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Abstract. For data center energy systems to operate in an energy-efficient and risk-aware manner, accurate probabilistic 
cooling load forecasting is necessary. The earlier point forecasting techniques are limited to calculating the average cooling 
demand and do not account for a number of sources of uncertainty, including variations in chiller performance, workload 
fluctuations, outside temperature changes, and delayed thermal response. DeepAR-Quantile model for multi-horizon 
probabilistic cooling load prediction. An autoregressive recurrent structure represents historical cooling demand, IT load, 
power system data, outdoor weather parameters, chilled-water/supply-air temperatures, and operational circumstances. 
The model enables prediction intervals and high-load risk estimates by producing conditional quantiles rather than a single 
deterministic result. The suggested approach will be compared with ARIMA, LightGBM, LSTM, GRU, Transformer, and 
deterministic DeepAR using experimental analysis of 18 months' worth of 5-minute operational data. In comparison to the 
strongest baseline, the suggested model achieved an anticipated P50 RMSE of 3.42 kW at the 1-hour horizon, enhanced the 
P90 interval coverage to 91.6%, and decreased the average pinball loss by 18.7%. The findings above demonstrate how 
cooling dispatch, reserve planning, and thermal risk control in data center energy systems may be analyzed using quantile-
aware autoregressive models. 
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Introduction 
Large-scale digital storage, cloud computing, artificial intelligence services, financial platforms, and industrial 
Internet applications are all provided by power-hungry data centers. Heat generated by high-peak demand must 
be dissipated by the cooling systems for the servers, power equipment, storage arrays, and network devices. 
The weather no longer determines cooling load in modern facilities; instead, high-power-density IT equipment, 
workload migration, airflow dispersion, chilled-water systems, humidity, and delayed thermal buildup in server 
rooms are the main causes [1]. Thus, chiller scheduling, cooling tower operation, pump control, thermal reserve 
allocation, and emergency protection against hot-spot development are all directly impacted by an accurate 
cooling demand forecast [2]. Unreliable forecasting results in either insufficient cooling capacity and a service 
failure or overcooling of the room and energy waste [3]. 

In order to improve the accuracy of point forecasting under nonlinear operating circumstances, existing load 
prediction research have progressively included machine learning, deep recurrent networks, and attention-
based models [4]. Multiple anticipated values are also needed for cooling dispatch in data centers. Cooling 
systems may enter a partial-load condition with non-linear efficiency and reaction delays, external temperatures 
will fluctuate dramatically in a short period of time, and IT workloads may alter suddenly following virtual 
machine migration [5]. In these situations, a deterministic model will fail to capture the top tail of cooling 
demand while displaying a tiny average error. Thus, operational risk assessment has made use of quantile 
regression, probabilistic forecasting, and prediction interval estimation [6]. The conditional distribution of past 
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sequences can be more easily learned by DeepAR and other autoregressive probabilistic models [7]. Additionally, 
without assuming a fixed Gaussian distribution of residuals, quantile-based loss functions can estimate different 
confidence levels for the forecaster [8]. 

A DeepAR-Quantile model for probabilistic cooling load forecasting in data center energy systems is examined 
in this research. In order to generate multi-horizon quantile projections, the model must first encode the history 
of cooling demand, IT power, outdoor meteorological parameters, chilled-water supply temperature, return-air 
temperature, humidity, and equipment status indicators. Reliably estimate the high-quantile risk and accurately 
predict the median at the same time. Slow thermal response, abrupt workload shift, probabilistic interval 
calibration, and peak-load alarm in uncertain operating settings are the main issues that need to be resolved. 

Related Work 

Cooling Load Forecasting in Data Center Energy Systems 

Although it is a subset of building energy prediction, cooling load forecasting for data centers is more focused 
and time-sensitive. Data centers have a better correlation between IT workload and mechanical cooling demand 
[9], while general building studies concentrate on occupancy, weather, envelope reaction, and HVAC schedules 
[10]. According to data center energy studies, cooling contributes significantly to the facility's overall electricity 
usage, particularly when server density rises and airflow control is inadequate [11]. While shallow neural 
networks and conventional regression models are capable of learning daily patterns, they are likely to perform 
poorly in situations involving sudden equipment-state change and workload relocation [12]. By using high-
dimensional sensor characteristics and recurrent memory, deep learning models enhance nonlinear 
representation [13]. Reserve-aware cooling dispatch is not appropriate for many of the existing cooling-load 
models as they only provide one predicted value [14]. 

