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Abstract—Amid escalating energy demands from data centers
(DCs), waste heat recovery (WHR) emerges as a critical approach
for enhancing energy sustainability and reducing carbon emis-
sions. Existing WHR solutions for DCs remain limited in practice,
constrained by limited heat-delivery distance and highly seasonal
heat demand. To overcome these limitations, this paper develops
an optimal planning framework for a hybrid cooling system, in
which the adsorption chiller (ADS) operates in coordination with
workload scheduling to enable on-site electricity-heat-cooling
conversion. Firstly, an on-site electricity-heat-cooling operation
model is developed to describe the coupling among server heat
generation, waste heat recovery, and heat-driven refrigeration.
Subsequently, a planning strategy for hybrid cooling systems
is proposed to minimize the total annualized cost, including
annualized investment cost and operation cost, via a discrete-
difference-based Benders decomposition algorithm. Furthermore,
a tailored reformulation method is designed to improve the
tractability of the on-site electricity-heat-cooling operation model.
Temperature-dependent ADS characteristics and related nonlin-
earities are modeled using two-dimensional SOS2 approximation
to reformulate the problem into a mixed-integer linear problem
for computational efficiency. Case studies demonstrate the effec-
tiveness of the proposed planning strategy in realizing energy
savings and carbon emission reductions.

Index Terms—Data center, waste heat recovery, adsorp-
tion chillers, on-site electricity-heat-cooling conversion, planning
strategy.

I. INTRODUCTION

THE rapid expansion of artificial intelligence, cloud com-
puting, and digital services has significantly increased

the electricity consumption of data centers (DCs) [1]. Recent
projections indicate that global DC electricity consumption
could more than double by 2030, reaching approximately 945
TWh [2]. Meanwhile, in some regions, the accelerating growth
of DC loads is outpacing local grid expansion, increasing
supply pressure and limiting further DC deployment [3]. Under
these conditions, improving DC energy efficiency is important
for relieving local grid stress and enhancing operational sus-
tainability. Since most of the electricity consumed by DCs is
ultimately converted into heat, a large amount of low-grade
waste heat is continuously generated during operation [4].
Recovering this waste heat offers a promising pathway to
improve DC energy utilization.

This work is funded by the National Natural Science Foundation of China
(52407075), the Science and Technology Development Fund, Macao SAR
(0089/2026/RIB1, 0050/2025/AIJ, 001/2024/SKL, and 0002/2025/EQP), and
the XPLORER PRIZE.

K. Wang and H. Hui (Corresponding author) are with the State Key
Laboratory of Internet of Things for Smart City and Department of Electrical
and Computer Engineering, University of Macau, Macao, 999078 China
(email: yc47979@um.edu.mo, hongxunhui@um.edu.mo). C. Ye and Y. Ding
are with the College of Electrical Engineering, Zhejiang University, Hangzhou
310027, China (email: yechenjing@zju.edu.cn, yiding@zju.edu.cn).

Waste heat in DCs has characteristics distinct from con-
ventional industrial sectors. Industrial waste heat from steel,
cement, and chemical processes is often available at higher
temperatures and can support a wider range of thermal appli-
cations. DC waste heat is typically lower in temperature and
more closely tied to the thermal management of computing
facilities. Therefore, waste heat recovery (WHR) pathways for
DCs should be selected according to their specific heat-source
characteristics. To harness the waste heat in DCs effectively,
a wide array of waste heat recovery (WHR) technologies
has been investigated. For example, reference [5] upgraded
low-grade waste heat via heat pumps for district heating. A
flexible workload management strategy was developed in [6]
to enhance the on-site heat supply during cold waves. The
compatibility of low-grade heat with emerging desalination
technologies was discussed in [7]. Reference [8] assessed
the feasibility of ORC deployment in DCs under varying
ambient temperatures, electricity prices, and carbon costs.
Despite these advances, the above waste heat utilization path-
ways exhibit limitations in universal applicability and overall
efficiency. District heating exhibits highly seasonal demand
[9] and is primarily viable in cold regions [10]. Desalination
is limited by thermal losses over long-distance heat delivery
[11]. Organic Rankine cycle systems generally have limited
thermal-to-electric conversion efficiency for low-temperature
heat sources [12]. These limitations indicate that DC-oriented
WHR should place greater emphasis on heat-source quality
and the spatiotemporal matching between heat supply and heat
demand. Collectively, these studies do not yet offer a broadly
applicable and high-efficiency solution for utilizing the large
volumes of waste heat generated by DCs.

