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Abstract The operation of global data centers as interconnected systems requires capacity planning that considers activity
across all centers and supports across all channels. An omnichannel approach incorporates Al to support capacity planning in an
integrated way, utilizing telemetry signals from the physical infrastructure and operational signals from the support systems that
cover edge, on-premises, and cloud footprints. Anomalies in observed behavior are detected and analyzed using machine learning
techniques. Elastic demand forecast models take into account external market influences and demand-shaping initiatives, while
simulations support what-if analysis for capacity planning. Cross-channel support for capacity planning considers catastrophe
preparedness and outage readiness, optimizes resource scheduling and queuing across centers, and leverages automation with a
human-in-the-loop governance model. Bandwidth, power, and cooling are planned using sustainability metrics and renewable
integration to contribute to business operations while enabling the organization’s net-zero commitment.

Al is prevalent across the business ecosystem and appears poised to disrupt every industry. The leadership of business enterprises
across regions are beginning to embrace Al solutions and turn to partners for the skill sets and governance frameworks for
securing maximum value. The synergy of harnessing omnichannel signals with Al techniques enables new use-case opportunities
for the offer portfolio of partnerships across industries. Such signals have been used to develop Al techniques for operational
elements of the data center ecosystem.

Keywords : Cyclic demand, Data center support, Demand shaping, Enterprise Al, Graph neural networks, Machine learning,
Omnichannel, Operational logs, Resources, Simulation, Social media, System telemetry, Telemetry, Thermal support, Time-
series forecasting, Traffic and latency, Traffic pattern, Two-sided marketplace.

1. Introduction analytics support provided by omnichannel support systems,
which include conventional help desks, chatbots, immersive
virtual agents, and other such channels. An Al-driven
omnichannel approach equips capacity management with
analytics models to ingest data from all relevant operational
sources and from third-party telemetry data feeds.

A rapidly increasing demand for uninterrupted data center
services calls for accurate capacity forecasts to anticipate the
utilization levels of bandwidth, power, and cooling resources
and improve risk management practices. A robust list of
impending capacity risks should be incorporated into the
incident and change management processes of the data
center support organizations as an additional input from
omnichannel support assistive systems. These systems can
consider resources across regions, initiate proactive
schedules for anticipated resource shortages, and fulfill real
time queueing and scheduling needs across a global data
center network. Integration of Al capabilities enhances the

An Al-driven omnichannel approach equips capacity
management with analytics models to ingest data from all
relevant operational sources and from third-party telemetry
data feeds. Supported by data from the physical
infrastructure, the readiness of the support ecosystem to cope
with catastrophes, outages, and other crowd-related
conditions should also be factored into the planning process.
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Fig 1: Capacity Planning in Global Data
Centers

1.1. Background and Significance

One of the core goals of a data center operation is to meet
customer demand in a timely fashion while striking a
balance between profitability and sustainability. In the era of
Big Data and Internet of Things, understanding patterns and
trends in demand is becoming increasingly complex. As the
risk of outages in delivery increases, so does the impact of
such outages—both to customers in terms of loss of revenue
and to the service provider in terms of loss of reputation.
Unlike physical systems, data center capacity involves a
high degree of multiplexing and is hence elastic to a certain
extent. During periods of high relative demand, it is
important to scale resources as best as possible and at the
same time make full use of the underlying multiplexing
capabilities to reduce costs during low-demand periods.

To support decision-making and operational planning, an
Al-based multi-channel approach is proposed for capacity
forecasting and resource management across the breadth of
supported channels. The channels can typically include
teleport monitoring and data-driven analysis (e.g., Al has its
own monitoring channels) and user-driven support
monitoring channels (e.g., ticket-driven monitoring) or even
crowd sourcing across non-monitored data center services,
such as social media. Examples of data sources used in
capacity analytics include telemetry from the physical
infrastructure, operational logs and tickets from support
channels, external signals (e.g., peak summer—winter seasons
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in certain countries, holidays) and global market signals
(e.g., stock market indices), and economic signals (e.g.,
positive or negative news flow on the global economy, such
as interest rates and inflation statistics).

Equation 1: Time-series demand forecasting equation
Step 1: Start with the idea of autoregression

In an autoregressive model, the next demand depends on the
current demand.

So write:

D¢ty o D¢

where

e D,=demand at time t

e D,,,=forecast demand at time t + 1
Step 2: Add a constant baseline

Demand may not be only a scaled version of current
demand. There may be a fixed baseline.

So:

51’4—1 =a+ th

where
e ag=hase demand level

e b= effect of current demand on next-period
demand

Final short equation 1

Diy1 =a+ bDy,
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1.2. Research Design

The paper describes the implementation of an Al-driven
omnichannel support framework for capacity planning in
global data centers. An omnichannel support approach
integrates data from diverse operational systems and
business units for an efficient and accurate collection of
cross-domain information to support automated analytics
and capacity forecasting. Al techniques for time-series
forecasting, machine learning, and simulation enable a
bottom-up synthesis of a business unit’s service demand and
demand elasticity models; these are combined with a
simulation model of other data center operations to plan
capacity. Capacity-planning analytics are provided to main
operators, along with operational logging and first-level-
support capabilities, which can all be leveraged during
catastrophic conditions or extended service outages.
Bandwidth, power, and cooling insights inform utilities and
sustainability stakeholders.