Probabilistic Time-Series Forecasting Methods 

Probabilistic forecasting techniques simultaneously display the range of uncertainty and the average future 
demand. Prediction intervals, bootstrap estimation, Bayesian regression, and quantile regression are the 
conventional techniques [15]. In energy forecasting, the coverage probability, interval width, pinball loss, etc. 
are frequently used to describe the reliability of an interval [16]. DeepAR is a popular tool for multi-series 
forecasting since it learns an autoregressive conditional distribution [17]. Although transformer-based 
forecasting models are better at modeling long-range dependencies, they often require more data and careful 
tweaking to estimate operational uncertainty [18]. Because they directly estimate P10, P50, P90, and other 
quantiles with a differentiable asymmetric loss function, quantile recurrent models are practical [19]. 
Additionally, data center cooling systems are quite straightforward; operators pay more attention to the upper-
tail cooling need than to the overall demand [20]. 

Uncertainty-Aware Cooling Dispatch and Risk Indicators 

Cooling dispatch must be both thermally safe and energy-efficient. A bigger cooling reserve is not designed to 
lower hot-spot hazards because a small forecast interval may be employed. The facility will be less energy-
efficient and have a comparatively high chiller capacity if it is too big [21]. The quality of uncertainty is no longer 
treated as an ancillary outcome in energy forecasting research, which has started to take it into account 
alongside point accuracy [22]. Thermal inertia in racks and hallways, temperature swings, workload fluctuations, 
chiller cycles, and missing sensor data all contribute to increased uncertainty in data centers [23]. As a result, 
risk-averse forecasting should explicitly reflect the highest quantile of cooling demand and include a variety of 
factors [24]. In a similar manner, DeepAR-Quantile calibrates interval behavior under high-load settings and 
learns conditional quantiles from sequential operation data [25]. 
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DeepAR-Quantile Probabilistic Forecasting Method 

Multi-Source Cooling Load Feature Representation 

Cooling load forecasting is viewed as a conditional probabilistic sequence issue in the suggested paradigm. As 
illustrated in Figure 1, cooling load, IT power, outside temperature, outdoor humidity, chilled-water supply 
temperature, chilled-water return temperature, air-side supply temperature, return-air temperature, cooling 
equipment status, and calendar indications are all monitored at each time step. The model learns delayed 
thermal effects based on operational experience by maintaining the order of these variables in time rather than 
compressing them into a fixed-size feature vector. 

 
Figure 1. Multi-source cooling load feature representation framework 

 
Let the multi-source observation at time to be represented by x−t, and let y_t denote the measured cooling load. 
The encoded sequence is formed as: 

𝑧𝑧𝑡𝑡 = 𝑊𝑊𝑥𝑥𝑥𝑥𝑡𝑡 + 𝑊𝑊𝑦𝑦𝑦𝑦𝑡𝑡−1 + 𝑊𝑊𝑐𝑐𝑐𝑐𝑡𝑡 + 𝑏𝑏𝑧𝑧 Eq.(1) 

This representation separates exogenous operating variables from the autoregressive cooling load signal. The 
hidden state is then updated by a gated recurrent unit to retain delayed thermal memory: 

ℎ𝑡𝑡 = 𝐺𝐺(ℎ𝑡𝑡−1, 𝑧𝑧𝑡𝑡 , 𝑟𝑟𝑡𝑡 ,𝑢𝑢𝑡𝑡) Eq.(2) 

The gate variables rt and ut regulate short-term workload impact and slower cooling-system inertia. To reduce 
scale imbalance among sensors, each physical variable is normalized by a robust deviation estimator: 

𝑥̃𝑥𝑡𝑡,𝑗𝑗 =
𝑥𝑥𝑡𝑡,𝑗𝑗 − median�𝑥𝑥𝑗𝑗�
𝐼𝐼𝐼𝐼𝐼𝐼�𝑥𝑥𝑗𝑗� + 𝜖𝜖

 Eq.(3) 

The various physical ranges and noise characteristics of the operational variables need a rather reliable 
Normalization Strategy. Thermal inertia and control delay will cause the chilled water temperature to vary more 
slowly after the workload relocation, although the IT power will change very rapidly. The recurrent unit will give 
high-magnitude variables too much weight and suppress weaker but operationally meaningful signals if the 
aforementioned variables are directly concatenated without scaling. As a result, the model retains the original 
physical scale for assessment and inverse transformation while using normalized variables for training. 

The prior L observations are stacked to provide a temporal context frame. Consequently, for a single predicting 
instance, the input tensor is: 
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𝑋𝑋𝑡𝑡 = [𝑥̃𝑥𝑡𝑡−𝐿𝐿+1, 𝑥̃𝑥𝑡𝑡−𝐿𝐿+2, … , 𝑥̃𝑥𝑡𝑡] Eq.(4) 

Statistics are not used to determine the context's duration. Air mixing, chilled-water transit, and equipment 
control hysteresis can cause a data center's cooling system to react slowly to variations in server load. The daily 
work cycle is covered by a 24-hour context, although recurrence may still be employed to concentrate on a 
shorter time frame when the most recent IT power indication is noticeable. This design is more flexible in 
responding to fluctuating cooling needs and does not rely on a single set seasonal pattern. 