Based on the above characteristics, a more intrinsically
compatible pathway is to use on-site waste heat to meet DC
cooling loads. This is attractive because cooling accounts for
20–30% of total energy consumption [13]. Unlike traditional
vapor compression refrigeration (VCR), thermally driven re-
frigeration technologies use heat to release and regenerate
the refrigerant from the adsorbent/absorbent, thereby driving
the cooling cycle and allowing waste heat to serve as the
primary energy input [14]. By utilizing waste heat for cooling,
DCs can realize on-site electricity–heat–cooling conversion,
thereby broadening the applicability of WHR and improving
energy utilization. Specifically, server electricity consumption
is ultimately dissipated as heat, and the recovered heat is
then converted into cooling to meet the DC cooling demand.
Thermally driven cooling technologies are mainly categorized
into absorption refrigeration and adsorption refrigeration. Ab-
sorption refrigeration suffers from low coefficient of perfor-
mance (COP) and requires driving temperatures above 65 °C,
which makes it incompatible with the low-grade waste heat in
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TABLE I: Nomenclature of Main Symbols

Symbol Description Symbol Description

A. Sets and indices
T Set of scheduling periods t Indices of scheduling periods
M Set of operation scenarios m Index of operation scenario
L Set of DVFS frequency levels l Index of DVFS frequency level
I,J Sets of breakpoints for ADS operation temperature i, j Indices of breakpoints for ADS operation temperature
A,B Sets of breakpoints for generator heat input and COP a, b Indices of breakpoints for generator heat input and COP
V,R Sets of breakpoints for air-flow and condenser-temperature v, r Indices of breakpoints for air-flow and condenser-temperature
K Set of Benders iterations k Index of Benders iteration

B. Parameters
D Number of days represented by each scenario πelec

t Electricity price in period t

πcarbon
t Carbon price in period t γt Carbon intensity of electricity in period t

cADS Unit investment cost of one ADS unit cV CR Unit investment cost of VCR capacity
rdisc Discount rate for annualized investment-cost calculation L Service life of equipment
λinter
t Arrival rate of interactive workloads in period t λbatch,0

t Original arrival rate of batch workloads in period t

τ inter
t Response-time requirement of interactive workloads τbatch

t Delay tolerance of batch workloads
f̄l Server operating frequency at DVFS level l µ̄l Per-server processing speed at DVFS level l
P idle Idle power of one active server κDV FS Dynamic-power coefficient for DVFS operation
Smax Maximum number of available servers β Proportion of generated heat removed by liquid cooling
rred Redundancy factor for capacity planning of cooling system ρw, cp,w Density and specific heat capacity of water
ρair Density of air εhex Effectiveness of the plate heat exchanger
εct Effectiveness of the cooling tower COPLC COP of the liquid-cooling system
COPV CR COP of the VCR system ηfan, Kct

a Efficiency of cooling-tower fan and coefficient of fan power
PADS,aux Auxiliary power of one active ADS unit hamb Enthalpy of ambient air
V̇ liq Volumetric flow rate of the liquid-cooling loop V̇ gen Volumetric flow rate of the ADS generator-side loop
V̇ cond Volumetric flow rate of the ADS condenser-side loop V̇ evap Volumetric flow rate of the ADS evaporator-side loop
Msrv,Mgen,
Mevap,Mct Big-M constants for server and ADS operation constraints Qair,peak Peak air-cooling demand used for capacity planning

∆QV CR Step size for VCR-capacity discrete difference ϵBD Convergence tolerance of the Benders decomposition

C. Variables
θplan, θsch Set of planning variables and scheduling variables Cinv , Cope Annualized investment cost and operation cost
NADS

plan ,QV CR
plan Planned number of ADS and planned VCR capacity PSRV

t Power consumption of server racks in period t

PLC
t Power consumption of the liquid-cooling system in period t PV CR

t Power consumption of the VCR system in period t

PADS
t Auxiliary power consumption of ADS units in period t P fan

t Power consumption of cooling-tower fan in period t

δbatch
t1→t Batch workload shifted from period t1 to period t λbatch

t Batch workload processed in period t after scheduling
Sinter
t Number of servers assigned to interactive workloads Sbatch

t Number of servers assigned to batch workloads
St Total number of active servers in period t ft Selected server operating frequency in period t
µt Selected per-server processing speed in period t zt,l Binary variable for selecting DVFS level l
Nt,l Number of active servers operating at DVFS level l NADS

t Number of active ADS units in period t

δADS
t Binary operating-state variable of the ADS system Qliq

t Heat load removed by liquid cooling in period t

Qair
t Air-cooling demand served by ADS and VCR in period t QV CR

t Cooling output supplied by the VCR system in period t
qgent Generator heat input of one ADS unit in period t qevap

t Evaporator cooling output of one ADS unit in period t
qcap
t Maximum evaporator cooling capacity of one ADS unit Qct

t Heat rejected by the cooling tower in period t

T
liq,in/out
t Inlet/outlet temperature of the liquid-cooling loop T

gen,in/out
t Inlet/outlet temperature of the ADS generator-side loop

T
cond,in/out
t Inlet/outlet temperature of the ADS condenser-side loop T

evap,in/out
t Inlet/outlet temperature of the ADS evaporator-side loop

V̇ ct
t Air volumetric flow rate through the cooling tower ∆ht Enthalpy difference between saturated outlet air and ambient air