An Al-driven omnichannel-support strategy combines the
capabilities of multiple operational channels to maximize the
accuracy and completeness of the information being
processed. A framework specifically tailored for capacity
planning in global data centers applies telemetry from
infrastructure, communications and incidents from
operational support, scenarios to shape-service demand for
external market changes, and surrogates of nondedicated
interactions to populate demand-elasticity models. The
output of this omnichannel orchestration—a set of signals
for short-term resource provisioning, queuing across regions,
and standby planning for outages and catastrophes—can also
feed other analytical models requiring OpEx or CapEx
estimates. Substantial effort and investment in the evolution
of main operational support channels can magnify their
value during conditions for which use is either not planned
or anticipated.

2. Implementation Considerations and
Best Practices
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Detailed discussions of the proposed capabilities will help
identify and elaborate supporting processes. During
implementation, organizations should consider additional
aspects of success, including a roadmap with appropriate
governance, change management, skill development, and
metrics for continuous improvement.

Creating and nurturing an omnichannel support capability
for data center capacity planning typically follows a
roadmap that specifies requirements for people, processes,
technology, and governance at various stages. Technical
maturity is a key aspect and defines the set of technologies
supporting enterprise business objectives and the means for
leveraging them. Organizations should strive for automation,
seeking to minimize dependence on human expertise for
both application and production. Fitness for purpose, on the
other hand, assesses the set of technologies considering how
effectively they solve the business problems they are
intended to address. The convergence of improved
telemetries and actionable analytics from partnership
ecosystem enables enterprises to complement their existing
operational technologies with additional Al techniques
providing optimized cross-channel support. The performance
of these techniques is continuously validated through what-if
analyses to confirm that the data-driven planning aligns with
practical capacity management.

Change management assesses the organizational readiness to
execute the required processes across the various support
channels. Technology addiction can inhibit action even when
an alternative has been modeled and is fully supported by a
professional services team. Regular discussions enabling
human-in-the-loop governance of automation can help
reduce this risk. Support capabilities across the channels
should continuously measure convergence readiness and
enterprise business objectives through change metrics linked
to key performance indicators. For example, at a global
level, time-series forecasting capability can continuously
monitor redundancy against catastrophe and outage
conditions and alert when service-class objectives are not
met.
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Table 1: Capacity Planning Inputs Table

2.1. Roadmap and governance

For omnichannel support to flourish, organizations must
possess the capability to create new processes and revise old
ones in an agile manner, as well as the discipline to stick to a
roadmap with governance oversight. Capacity and capability
planning in data centers is complex, as demand shapes and
load models are seldom accurate. Data centers often lack the
connectivity support and energy resources for instantaneous
scaling, hence, preparation is paramount. Decision-making
concerning network and power bandwidth, cooling capacity,
and IT resource scope entails aspects from different lanes
(telemetry, operations, engineering, product development,
and business). These domains should be harmoniously
integrated into a risk management structure that can handle
risk across all shades—from green level, which is benign
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Fig 2: Data Governance Roadmap

2.2. Change management and skill development

The introduction of Al-driven omnichannel support in
capacity planning will demand the involvement of various
teams through a well-defined and widely communicated
roadmap. More than ever, change management is vital to
retain user confidence and ensure maximum adoption when
modifying a process that has been in place and successful for
many years. Support teams must be empowered through
training in the capabilities offered by advanced Al
technologies over existing and new algorithms and models.
Metrics and key performance indicators (KPIs) should focus
on quality assurance while introducing pre-production
testing and continuous user feedback. This progressive
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strategy will create a collaborative environment where all
supporting channels work in unison as a single capacity
planning unit. If developed effectively, demand intelligence
and channel management will provide a significant
backbone to wide-scale data center operations and ensure
24x7 readiness for outages, both natural and manmade.

Skill development is necessary to maintain user trust and
ensure omnichannel capacity forecasting can leverage the
best information. Comprehensive training of the operational
support teams across all levels will foster understanding of
the environment and capabilities created by Al-driven
omnichannel support while cultivating trust in the
intelligence provided by the models. Progressively
expanding the usage of advanced techniques—such as
machine learning-based anomaly detection and time-series
responses—across a greater volume of data will assure
correct training and raise the detection threshold level
through user feedback. As new approaches are incorporated
into the decision framework, operational support teams will
gain experience and be able to safely push these
sophisticated solutions into Al-driven omnichannel capacity
planning.