DeepAR-Quantile Forecasting Architecture 

An autoregressive hidden-state model that directly produces quantiles is called the DeepAR-Quantile network. 
As illustrated in Figure 2, during training, the prior ground-truth cooling load is used as the autoregressive input, 
and the projected median trajectory is fed forward recursively during inference. Future cooling demand is 
unclear, and this design represents the real conditions of online forecasting. 

 
Figure 2. DeepAR-Quantile probabilistic forecasting architecture 

 
For each future horizon tau, the hidden representation is projected into multiple quantile outputs: 

𝑦̂𝑦𝑡𝑡+𝜏𝜏
𝑞𝑞 = 𝑤𝑤𝑞𝑞𝑇𝑇ℎ𝑡𝑡,𝜏𝜏 + 𝛽𝛽𝑞𝑞  Eq.(5) 

The autoregressive horizon transition is calculated as: 

ℎ𝑡𝑡,𝜏𝜏 = 𝐺𝐺�ℎ𝑡𝑡,𝜏𝜏−1, 𝑦̂𝑦𝑡𝑡+𝜏𝜏−10.5 , 𝑥𝑥𝑡𝑡+𝜏𝜏𝑒𝑒𝑒𝑒 � Eq.(6) 

To represent uncertainty expansion over longer horizons, the model introduces a horizon-sensitive dispersion 
term: 

𝑑𝑑𝑡𝑡,𝜏𝜏 = softplus�𝑎𝑎𝑇𝑇ℎ𝑡𝑡,𝜏𝜏 + 𝛾𝛾log(1 + 𝜏𝜏)� Eq.(7) 

The upper and lower quantiles are constrained around the median by a monotonic correction: 

𝑦̂𝑦𝑡𝑡+𝜏𝜏
𝑞𝑞𝑢𝑢 = 𝑦̂𝑦𝑡𝑡+𝜏𝜏0.5 + 𝑑𝑑𝑡𝑡,𝜏𝜏𝜂𝜂𝑢𝑢 Eq.(8) 

For lower quantiles, the correction is written as: 

𝑦̂𝑦𝑡𝑡+𝜏𝜏
𝑄𝑄𝑡𝑡 = 𝑦̂𝑦𝑡𝑡+𝜏𝜏0.5 − 𝑑𝑑𝑡𝑡,𝜏𝜏𝜂𝜂𝑙𝑙 Eq.(9) 

In noisy or infrequently observed operating circumstances, monotonic correction is employed to stop quantiles 
from crossing due to separate training of quantile heads. Such a cross makes it hard to read the interval and is 
both a mathematical blunder and a practical issue. As a result, direction-specific coefficients learn asymmetric 
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uncertainty and the upper and lower limits share the dispersion term. The reason for this is that an abrupt 
increase in work often causes greater upper-tail uncertainty than lower-tail uncertainty. 

If upper quantiles are lower than lower quantiles, a penalty is imposed to avoid quantile crossover. 

𝑃𝑃𝑞𝑞 = � 
𝑖𝑖<𝑗𝑗

max(0, 𝑦̂𝑦𝑞𝑞𝑖𝑖 − 𝑦̂𝑦𝑞𝑞𝑗𝑗) Eq.(10) 

The autoregressive decoder also distinguishes training and inference behavior. During training, the previous 
measured cooling load is available and stabilizes gradient estimation. During inference, the model must use its 
own forecasted median as the next autoregressive input. To reduce accumulated error, scheduled sampling is 
introduced in the last 40 training epochs. The probability of replacing the measured previous value with the 
predicted median gradually increases from 0.15 to 0.55, allowing the model to adapt to online forecasting 
conditions. 

Quantile Loss and Prediction Interval Calibration 

Quantile loss, interval calibration, smoothness control, and peak-load sensitivity are the optimization objectives. 
Because the error cost is asymmetric and relies on whether the forecast surpasses or falls short of the desired 
cooling load, quantile loss is employed. 

The quantile q's Pinball Loss is determined by: 

𝜌𝜌𝑞𝑞(𝑒𝑒) = max(𝑞𝑞𝑞𝑞, (𝑞𝑞 − 1)𝑒𝑒) Eq.(11) 

The multi-horizon quantile loss is aggregated by horizon weights: 

𝐿𝐿𝑄𝑄 = � 
𝜏𝜏

𝜔𝜔𝜏𝜏�  
𝑞𝑞

𝜌𝜌𝑞𝑞�𝑦𝑦𝑡𝑡+𝜏𝜏 − 𝑦̂𝑦𝑡𝑡+𝜏𝜏
𝑞𝑞 � Eq.(12) 

Because cooling load should vary smoothly unless workload or weather shifts occur, a trajectory regularizer is 
introduced: 

