and grid carbon
intensity. As a result of this limited amount of publicly available data, many models may
not be able to improve accuracy when using spatial, operational, and physics awareness, as
features used in the model will capture site characteristics, airflow, and thermal constraints
that result from the operation of a DC [111]. Lack of comprehensive datasets has limited the
use of feature engineering and prevented researchers from comparing forecasting methods.
As such, developing standard benchmark datasets is an important research focus.

6.2. Generalization Across Data Centers

Forecasting models are typically designed and validated using information from
only one facility. Although these models may achieve high accuracy for the target site,
their performance often degrades when applied to other DCs. This occurs as a result of
different DCs having varying infrastructures, cooling technologies, operational policies,
and geographical environments, making forecasting performance at a data center difficult,
and deploying it across several data centers is a major challenge. In order to resolve
this concern, researchers have begun utilizing transfer learning and domain adaptation
methods to ascertain the influence of spatial configuration change on model accuracy [112].
There is still no systematically developed framework for cross-project prediction; therefore,
future investigations should concentrate on establishing a model that requires little or no
retraining and/or calibration when transitioning from one site to another.

6.3. Accuracy vs. Interpretability Trade-Offs

Forecasting research faces the challenge of mediating prediction accuracy vs. model
transparency. Deep learning models have shown good performance in forecasting be-
cause they can represent nonlinear relationships in the data that are hard to understand
intuitively [113]. Ref. [114], demonstrated very good predictive performance using ad-
vanced data-driven techniques, but these models are often treated as black-box systems
and therefore lack transparency in their predictions. On the other hand, physics-informed
and hybrid models allow for the use of known relationships between IT load, cooling
systems, and environmental conditions in the modeling process, making them generally
more interpretable and explainable than pure physics-based approaches. However, they
generally do not have the level of accuracy associated with deep learning as they are not
able to capture rapid changes in operational conditions. Ref. [115] emphasized the need for
transparency in the models used to make operational decisions and provided examples of
data-driven processes to enable intelligent management of DCs. The current research area
of bridging the gap between interpretability and accuracy remains an ongoing challenge.

6.4. Real-Time Deployment Constraints

Most of the models used in forecasting are tested in an offline situation, where the
amount of computation and length of time consumed are not significant considerations.
However, this added complications when forecasting is carried out in a real-time manner.
Ref. [116] states that operational forecasting system requirements must comply with
requirements on latency, reliability, and computing efficiency. Real-world data streams can
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experience errors because of sensor malfunctions, communication delays, missing values,
and noise within the measurements made by sensors; therefore, these factors cause a large
decrease in the accuracy of the forecasts. In addition, periodic retraining may not always be
possible in a production environment due to scale. Because of the variability of workloads
and operating conditions [117], forecasting must be both adaptive and robust to enable
real-time control. Therefore, developing self-learning and adaptive forecasting models is
an important future research direction.

An important but often overlooked issue is the computational and environmental
burden associated with deploying advanced forecasting models in data centers. Large
transformer-based models and deep recurrent networks may require considerable GPU
or TPU resources for initial training, periodic retraining, and continuous inference. The
electricity consumed by these processes, together with the additional cooling demand,
hardware utilization, and related carbon emissions, may partially reduce the energy savings
obtained through improved forecasting and control. Therefore, future studies should
evaluate not only forecasting accuracy but also training and inference energy consumption,
GPU-hours, computational latency, retraining frequency, and associated carbon emissions.
In addition, lightweight model architectures, model compression, quantization, knowledge
distillation, and event-triggered retraining should be further investigated to improve
the overall energy efficiency and environmental sustainability of AI-based data center
management [118,119].

6.5. Integration with Control and Optimization Systems

In addition, one of the largest gaps in current research is the lack of integration
between forecasting models and optimization/control frameworks. Most of the avail-
able studies only measure the performance of forecasts using statistical metrics, e.g.,
MAE/RMSE/MAPE without considering the impact of forecast errors on operational
decisions. In practice, forecasts are an input to demand response programs and workload
scheduling algorithms, as well as MPC. The accuracy of the forecasted value allows the
MPC/robust controller to work within the thermal limits of a system, manage risk associ-
ated with uncertainty, and operate according to the other physical/engineering limits of a
system [120,121].

Although there has been an increase in interest regarding integrated forecasting and
control frameworks, methodologies capable of jointly optimizing forecasting accuracy and
control goals are still limited. Future research into this area should view forecasting uncer-
tainty, energy efficiency, operational reliability, and control performance as interconnected
goals. It is also clear that just improving forecasting accuracy will not be enough for the
next generation of intelligent DCs. Ref. [122] focused on the need for data-aware and
sustainability-motivated computing strategies and discussed the benefits of integrating
forecasting with energy management systems. Further progress in this area depends upon
improved datasets, greater generalization of models, enhanced interpretability, reliable
real-time deployment, and more tightly connected forecasting, control, and optimiza-
tion systems.