Equation 2: Demand elasticity equation
Step 1: Write percentage change in demand

%AD = Ab
7D
where
e AD=D,—D;
Step 2: Write percentage change in price

seap = 25
TP

where
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o AP = PZ - Pl
Step 3: Define elasticity as the ratio

Elasticity is percentage change in demand divided by
percentage change in price:

_ %AD
" %AP

Step 4: Substitute the percentage formulas
AD

-D

PTar

P

Final short equation 2

—AD/D

AP/P

2.3. Metrics, KPls, and continuous improvement

A set of metrics and key performance indicators (KPIs)
backed by a feedback mechanism enable ongoing
improvement of omnichannel support delivery. The business
is continuously supported by respective services, since
proper service identification, documentation, and
categorization trigger corresponding responsibilities that
cover specific channels even during peaks and catastrophes.
The implementation-roadmap team is responsible for
addressing errors and managing imperfections, piloting
necessary organizational changes, making internal requests,
finding proper resources, and orchestrating a review cycle.

An Al-driven omnichannel-support framework based on
formal service identification, business needs, and
operational-activity classification accounts for the actual
support-delivery maturity. This maturity defines a structured
roadmap for building the next level of service resilience,
fulfilling compliance and audit needs, and reducing service-
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cost overhead. As in any operational business, matchmaking
service offerings with customer demand is challenging, but
incentive structures help reduce inefficiency. The dynamics
on supply and demand lead to inevitable capacity overloads,
and failure to match service demand and supply triggers a
dependency on different customer streams.

3. Al-Driven Omnichannel Support:
Concepts and Framework

Support for data center operations embraces all channels and
ensures the flow of signals and information supports holistic
capacity planning and forecasting. Feedback from support
requests, whether tickets or operational telemetry, informs
future capacity requirements and helps enhance the service
delivered across all support channels. Separate historical and
machine-learning models validate variations in demand
across different support resources, channels, and user
segments.

Omnichannel support thus plays a vital role in ensuring
effective published service-level objectives (SLOs). Al-
based optimization ensures messaging, resource allocation,
and real-time adjustments minimize user dissatisfaction and
negative impact on business operations. Planning at scale
anticipates security catastrophes, service outages, and power
system disruptions; industry alliances such as SysML and
the Microsoft Security Response Centre (MSRC) exchange
knowledge and best practices across users and cloud service
providers (CSPs). Automation reduces manual back-and-
forth communication and scaling coordination, while human
agents remain responsible for the final decision in case of
critical scenarios.
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Fig 3: Omnichannel Marketing

3.1. Definition and scope of omnichannel support in data
center operations

An omnichannel support framework makes virtual Al
support multi- and cross-channel capable in demand-
sensitive capacity planning for global data centers. Data-
driven projections of demand and demand fluctuations
integrate signal intelligence and supply-side telemetry with
support tickets and operational logs. Multi-channel
assistance empowers outage mitigation and avoidance of
systemic and cascade failures; cross-channel coordination
enables resource scheduling, queuing, load balancing, and
load distribution; algorithmic operation with human-in-the-
loop validation assures trustworthiness.

Omnichannel support integrates all communication channels
in user interaction and support processes. Virtual Al
assistance is usually external or additional; physical support
requires little explicit request. Such Al support is the
capacity planner’s virtual helper, ready to answer questions,
probe data, and propose actions. Omnichannel capabilities
add demand-side enablement for catastrophe readiness,
impair normal operations, and pose user trust risks.
Maintaining existing use cases stresses Al support;
strengthening them is essential for enabling initial
omnichannel capabilities.

3.2. Core Al techniques for capacity forecasting Time-
series forecasting is the most common approach for
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estimating future capacity demand. Historical data may be
used to train autoregressive models for different locations,
followed by estimation of demand elasticity with respect to
external and contextual signals. These elasticity values then
allow shaping of the demand curve using market signals that
are often available in advance.

Machine learning techniques find application in anomaly
detection and what-if analysis. Historical operational logs
from support APIs can be classified as normal and
anomalous, with the objective of training supervised models
capable of detecting similar anomalies in near real time.
Such models can trigger rule-based communication with
customers across channels. Alternatively, they can be used in
combination with scenario simulations to determine the
future capacity impact of these anomalies and assess the
need for additional actions/provisions.

Equation 3: Bandwidth quota function
Step 1: Define required bandwidth
Let

®  B.4=required bandwidth demand

®  B,=available bandwidth capacity

Step 2: Form a utilization/quota ratio

Quota is naturally the fraction of available capacity being
used:

Brcq
=5
5 Bcap
Final short equation 3
Brcq
Qp=%—
5 Bcap
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3.3. Data governance and integration across channels
Reliable forecasts can only be achieved by ensuring high
data quality. Al-driven methods generally leverage multiple
sources of data spanning different subject matter experts
(SMEs). The historical performance of the services,
products, infrastructure and support processes have to be
recorded and made easily available for timely model
training. Engineering techniques leveraged for
improvements in the hardware should also monitor the
health of the deployment through telemetry of the physical
devices. The capacity analytics need to be aware of how the
demand for services and products can be shaped through the
prices of the offerings. The business metrics need to be
tracked and operationalized to strengthen the forecasting
models. Each of the support channels needs to identify the
data signals that can help bring actionable capacity insights.
The insights generated within each channel should then be
made easily consumable for other channels through clear
onboarding matrices specifying what to consume and how.