𝐿𝐿𝑆𝑆 = � 
𝜏𝜏

|𝑦̂𝑦𝑡𝑡+𝜏𝜏0.5 − 2𝑦̂𝑦𝑡𝑡+𝜏𝜏−10.5 + 𝑦̂𝑦𝑡𝑡+𝜏𝜏−20.5 | Eq.(13) 

Prediction interval coverage is calibrated by comparing the observed target with the predicted lower and upper 
bounds: 

𝐶𝐶𝑡𝑡 = 𝐼𝐼(𝑦̂𝑦𝑡𝑡0.1 ≤ 𝑦𝑦𝑡𝑡 ≤ 𝑦̂𝑦𝑡𝑡0.9) Eq.(14) 

The interval calibration loss is written as: 

𝐿𝐿𝐶𝐶 = |mean(𝐶𝐶𝑡𝑡) − 0.8| + 𝜆𝜆𝑤𝑤mean(𝑦̂𝑦𝑡𝑡0.9 − 𝑦̂𝑦𝑡𝑡0.1) Eq.(15) 

Peak-load risk is emphasized by assigning higher weights to targets above the historical 85 th percentile: 

𝜔𝜔𝑡𝑡 = 1 + 𝛼𝛼𝛼𝛼(𝑦𝑦𝑡𝑡 > 𝑄𝑄0.85(𝑦𝑦)) Eq.(16) 

The final optimization objective is: 

𝐿𝐿 = 𝐿𝐿𝑄𝑄 + 𝜆𝜆𝑐𝑐𝐿𝐿𝐶𝐶 + 𝜆𝜆𝑠𝑠𝐿𝐿𝑆𝑆 + 𝜆𝜆𝑝𝑝𝑃𝑃𝑞𝑞  Eq.(17) 

A single loss function is inappropriate since design serves several functions. Smoothness loss reduces physically 
irrational oscillations, pinball loss enhances quantile estimation, calibration loss controls interval reliability, and 
crossing penalty maintains interval order. The model's sensitivity to a high-cooling-demand event is increased 
by peak-load weighting, but it still fairly accounts for typical operating circumstances because of a cap on the 
weighting coefficient. According to validation, alpha has been adjusted at 0.35 in the implemented environment 
in order to raise the maximum recall without appreciably increasing the frequency of false alarms. 
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Experimental Scheme and Quantitative Evaluation 

Dataset Construction and Forecasting Settings 

An experimental dataset has been created based on 18 months of data from a data center's energy system at a 
5-minute sample frequency. Cooling load, IT power, outside temperature, humidity, chilled water supply and 
return temperatures, return air temperature, cooling tower status, chiller part-load ratio, and pump frequency 
are all included in the record. The dataset contains 151,200 valid time steps once the invalid sensor period and 
unduly brief maintenance pauses are eliminated. Ten percent of the sequence is utilized for validation, twenty 
percent is used for testing, and the first seventy percent is used for training. Forecast Timeframes: 15 minutes, 
1 hour, 3 hours, and 6 hours. The related historical procedure is 24 hours long, and the context length is 288-
time steps. 

To avoid operational and seasonal similarities in the test set due to random shuffling, the dataset is split 
chronologically. Longer missing segments are masked and removed from the loss computation, while missing 
values shorter than three consecutive intervals are filled using local linear interpolation. Because they do not 
represent a typical cooling condition, cooling load values of less than 5 kW during a maintenance shutdown are 
not utilized for training. The greatest recorded value is 168.9 kW, the 90th percentile is 132.5 kW, and the 
average cooling load is 84.7 kW. For quantile calibration, the aforementioned statistics can produce a realistic 
high-load tail. 

Accuracy, Interval, and Risk Evaluation Metrics 

The three components of the system are peak-load risk sensitivity, probabilistic interval quality, and 
deterministic accuracy. The deterministic accuracy of the P50 forecast is displayed using RMSE, MAE, and MAPE. 
The average interval width, prediction interval coverage probability, and pinball loss at P10, P50, and P90 all 
demonstrate probabilistic performance. Peak-load recall, false alarm rate, and warning lead time are measures 
of operational risk performance. The aforementioned indices were selected because a data center cooling 
forecaster must be extremely precise under typical conditions and dependable in high-load danger situations. 
Both a vast interval with a low dispatch value and a narrow but inadequately covered period are unacceptable. 

The actual tolerance band is defined as 78%–84%, whereas the intended coverage of the P10–P90 range is set 
at 80% for probabilistic evaluation. Larger coverage areas do not always translate into better models; if they do, 
the increased range will be excessively cautious in cooling reserve and waste energy. When the observed cooling 
loads in all future periods surpass the historical 90th percentile, the peak-load alarm is activated. A warning is 
only deemed legitimate if it is issued within 45 minutes of the incident. As a result, the late alarms will not be 
regarded as operational alerts. 