7. Future Directions
Based on the reviewed literature, the identified research directions can be organized

into near-term, medium-term, and long-term priorities for future data-center load fore-
casting studies. Near-term directions address limitations that can be investigated using
currently available datasets and models. Medium-term directions require closer integra-
tion between forecasting and operational systems, whereas long-term directions involve
autonomous and fully coordinated data center energy management frameworks.
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7.1. Near-Term Research Directions

1. Future forecasting systems should quantify prediction uncertainty to support risk-
aware operational decisions under uncertain workloads and grid conditions. This
discussion is also highlighted in [123].

2. Explainable forecasting models are needed to improve operator trust and support
decision-making in critical data center operations. This discussion is also highlighted
in [124].

3. Future models should simultaneously predict multiple variables such as IT load,
cooling demand, PUE, and carbon emissions. Such approaches can improve prediction
accuracy and reduce model complexity. This discussion is also highlighted in [125].

7.2. Medium-Term Research Directions

1. Combining AI models with physical and thermodynamic constraints can improve fore-
casting robustness, reliability, and generalization under varying operating conditions.
This discussion is also highlighted in [126].

2. Transfer learning can enable model deployment across different data centers with
limited training data. Domain adaptation methods can further address variations
caused by climate conditions, workloads, and cooling technologies. This discussion is
also highlighted in [127,128].

3. Future forecasting models should be integrated with energy management systems,
demand response programs, and smart-grid operations instead of functioning as
standalone prediction tools. This discussion is also highlighted in [129,130].

4. Future forecasting frameworks should incorporate carbon intensity, renewable energy
availability, and sustainability metrics to support low-carbon data center operation.
This discussion is also highlighted in [131].

5. Forecasting models should consider electricity prices, demand response signals, re-
newable variability, and grid constraints to support flexible and grid-friendly data
center operation. This discussion is also highlighted in [123].

7.3. Long-Term Research Directions

1. Future data centers are expected to use forecasting outputs for real-time control,
optimization, workload scheduling, and cooling management. Digital twins, MPC,
and reinforcement learning are expected to play significant roles. This discussion is
also highlighted in [130,132].

2. A major research challenge is the development of unified frameworks that combine
forecasting, control, optimization, and decision-making while ensuring stability, safety,
reliability, and interpretability. This discussion is also highlighted in [4].

3. Future studies should validate forecasting models using data from multiple data
centers and different operating conditions to improve model generalization and
reliability.

Load forecasting is evolving from a standalone prediction task into a key in-
telligence layer for autonomous, sustainable, and grid-interactive data center energy
management systems.

8. Conclusions
This paper presented a critical review of AI and ML methods for load forecasting

in modern data centers. It covered forecasting models, feature engineering, applications,
deployment issues, and recent research forecasting trends. The review shows that accurate
load forecasting is very important. It helps improve energy efficiency, thermal management,
system reliability, and carbon-aware operation in modern data centers. Recent research
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in deep learning, physics-informed models, and digital twins have improved forecasting
performance. These methods help in better coordination of workloads, cooling systems, and
power systems. However, some challenges still remain. These include limited good-quality
data, poor generalization across sites, low model interpretability, real-time deployment
issues, and weak integration with control systems. As data centers become more AI-driven,
load forecasting will play a key role in future energy management. Future work should
focus on explainable models, physics-based learning, adaptive forecasting, multi-objective
optimization, and better integration with control and carbon-aware strategies. Therefore, it
can be said that AI-based forecasting will become an important part of smart and energy-
efficient data centers.
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Abbreviations

AI Artificial Intelligence
AR Auto Regressive Model
ARIMA Auto Regressive Integrated Moving Average model
ARMA Auto Regressive Moving Average model
CI Carbon Intensity
CPU Central Processing Unit
CRAC Computer Room Air Conditioner
CRAH Computer Room Air Handler
DC Data Center
DT Digital Twin
DVFS Dynamic Voltage and Frequency Scaling
GPU Graphics Processing Unit
GRU Gated Recurrent Unit
HPC High Performance Computing
HVAC Heating, Ventilation, and Air Conditioning
IPC Instructions Per Cycle
IT Information Technology
LMP Locational Marginal Pricing
LSTM Long Short-Term Memory
ML Machine Learning
MPC Model Predictive Control
PDU Power Distribution Unit
SARIMA Seasonal Auto Regressive Integrated Moving Average model
SHAP Shapley Additive Explanations
SOC State of Charge
SOH State of Health
TCN Temporal Convolutional Network
TPU Tensor Processing Unit
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UPS Uninterruptible Power Supply
VM Virtual Machine
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