For a successful definition of Al-enabled omnichannel
support, the capacity forecast models have to be closely
integrated with the operating processes of the organization.
As the forecasts will have a cascading effect on how data
centers are run, it should include inputs and be reviewed by
multiple stakeholders within the data center operations
domain. Multiple decision points should be created in the
operational workflow where the information captured by the
Al-driven model can augment the human expertise in
deciding how choices can be made differently to optimize
the outcome for the business.

4. Data Sources and Ingestion for Capacity
Analytics

Telemetry generated by infrastructure equipment, log data
from engineering and support teams, and external signals
from regional regulators or service providers form the core
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set of data captured for Al-driven capacity analytics and the
related omnichannel support functions.

The physical infrastructure of a global data center operates
and communicates continuously. Hundreds of thousands of
telemetry data points per second are generated, transmitting
a wealth of information remotely. Custom-designed
Dynamic Data Center (DDC) and Thermal Management
(TM) chips provide server-level power-off capabilities,
provide thermistors for per-unit temperature control, set the
datacenter's internal and external weather-related critical
points, and proactively support energy-saving and heat
recycling solutions. Gan-based and supply voltage control
technologies create energy-saving conditions as the data
center is in extreme low-load and low-temperature
conditions. Monitoring of the operational status and fault
notification of critical equipment components or peripheral
parts that may burn or die; control and monitor fire
detection, central cooling, power supply, external
communication networks, burglar-proof warning systems,
and sensor-related equipment. Not only all monitoring points
of the Power System, UPS, iUPS, and motor room are
remotely transmitted to the central control system, but also
arranged with upper and lower limits automatic alarm
actions in case of accident. Equipped with fire detection and
elimination systems to avoid fire hazards. Building up a
package inspection platform, especially for important
manufacturers. A comprehensive and one-stop quality
inspection platform has been established by the basement
complete with licensor and packaging manufacturers,
scanner, and inspection equipment. With “scientific,
efficient, and risk-averse” as the guide, idle warehouse shelf
resources have been uncovered and put into operation,
supporting the idle surge in demand. Clear and opening
usage strategy guarantees the inspection quality and
efficiency rise.

After its establishment, the “OnelD” cross-scene request
system will gather and analytical the business demand
information of the whole group and will keep the effective
information and request demand of six major functions up to
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date. Lead the analysis of major demand information such as
operation request, simple dark network establishment,
business scene application, request resource market, and
equipment smoky platform evolution, and support deep
analysis of main demand in the group by participating large
technical projects such as DBD. The group data service
platform will fully cover the whole group’s data independent
offering, service request, data production, data layer product,
data circulation, and data financial settlement.
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Fig 4: Data Sources and Ingestion for
Capacity Analytics

4.1. Telemetry from physical infrastructure

Telemetry collection from virtual and physical infrastructure
provides multiple forms of signals for both capacity planning
and demand shaping, enabling omnichannel capacity
operations throughout the organization. Infrastructure
telemetry includes explicit metrics and measurements from
the managed resources, such as hardware and hypervisors as
well as less frequent change events like rackspace and
bandwidth allocation. Relevant power delivery, cooling, and
bandwidth supply indicators also contribute to the effective
modelling and deployment of data center resources when
shaping demand, such as active cooling units or peak-
capacity backup generators.

Telemetry data can drive automated inputs and corrective
actions but also introduce points of failure when
unmonitored. Indeed, such high-availability and catastrophe-
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readiness features being tested in live global data centers
may temporarily generate excess capacity in other locations,
signalling to the orchestrating support channels to adjust.

Equation 4: Power quota function
Step 1: Define required power

Let
e  Bq4=required power load
e P,,=available power capacity

Step 2: Take the ratio

Preq
Qp =22
" Pap
Final short equation 4
Preq
Q=5
" Pap

4.2. Operational logs and tickets from support channels
Telemetry from physical and IT infrastructure is essential for
operational analytics; however, actual failures are rare and
require long observation periods for sufficient historical
data. Many anomalies or disruptions in service delivery that
might require preemptive or reactive demand-side capacity
shaping do not escalate into infrastructure failures. Support
channels such as chat, forums, and ticketing systems become
the primary sources of input for incident-based capacity help
and proper preparation for dealing with outages across
channels. Technicians require feedback on incident
resolution as well as a repository of knowledge. Therefore,
logs of successful and failed ticket closures also form part of
omnichannel capacity planning.

Incorporating intelligence from operational logs and
ticketing items assists in analyzing representative incomplete
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or incorrect closure due to back-and-forth conversations or
poor information in the original incident. By linking next-
chains in ticketing with sequence-pattern analysis, what
generally happens next when similar incidents are raised by
different users using different groups can be detected. Such
suggestions would need approval from a technician before
being communicated to the next caller. Alerts from the
monitoring stack can also be analyzed to ascertain what
additional human intervention may be required (additional
replies needed in a chat to move it forward) and if such
intervention to the alert can actually resolve the alert. Other
input channels like email or calls can be orchestrated
together.