Baseline Models and Training Configuration 

ARIMA, support vector regression, random forest, LightGBM, LSTM, GRU, Transformer, deterministic DeepAR, 
and Temporal Fusion Transformer are compared with the approach shown here. Every neural network receives 
the same sensor input and has the same train-validation-test split. AdamW is used to train the DeepAR-Quantile 
model for 120 epochs. The initial learning rate is set to 0.0003, the batch size is 64, the weight decay is set to 
0.01, and the gradient clipping is set to 1.0. Quantiles should be set at P10, P50, and P90. If the validation pinball 
loss does not improve after 12 epochs, early halting is used. In order to avoid the suggested model exhibiting 
too strong performance, the hardware setup for the RTX 3060 GPU and Intel i7 workstation CPU inference 
evaluations in fact are somewhat conservative. Lagged cooling load, rolling mean, rolling variance, IT power, 
weather factors, and calendar variables are all utilized in tree-based models. Both GRU and LSTM are recurrent 
layers with 64 hidden units. The Transformer baseline has a hidden size of 128 and four attention heads. The 
suggested method's recurrent backbone is used by the deterministic DeepAR baseline, which produces a single 
mean forecast rather than quantiles. Rolling statistics are computed using just the historical data accessible prior 
to the forecast origin in order to minimize data leaking, and this comparison separates the effect of direct 
quantile learning from the overall benefit of autoregressive sequence modeling. The operational prediction that 
the energy management system has access to represents weather variables at a future horizon; observed future 
values are not used. For a 6-hour horizon, include a realistic level of weather uncertainty. The test set is utilized 
once after finalization, and only the validation set is used for hyperparameter selection. Since this protocol 
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complies with deployment procedures, streaming data must be processed using a cooling-load forecaster 
instead of retrospectively cleaned sequences. 

Result Interpretation and Comparative Analysis 

Forecasting Accuracy Comparison 

The following Figure 3 represents the overall predicted error. Deep sequence models are more suited for 
managing nonlinear temporal dependencies in the target, according to earlier studies on energy and load 
forecasting [26]. 15-minute forecast accuracy is displayed in Figure 3(a). The suggested model's RMSE and MAE 
are 1.86 kW and 1.21 kW, respectively; LSTM's RMSE is 2.34 kW and LightGBM's is 2.58 kW. The 1-hour horizon 
is depicted in Figure 3(b), and the suggested model has obtained 2.36 kW MAE and 3.42 kW RMSE. 
Autoregressive memory, which maintains the delayed effect of IT power on cooling demand, is primarily 
responsible for the aforementioned improvement. The 3-hour horizon is shown in Figure 3(c); the Transformer 
underestimates the abrupt high-load time even if it is superior to the recurring baseline. The 6-hour horizon is 
depicted in Figure 3(d), where the suggested model outperforms deterministic DeepAR at 7.6% and GRU at 8.4% 
by reducing MAPE to 5.8%. 

 
Figure 3. Cooling load forecasting accuracy comparison. (a) 15-minute horizon error comparison. (b) 1-hour horizon error comparison. (c) 

3-hour horizon error comparison. (d) 6-hour horizon error comparison. 
 

Error behavior is also influenced by the type of load condition. Because they require less cooling, most models 
perform similarly under steady nighttime operation conditions. However, shallow models are unable to keep up 
with the day's peak activity. By encouraging the hidden state to hold onto high-load evidence rather than 
smoothing it out, the suggested approach better addresses this situation. Additionally, studies on data center 



Data Center Energy System Cooling Load Probabilistic Forecasting with a DeepAR-Quantile Model 
https://doi.org/10.64972/jiic.2023v1.364p3s:27-41 

34 
 

cooling reveal that airflow and chilled-water loops delay thermal response [27], making models based just on 
recent point values unreliable. 

The research above indicates that the range between normal demand and high-cooling demand is where the 
largest benefit takes place. The model decreased the frequency of underprediction from 13.6% to 6.9% at the 
one-hour horizon. Under no circumstances can the range be underestimated for thermal control. The system 
will have to react more forcefully later if the chiller is turned on too late. Although the suggested method's 
median forecast is somewhat less smooth than the LightGBM forecast, cooling benefits from this. 

A data center's load is not exactly periodic. It can react to changes in equipment control or a surge in workload 
that aren't displayed by the calendar function. The Transformer baseline is steady during the short run but good 
in the middle term, according to the tests mentioned above. Attention systems may be excessively sensitive to 
noise in a limited number of recent sensor readings, despite their ability to acquire long-range relationships. 
Because recurrent autoregression naturally preserves local continuity and updates the hidden state gradually, it 
is more stable in the near future. In addition to adding quantile outputs for uncertainty, the model will display 
the stability mentioned above. As a result, it has done well across all time horizons and enhances more than just 
one forecasting length. 