4.3. External and market signals for demand shaping
Roadmaps are key to transformation journeys. Careful
planning and execution are important at every stage, from
conceptualization through delivery, implementation,
operation, and improvement. It takes strong governance to
balance speed and agility with quality and risk for successful
implementation of complex solutions that underpin the
achievement of business objectives.

Continuous monitoring of key metrics and KPIs—in
particular, the success or failure of the overall transformation
program—helps create an environment of healthy
significance testing and learning. Various underlying factors,
including technology, process, people, partners, and data,
need to be continuously fine-tuned based on business needs.
As in traditional product management, the goal should be to
achieve an always-on capability to “test and learn” in order
to improve business performance across the change-
investment spectrum and enable the organization to remain
in a state of continuous improvement.

Technique Input Data Purpose Output

Time-Series Historical Predict Demand
. workload future

Forecasting curves

data demand
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Technique Input Data Purpose Output
Machine Telemetry + Detect Alerts, root
Learning logs anomalies  causes
Simulation Multi-source  What-if Scenario
Models data analysis outcomes
Demgn_d Price & Demand O[_)tl_mlzed
Elasticity demand data shapin pricing
Models ping strategies

Table 2: Al Techniques for Capacity Planning

5. Modeling Approaches for Capacity
Forecasting

Time-series-based models and machine-learning-based
models are two major approaches utilized in advanced
capacity planning for predicting the growth of operational
demand. Time-series-based models for planning workloads
account for the long-term historical patterns of physical
workload driving resource consumption. On the other hand,
machine-learning-based models in capacity planning
contribute best when they detect demand-mode-change
patterns and unforeseen events that create cross-capacity-
pool consumption violations.

Demand shaping through price elasticity is an important
auxiliary component of demand forecasting. Price elasticity
quantifies the relationship between price changes and
variations in demand—an increase in prices typically
induces a decrease in demand. Demand elasticity modeling
coupled with standard price-demand substitution data
dimensionality offers the capability to enable planning teams
to define escape routes when demand shifts precipitate
congestion in specific operational regions. Furthermore,
running elasticity models through what-if analysis will help
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identify the relative impact of price incentives on demand
during local peaks and troughs.

Anomaly detection capability has a key role in ensuring
effective planning for unregulated business customers. By
analyzing and learning from operational telemetry of
individual workload streams, online models can calibrate
ranges of expected resource-consumption patterns that
develop over time. Regularly triggered retraining will enable
the models to capture creeping changes in run patterns
introduced by product updates, application upgrades, and
hardware refreshes. In addition to supporting the
identification of abnormal loads, such models should front
detect when abnormal loads have ceased, allowing the
removal of appropriate planned load from the business-as-
usual capacity plan.

Scenario analysis is commonly used to support "what-if"
discussion of longer-term capacity planning. Inputs may
vary according to the specific scenarios under
consideration—Ilikely driver trends, elasticity alternatives,
technology-impact options, etc. Simulations orchestrating
the full capacity-planning process, complete with driver
definitions, application of elasticity, demand-mode
detection, and modeling-recommendation, enable different
business-and-technical-focused stakeholders to frame and
assess distinct scenarios simultaneously. This approach
improves overall responsiveness and robustness.
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Fig 5: Modeling Approaches for Capacity
Forecasting

5.1. Time-series forecasting and demand elasticity Data-
driven capacity analytics and AlOps practices can enable
proactive and intelligent workload demand forecasting and
shaping, to ensure that application and infrastructure
capacity planning is data-proven and demand-aligned. Use-
cases include time-series workload pattern forecasting and
workload mix modelling to capture load demand elasticity.
For example, Anomaly detection-based scenario analysis can
augment the typical regression- and modelling-based
approach with focus on high-priority what-if scenarios,
empowering planning and site reliability teams to simulate
different workload scenarios , regardless of the impact on
other cloud services.

The high-level approach begins with testing, implementing
and operationalising an approach for time-series-based
workload demand and pattern forecasting into the
application data centre (BDC) groups backlog. This
approach can then be extended by integrating demand
prediction modelling, with the historical workflow standard
chargeback and billing data being enriched with chargeback
information of regulated and non-standard workloads.

Equation 5: Cooling quota function
Step 1: Define required cooling

Let
e (rq=required cooling load
e (.= available cooling capacity

Step 2: Form the quota ratio

Final short equation 5
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5.2. Machine learning for anomaly detection and
scenario analysis

Machine learning models are typically fitted to historical
telemetry data with known patterns of expected operations to
help detect anomalies and deviations from normal
functioning. When monitoring and alerting triggers are
associated with an outage condition in one of the primary
support channels, such as the Service Health Dashboard, the
key Al techniques mentioned in the preceding subsection
may be monitored to help generate an understanding of the
causes of the incident. A root-cause-analysis (RCA) process
focused on understanding the anomaly can help reduce the
time taken and improve the quality of lessons learnt.
Anomalies detected using such methods may also be
harnessed to improve scenario-analysis models that predict
the non-linear cost of executing certain actions at different
loads or whether achieving a desired outcome is practically
feasible when a certain threshold is breached.

Machine-learning techniques may be harnessed to build a
confidence matrix for different what-if analysis parameters.
Harnessing a supervised multi-class machine-learning
technique, the model can be trained on regressors
representing different types of scenarios along with the
respective output label from the scenario-analysis model.
The trained model can then be employed to predict the
scenario category based on the input features and the
associated probabilities for each category. Based on the
probabilities, a subset of expert resources can be contacted
for performing detailed what-if analysis on the selected
scenarios.

5.3. Simulation and what-if analysis for capacity
planning

Simulation-based modeling is suitable for what-if analysis
by integrating models of the data center, workload, and
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market into a simulation engine. Such analysis can facilitate
understanding of complex resource dynamics. For instance,
increasing demand can cause delays through bandwidth,
power, and cooling constraints at two locations, while also
triggering an operational disaster at another location. If
bypassed, projected delays will be shorter than those during
previous holidays.

Simulation models of data center operations, workload
evolution, and the wider market enable evaluation of various
what-if scenarios to guide capacity decisions. These models
can assist in risk management and formulation of operating
procedures. Coupled with strong operational data such as
queue lengths, a simulation can be deployed as an Al agent
for short-term planning.

6. Omnichannel Orchestration in Capacity
Planning

Effective omnichannel support for data center operations not
only encompasses responsiveness through every support
contact but also exploits the same reach for proactive
capacity planning. Omnichannel integration provides
systematic preparation for the rare catastrophes that outstrip
model predictions and helps avoid last-minute fire drills. A
broadening of the planning horizon allows predictable deltas
in capacity forecasting to be captured and resource
scheduling in a synchronized fashion across geographically
separated assets. Formal integration with technology
partners offers a mechanism for a common understanding of
band-limited service availability during peak-demand
windows and the throttling of requests to oversubscribed
facilities.

The demands on Al-run capacity planning are not limited to
a need for accuracy. Indeed, such precision may be of
limited benefit under catastrophic conditions ill-prepared for
by the models. Rather, the pressure is to deal with
uncertainty in demand and capacity in an orchestrated
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manner across all available channels, hazards, or use cases.
The support channels represent the ability to predict and
actually meet capacity gaps or deltas by tapping into other
channels (outage readiness) and/or also resource scheduling
gamifying a live-queue-like environment across global assets
in a "need it now" mode supported by a matching service
segmentation between Technology and Customers.

Digital Channels
and CRM

Fig 6: Omnichannel Orchestration

6.1. Catastrophe and outage readiness in cross-channel
support

Traffic volumes in omnichannel data center support
operations vary due to different workloads and input
management properties of the channels. However, the
extreme tails of the volume distributions are not well defined
or characterized and can give rise to volumetric surges that
put service levels at risk. For service continuity and to meet
user expectations, branded experiences, and customer
perception balances, particular attention must be given to
unexpected catastrophes, surges, and outages.

Cross-channel readiness for catastrophes and surges consists
of three interconnected components: volunteers to help
under extreme conditions, enforcement and follow-through
of procedures, and management escalation of unusual
events. VVolunteer lists in support operations can use
gamification mechanisms and be filled through social
networks to encourage participation. For surge modeling,
demand-sensitive elevation of the support operation mode
can enable preemptive or concurrent action with respect to
increased volume and less-typical user needs. Cross-channel
support energy must be geared to provide generic service
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availability, and the cost-benefit implications of scaling non-
branded experiences should be considered by the business.

Outage planning and support are other topographical
considerations in cross-channel readiness. Outages may be
external to the support operations but nevertheless require
support operation attention and servicing. Internally,
unavailability of one region, country, language, capability,
or channel can be seen as an external outage for all
components in the support operation—volumes in the
affected area will not be met, and users may need to reroute
traffic to alternative combinations of the network. Enabling
service continuity under outages requires management
attention, organization, and governance.

Component Description Function
Telemetry Infrastructure Provide real-time
Channels monitoring signals
Support Tickets, chatbots _Capture operational
Channels issues
External Social media. news Detect external
Channels ' demand shifts
Al Layer ML + analytics Integrates a nd
analyzes signals
. Final decision-
Human-in-loop Governance layer .
making

Table 3: Omnichannel Support Framework

6.2. Resource scheduling and queueing across global
centers

Bandwidth, power, and cooling capacity are the critical
services to consider in the context of omnichannel or
subsidiary channel capacity planning and readiness. The
need to match the supply chain with demand is also true in
data centers for omnichannel support. Predicting, but not
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limited to, spikes in demand for incident response, and
outages is crucial, because even for the current state of
capacity that a data center is treating, the load across
channels will not be uniform at all times or will be sharply
higher due to distortion of demand by high-profile incidents,
whether in real life or news visible to the general public.
Typical capacity management tasks such as scourging back-
up power sources deployed across sites for a last-resort pull-
exhaust-cool strategy where a temporary peak in demand
still drains the supply chain while keeping the average
demand and usage cost low does leverage these aggressive
peaks in support demand.