Simultaneously optimize the cooling system's control. If the worst mistakes happen during the ramp-up phase, 
the point prediction might not be feasible even with a low RMSE. Within 30 minutes following a sudden boost 
in IT power, 61.3% of the biggest baseline faults in the test set manifest. This% is lowered to 38.7% by the 
aforementioned model, suggesting that the concealed state is more in line with transitory cooling behavior. The 
combined sequence of IT power, water temperature, and air temperature has taught the model a statistically 
stable delay pattern, but this does not imply that it has fully learnt the physical loop. 

The outcome of the deterministic comparison is displayed in Figure 4. The residual error distribution for several 
models is shown in Figure 4(a). The new method features fewer severe underprediction locations and a lower 
middle error range. Working-day and weekend prediction behavior is depicted in Figure 4(b). Weekend cooling 
loads are more consistent, whereas working-day mistakes are greater owing to frequent fluctuations in the IT 
demand. The suggested model has consistently improved both groups, and forecasting tests on load series have 
demonstrated that model assessment should be divided by operating condition [28]. 

 
Figure 4. Error distribution under operating conditions. (a) Residual error distribution. (b) Working-day and weekend forecasting 

comparison. 
 

The residual distribution demonstrates that by lowering the average error, the suggested model has not 
considerably raised the variance. The residuals' interquartile range is 4.18 kW, whereas Transformer's and 
deterministic DeepAR's are 5.72 kW and 6.41 kW, respectively. When compared to the best baseline, the model 
lowers MAE by 16.5% on working days. Over the weekend, there was a comparatively little decline of 11.9%. As 
a result, cooling loads with a high level of operational uncertainty are better suited for the model. 

The suggested model also has a more uniform distribution of residual signals. Because they have optimized for 
the average loss across the whole distribution, some deterministic baselines consistently underestimate high-
load times. The proportion of negative residuals with high IT use has decreased, but not all underpredictions 
have been eradicated by the model. Cooling reserve planning requires this behavior, and a biased model may 



Data Center Energy System Cooling Load Probabilistic Forecasting with a DeepAR-Quantile Model 
https://doi.org/10.64972/jiic.2023v1.364p3s:27-41 

35 
 

consistently underestimate the same class of operational events. This bias is seen in interval coverage and pinball 
loss in the quantile framework, and model failure is easier to spot. 

The model has not learnt a general pattern for all days, according to a comparison of working-day and weekend 
outcomes. If this were the case, there would still be a lot of high-load weekday mistakes, but weekend 
performance would be far better than working-day performance. Instead, in both situations, the model has a 
comparable relative advantage. As a result, the prediction will take into account the dynamic factors of chilled 
water temperature and IT power. The function will be used to adjust to changes in the workload pattern 
following the implementation of maintenance procedures, cloud resource transfer, or service growth. 

Probabilistic Interval and Uncertainty Analysis 

Figure 5 is the outcomes of probabilistic forecasting. Sharpness and interval coverage are both necessary for 
probabilistic energy forecasting [29]. The P50 cooling-load curve is shown in Figure 5(a), and the suggested 
model closely matches the observed trajectory's high-load and low-load phases. The P10-P90 prediction interval 
is shown in Figure 5(b). A fixed-width interval is inappropriate as the interval grows at times of heavy demand 
and contracts during regular operation. Prediction interval coverage probability is compared in Figure 5(c). 
Deterministic residual-based intervals are only at 84.2%, whereas the new model has achieved 91.6% P90 
coverage. Pinball loss is depicted in Figure 5(d), and when compared to Temporal Fusion Transformer, the 
suggested model lowers the average loss by 18.7%. 

 
Figure 5. Quantile interval forecasting performance. (a) P50 forecasting curve. (b) P10-P90 prediction interval. (c) Interval coverage 

probability comparison. (d) Pinball loss comparison. 
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There is a strong technical advantage to the Interrupt Behavior. A data center operator must fulfill the upper 
quantile for chiller capacity planning in addition to the average cooling demand. Because the new method is 
based on a hidden temporal state rather than being computed after point prediction, it has a smaller interval 
than the bootstrap baseline. Direct quantile learning often provides better operational calibration than post-hoc 
residual fitting, according to quantile forecasting research [30]. The model modifies uncertainty based on the 
operating circumstances, as seen by the interval width increasing by 21.4% during the workload spike phase and 
decreasing by 16.8% during the steady night period of this dataset. 

Calibration and Horizon Behavior Are Different. The P10-P90 range is narrow at the 15-minute horizon since the 
near-future condition is already determined by the recent cooling load and IT power. The delay lengthens at the 
6-hour horizon because of equipment-state uncertainty and cumulative weather influences. The suggested 
approach has a comparatively small interval and good coverage of the target region. The average P10-P90 width 
is 14.2 kW at one hour and 25.8 kW at six hours; both are 9.6% less than the residual-bootstrap interval but still 
offer adequate coverage. 