Beyond boundaries of the single data center, the achievable
capacity of the key services can vary and some can be
actively or dynamically scheduled. Across global, multi-
continent data centers, ambitious yet reasonable capacity
planning can take a whole new level, with escalation cross-
chaining means that really leverages the geographically
distributed 24-7-365 nature of modern tech services. Time
slots with deeply reduced operational capacity in one area
can be slated to be heavily used in another geography.
Intelligent scheduling tools or strategies (e.g. queueing,
Crown Jewels, Load Manager) can handle scaling and
queuing of resources not through command, but
supply/demand specification. Intelligent planning strategies
such as the above frameworks or their simple eldest-first
approach allow resource/capacity reduction and boost in
these geographically distributed omnichannel scenarios
naturally based on connectivity/network availability instead
of being micro-managed or strictly monitored, allowing
smart humans to concentrate on productive parts of their role
more effectively.

6.3. Automation and human-in-the-loop governance

Al systems enhance automation possibilities with demanded
quality and availability for production services. Corporate
policy requires data privacy and regulatory compliance both
for training models and responding to requests. For IT
services carrying sensitive customer information, cross-
channel support with artificial intelligence must treat
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sensitive data with stricter practices than other channels.
Natural-language-processing services not directly exposed
must demand better privacy by design for data retention and
lifespan for all training data. These business policies and
practices mandate constant supervision from a baseline
support-desk agent with operational knowledge. Their
responsibilities now include data-privacy breach detection in
Al-generated responses and supervision of Al-generated
messages in critical-breach-out scenarios.

Business policies governing legally mandated control and
supervision of all operational data also require human
supervision in other Al-generated responses with risk of
human/emotional miscommunication. For business-critical
resources, Al-generated responses not closely supervised by
business policy experts imply constrained leadership
escalation and confirmation.

7. Bandwidth, Power, and Cooling
Considerations in Al-Driven Planning

In addition to direct capacity requirements, omnichannel
support must govern the bandwidth, power, and cooling
supporting Data Center Operations. Active management of
these dimensions increases the avoidance of outages and
improves sustainability. Sustainability and efficiency metrics
support modern usage and create a future-proof
infrastructure. Renewable Energy integration and peak-
shaving Strategies maximize savings, during the investment
phase of the Infrastructure.

Bandwidth, power, and cooling are additional considerations
to be addressed in an Al-driven omnichannel support of Data
Center Operations. When running their business,
Connectivity, Processing Power, Data Storage, and
Supported Service Models are among the most visible
Capacity Requirements. However, when providing capacity,
service extends beyond server support. Bandwidth connects
consumers to servers, but the physical distance between
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those endpoints can significantly impact latency. Moreover,
Bandwidth and Latency are critical for Applications
unlocated in the same geographical Region. One of the main
benefits of a distributed Infrastructure is Disaster Recovery.
This needs to make al6region resilient to a sudden
increment in Outages or Demand Changes, despite the
different Resource Availability Condition in every moment.
When operating with customers in different geographical
Regions, Service Level Agreements may impose an
Acceptable Latency. Networks periodically download
Operating System and Application Updates. Latency-
sensitive Traffic may require dedicated links. Data Centers
may also offer Bulk Transfer Services.

7.1. Sustainability and efficiency metrics

Bandwidth, power, and cooling considerations underpin Al-
driven support for planning and operations in global data
centers. Sustainability, efficiency, and maximization of
return on investment are key design dimensions. Al
algorithms can use telemetry from recent years to guide
future actions in these domains. Simple calculations based
on operational requirements and capacities define quota
functions for bandwidth, power, and cooling.

Al algorithms can alert business and technology leaders to
deviations from these quota functions. When bandwidth use
is suddenly much higher than expected, detection of the
cause (for example, an emerging news story) can help steer
resources toward a temporary spike in demand. When
remaining bandwidth is suddenly very low, detection and
diagnosis can help avoid potential outages due to lack of
capacity. A high-level view of power consumption can help
determine when operational demand is much higher than
typical given historical data, and thus whether the local
centers are at risk of an outage. Equally, a sudden reduction
of the remaining power supply may indicate deeper issues
and should trigger human intervention. Alerts of this form
can be determined across all major resources and outputted
as a single dashboard or report for one or more senior
business leaders. Senior leaders not responsible for
immediate operations can also be alerted to any facility near
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or above its power limits, so that they can take appropriate
steps to minimize risk.

One of the main motivations for global cloud service
providers is sustainability and minimization of impact on the
planet's limited resources. Connections from renewable
sources are often prioritized, particularly in power-intensive
operations like mining. For example, during periods of very
low electric demand, resources requiring large amounts of
power can be triggered to run automatically, consuming
capacity while demand is low, and thus serving to "shave the
peak" of high demand when bandwidth use rises again. Al
can assist in logical management of these resources.

Power infrastructure

Servers

Typical breakdown of datacenter i

energy consumption

| Storage
Cooling systems. y 8%

35%

Network
5%

Other
15%

7.2. Renewable integration and peak-shaving strategies
Suppose the planned resources for the next period draw on a
significant proportion of renewable capacities during peak
periods of the Center’s demand or when the internal energy
consumption reaches low levels. In that case, there could be
additional benefits if that planned usage could be automated,
according to one of the following strategies:

- Peak shaving of energy consumption using manageable
resources/services that can adjust their load on a week-by-

week basis.

- A resource/services scheduling able to even out energy

consumption patterns and move some power use to non-peak
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shifting periods whenever possible to maximize the effects
on force disruptions.

8. Risk Management and Compliance

Managing risk is fundamental to the success of any
undertaking. While risks can be seen as limitations or
downsides that hinder the success of a project, they can also
be viewed as opportunities for maximizing the chances for
greater success. With a single word, risks can denote factors
that might negatively impact the outcome of a venture or
upside opportunities that might positively influence results.
From either perspective, risk management is a necessary
discipline applicable to any new initiative.

Incorporating appropriate risk governance and management
considerations into the definition and implementation of the
Al-driven omnichannel support solution provides substantial
value by reducing the likelihood or impact of a negative
scenario—and identifying new revenue-generating
opportunities. The channels integrated with Al-driven
omnichannel support provide huge volumes of operational
data that enable significant improvements in security,
privacy, and compliance risk management, offering clear
upside to the deployment of the technology. Nevertheless,
emerging policy and regulatory approaches for some aspects
of Al introduce requirements for more stringent controls,
especially in external-facing applications that involve data
from or interactions with customers or partners.
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8.1. Security and privacy in cross-channel data

With a handful of exceptions, chatbot support
communications do not contain any sensitive information,
and data transfer can happen across low-security channels as
long as personal identifiers are adequately stripped. Still,
semi-structured requests coming from chat combined with
operational data related to real-time outages introduce
security concerns that have yet to be explicitly addressed.
Such concerns clearly differ by region and require specific
attention since they lead to differences in cross-channel
support capabilities. Indeed, operational chat contacts in
some areas would allow direct access to the rules and
inventory of a competitor.

Additionally, the routing rules governing the channel with
the highest escalation level must ensure that the personnel in
charge have classified level D, E, or F clearance with regard
to the sensitive data shared in the channel. In areas where
local legislation does not allow data location differences that
could break these routing rules, ignorance of the sensitive
data could hamper company reputation and brand image.

8.2. Regulatory considerations across regions

Emerging Al-enhanced technologies manage a multitude of
real-time narratives across many support channels. In
regulated markets, Al can simplify the implementation of
compliance controls by ingesting regulatory requirements as
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documents and analyzing the output data for compliance. In-
sensitive support channels (for example, social media) must
comply with local regulations. Markets like Europe impose
strict data-protection regulations that must be inherently
upheld in all support models and Al systems.

The General Data Protection Regulation (GDPR) requires
compliance in any country, including those where
lawmakers consider such data segmentation irrelevant.
Therefore, GDPR compliance must be integrated into Al
models for those countries to avoid excessive fines.

9. Conclusion

Recent years have seen seismic shifts in technology and
society, reshaping the operational model for many service
companies: the “Just in Time” paradigm evolved into
“Shaping Demand and Capacity Management” through
automation, consumer announcements, and digitization.
Beyond the typical burst traffic in high-tech services, new
social dynamics have also led to new forms of catastrophic
behavior: opening up masses of queues for very limited time
and creating huge amounts of operational and service churn.
Last but not least, volatile energy prices and climate change
considerations have raised the pressure to optimize the
resources and energy consumed while delivering the
business services.

The combination of these trends creates new requirements
and challenges, creating opportunities for a scrupulous
approach to Capacity Planning driven by Al and
omnichannel support processes. Shaping Demand and
Capacity Management processes integrated with Support
process models generate capacity analytics powered by
demand- and capacity-related instrumentation across
omnichannel support seams supported by Al functionalities.
Cross-channel orientation managed with human-in-the-loop
governance enables reduced response time and avert
management of catastrophes and failures. Bandwidth, power,
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and cooling aspects are monitored through sustainability
metrics enabling fast reaction for eco-friendly business.

9.1. Emerging Trends

The emergence of foundation models (e.g., ChatGPT) is
changing the demand patterns of support functions in
communication and digital economy. These foundation and
fine-tuned models reduce the total volume of requests. The
search and wiki article contents have started to show signs of
shifting requests away from email, chat, and call channels.
Intelligent telephony solutions are on the verge of sub-60%
repeat-incident resolution. Future generations of foundation
models fine-tuned for enterprise-specific knowledge will
offer a 24/7 support capability that is essentially near-100%
resolution on text-based requests and message-writing
assistance during working hours. These developments will
reduce the burden of not having omnichannel support.

Conversely, telecom, transportation, and cloud service
providers have witnessed increases in demand for human
agent-assisted and voice support due to the introduction of
real-world-related products and services that have high
emotional involvements. COVID has also increased the
demand for cross-channel support in many functions,
especially in capacity and request volume modeling. It is
hardly possible to avoid these kinds of situations without an
omnichannel support framework during disaster or
catastrophe-like interruptions typical during pandemics and
natural and man-made catastrophes that threaten human
health and safety.
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