There has also been a rise in high-load risk detection. A cooling load that is higher than the 90th percentile in 
the past will be regarded as a dispatch-sensitive occurrence. The suggested model outperforms Transformer 
(88.1%) and LightGBM (82.7%) with a high-load recall of 93.8% at the 1-hour horizon. An early warning system 
for a high-cooling-demand location can prevent overheating, according to research on data center thermal 
management [31]. About 18.5 minutes before the high-load threshold is exceeded, the DeepAR-Quantile model 
will send out a warning, which is long enough for a phased chiller adjustment. 

False alarm behavior is also permissible. Though the majority of the additional warnings happen close to the 
load threshold, the suggested approach has a false alarm rate of 4.6%, which is somewhat higher than the 
deterministic DeepAR baseline's 3.9%. This trade-off makes sense in real cooling control as a few cautious 
cautions are less expensive than a rapid thermal rise. As a result, the model's two levels are applied as follows: 
P90 is utilized for reserve preparation and supervisory alarms, whereas P50 is used for standard control. 

P10 output serves an operational function as well. Even if the median estimate is rather low, it may be assumed 
that the cooling demand will not decline dramatically anytime soon if the lower quantile is high for a number of 
consecutive months. This sometimes happens as a result of extended periods of heavy server usage or 
comparatively high nighttime outside temperatures. As a result, early cooling decrease can be avoided by the 
lower quantile. However, operators may view the forecast as a risk-sensitive alert rather than an accurate load 
projection if the interval is comparatively big and biased towards the upper end. 

The analysis of the interval curves demonstrates how different causes of uncertainty lead to varied interval forms 
under the model. The interval progressively rises as the load varies due to weather since the cooling loop is 
slowly impacted by the outside temperature. The upper interval expands more suddenly during workload-driven 
changes because the server's capacity to release heat varies quickly. Both can be employed for control; an abrupt 
upper-tail expansion necessitates quick reserve preparation, while a progressive interval growth can be 
managed by planned chiller staging. It would be challenging to get such behavior from a residual interval 
connected to a deterministic model. 

Robustness and Operational Applicability Discussion 

Figure 6 illustrates robustness to external perturbations. After 10% of the temperature sensor data was 
randomly masked, the predicted results are shown in Figure 6(a). The suggested model's LSTM is 5.02 kW and 
its RMSE is 3.91 kW. An exterior temperature-shift curve is shown in Figure 6(b). The suggested model still 
achieves an interval coverage of 89.4% when the test profile's outdoor temperature is raised by 3°C. We must 
guarantee the resilience of interval reliability under disturbances since sensor uncertainty is an issue in energy 
systems [32]. 

Figure 7 displays the deployment-oriented comparison. The inference delay is displayed in Figure 7(a), and the 
suggested model predicts one sequence in 14.6 ms on GPU and 46.3 ms on CPU. The model sizes are displayed 
in Figure 7(b), and after export, the suggested model is 18.4 MB. The scheduling support impact is depicted in 
Figure 7(c), and in the simulated dispatch situation, interval-aware cooling reserve decreases needless 
overcooling hours by 11.2%. Forecasting models must strike a compromise between accuracy and running costs, 



Data Center Energy System Cooling Load Probabilistic Forecasting with a DeepAR-Quantile Model 
https://doi.org/10.64972/jiic.2023v1.364p3s:27-41 

37 
 

as demonstrated by edge and energy-system studies [33]. Therefore, the approach is suitable for online 
monitoring systems that update every five or fifteen minutes. 

 
Figure 6. Robustness under missing and disturbed sensor conditions. (a) Missing sensor data. (b) Outdoor  

temperature shift. 
 

 
Figure 7. Deployment efficiency and cooling dispatch support. (a) Inference latency comparison. (b) Model size comparison. (c) Cooling 

reserve scheduling effect. 
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Ablation research ascertain why a certain modification enhanced performance. The model is a deterministic 
autoregressive forecaster in the absence of quantile loss, and the P90 coverage decreases from 91.6% to 82.9%. 
After exogenous weather factors were eliminated, peak-load recall decreased by 6.8% points and 6-hour RMSE 
rose by 9.5%. Workload and temperature circumstances have a direct impact on data center load and cooling 
behavior [34]. Therefore, past cooling load should not be the exclusive basis for probabilistic cooling estimates. 

Chilled-water variables are more suited for medium-horizon accuracy than for short-horizon precision, according 
to the ablation findings. The 3-hour RMSE is 8.7%, while the 15-minute RMSE is only 3.1% higher when the 
chilled-water supply and return temperatures are excluded. As a result, the IT power does not represent the 
water-side thermal information, which probably has slower dynamics. Because planned work behavior has a 
minor periodic component, calendar indicators increase weekend and nighttime stability while having the 
smallest individual impact. 

There are flaws in this approach as well. The model will provide a wide range rather than a precise forecast when 
the cooling system is in an uncertain maintenance status. It is not very useful for precise dispatch, but it is 
appropriate for danger warning. Distribution shift is still a challenge for deep probabilistic models, according to 
forecasting literature [35]. Update the model on a regular basis using fresh data collected in practice. The 
primary residual errors arise when chiller changeover, workload migration, and an increase in the outside 
temperature all occur at the same time. The coupled phenomena indicate a non-linear reaction, according to 
research on thermal management and cooling technologies [36]. 

Although the model lacks an explicit thermodynamic equation, it is capable of learning statistical connections. It 
cannot ensure energy balance in the chilled-water loop; it can only ascertain the data's delayed reaction. The 
learned association will progressively alter if the sensor is still wandering after a few days. As a result, sensor 
quality checks and intervals will be part of a realistic deployment. 

Periodic validation of the measured cooling equipment performance and drift monitoring. Since even a well-
calibrated model would become inaccurate if the measurement layer changes, the following actions are 
essential in the mission-critical data center. 

For practical reasons, it can be used in conjunction with a supervisory decision layer. It shouldn't immediately 
take the role of device protection logic or rule-based safety limitations. After giving the dispatch optimizer a 
probabilistic cooling demand, decide on chiller staging, pump frequency, and cooling tower operation while 
adhering to safety regulations. In this workflow, the interval width represents the uncertainty cost, P50 
represents the economical operating point, and P90 represents the reserve required. The interpretation is more 
helpful to operators since it might assist them comprehend why the prediction has altered. 

The forecast-to-energy-saving strategy relationship is now more transparent thanks to the model. Reducing the 
necessary cooling capacity, increasing the temperature of the chilled water supply, or postponing chiller start-
up are many energy-saving measures. Only when the future load uncertainty can be measured are these 
procedures safe. Do not implement significant energy-saving measures based on a mild P50 projection if the P90 
forecast is near the top limit of the present cooling capacity. On the other hand, the system can be safely lowered 
to reserve cooling if both P50 and P90 are low and the range is small. Adding a set safety margin to all point 
forecasts is not as instructive as using forecast distribution. 

Lastly, gradual deployment is also supported by the approach suggested here. First, without automated 
operation, the model in advisory mode may be used to compare the actual cooling load with the projected 
interval. The P50 output may be utilized for scheduling suggestions, and the P90 output can be linked to alert 
thresholds. Interval reliability has been confirmed. As a result, the data center operator needs consistent 
behavior. 

It will be used in a decision-support distribution system instead of a single-point estimating model since it has 
demonstrated good performance in practice. Because cautious thermal operation in high-density data centers 
requires transparency, the deployment objective strives to achieve a smaller forecast error and a more 
disciplined cooling reserve strategy that can be explained, audited, and altered by operators. It is also possible. 
From an operational perspective, the suggested projection may be combined with dashboards for energy 
management, chiller sequencing, and model predictive control. P90 output is used for reserve decisions, 
whereas P50 output is used for routine dispatch. Because the dangers of undercooling and overcooling are not 
equivalent, this separation is necessary for energy-efficient data center operation [37]. Both frameworks offer 
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reasonable trade-offs between uncertainty-aware control and high-accuracy prediction. The cooling 
architecture, airflow design, and workload distribution are responsible for facility-level energy usage, according 
to earlier but still pertinent studies on data centers [38]. To illustrate the operator the likely cooling load and the 
necessary risk, include a probability interval. Temporal clustering and operating-condition separation have been 
suggested by other smart-meter and energy-behavior studies to improve deployment robustness [39]. It is 
possible to significantly minimize cooling energy while preserving thermal safety in the future by combining the 
suggested prediction and adaptive control approaches [40]. 

Conclusion 
Here, DeepAR-Quantile is suggested as a solution to the cooling load forecasting problem in a data center energy 
system. In an autoregressive sequence forecasting framework, the model integrates IT power, cooling-load 
history, outdoor meteorological elements, chilled-water parameters, return-air temperature and humidity, and 
equipment-state indicators. For a non-deterministic forecasting model, the two are the upper-tail risk estimate 
and the median cooling demand, respectively. 

According to the research above, quantile-aware autoregressive learning enhances interval reliability, high-load 
warning, and multi-horizon forecasting accuracy. The model is appropriate for a hot area, heats slowly, and 
performs well under heavy loads. Since a specific capacity must be reserved without excessive overcooling, 
prediction intervals are more practical than point predictions for the operational application of data center 
cooling dispatch. 

The system may be expanded in further work by include airflow simulation functions, online model updates, 
physical cooling-loop limitations, and model predictive control. Incorporating the probabilistic cooling forecasts 
into a real-time data center energy management platform may also involve hardware-aware compression and 
edge deployment. 
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