COPADS
t COP of the ADS in period t λADS

i,j,t SOS2-2D interpolation weight for ADS performance
λhc
a,b,t SOS2-2D interpolation weight for heat-to-cooling coupling λct

v,t, λ
hr
v,r,t SOS2 interpolation weights for fan power and heat rejection

η Auxiliary variable approximating the operation cost µk
N , µk

Q Cut coefficients for ADS-unit number and VCR capacity
UBk, LBk Upper and lower estimation at iteration k Gapk Relative convergence gap at iteration k

DCs [15]. Moreover, absorption refrigeration entails practical
concerns such as corrosiveness and large space footprint [16].
In contrast, an adsorption chiller (ADS) operates effectively
at driving temperatures as low as 50–60 °C, making it better
suited for the waste heat in DCs [17]. Recent techno-economic
analyses have validated ADS as a promising approach for
energy savings and emission reductions in DCs [18]. In [19],
a hybrid cooling architecture is proposed where waste heat
from liquid-cooled racks drives an ADS, and the chilled water
is then supplied to air-cooled racks for reducing the electricity
load of VCR. Reference [20] developed a high-power-density
ADS using an encapsulated composite adsorbent, enabling
stable cooling driven by ultra-low-grade waste heat. In [21],
a numerical model is developed to predict ADS performance.
However, existing studies mainly focus on ADS component
performance or techno-economic assessment. The role of

ADS in system-level coordination that incorporates the on-site
electricity–heat–cooling conversion has received less attention.
This omission can lead to a mismatch between waste-heat
supply and cooling demand, limiting energy savings and long-
term economic performance.

To address these limitations, system-level selection and
capacity planning of relevant energy equipment are necessary.
This is because DC energy efficiency depends on how waste
heat is utilized within the on-site electricity–heat–cooling
conversion. Existing research on DC planning can be broadly
grouped into single-energy approaches and multi-energy ap-
proaches. Single-energy approaches primarily focus on elec-
trical infrastructure and associated flexibility resources. For
example, reference [22] developed a two-stage planning frame-
work for DCs that simultaneously optimizes equipment ca-
pacity and geographical placement within the power grid.

This article has been accepted for publication in IEEE Transactions on Smart Grid. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/TSG.2026.3750936

© 2026 IEEE. All rights reserved, including rights for text and data mining and training of artificial intelligence and similar technologies. Personal use is permitted,

but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.

Authorized licensed use limited to: Zhejiang University. Downloaded on November 08,2026 at 03:31:26 UTC from IEEE Xplore.  Restrictions apply. 



3

Reference [23] proposed a multi-objective planning method
that jointly determines the DCs and energy storage systems in
smart grids. Multi-energy approaches account for energy in-
teractions and enable coordinated optimization across multiple
energy carriers. Reference [24] proposed a planning method
for regional integrated electricity–heat systems with DCs,
incorporating a heat-recovery model to meet district heating
demand. Reference [25] introduced a multi-stage coordinated
planning framework for multiple energy hubs considering
the spatiotemporal workload regulation of DCs. Nevertheless,
electricity-centric planning overlooks electricity–cooling–heat
coupling in DCs, thereby underexploiting the potential of
multi-energy coordination and WHR. Although multi-energy
planning studies offer a more comprehensive perspective,
WHR is still modeled as an exogenous option with fixed ef-
ficiency and ADS-enabled waste-heat-driven cooling is rarely
incorporated. Such simplification fails to capture the on-site
electricity–heat–cooling conversion in DC operation, thereby
limiting improvements in system-level energy efficiency.

Therefore, achieving efficient utilization of waste heat re-
quires a DC planning model that captures the on-site electric-
ity–heat–cooling conversion. A practical implementation is a
hybrid ADS-VCR architecture, in which recovered waste heat
drives the ADS to produce chilled water, and the VCR system
supplies the remaining cooling demand. Developing such an
integrated planning model is nontrivial due to the following
challenges.

1) On-site electricity–heat–cooling conversion in DC in-
volves several interdependent processes, including work-
load scheduling, thermally driven refrigeration, cooling
supply and heat rejection. Such complex coupling makes
system-level modeling nontrivial.

2) The nonlinear characteristics of ADS and cooling tow-
ers, together with the planning–operation coupling in
capacity planning, hinder the tractable solution of the
optimal planning problem.

To address these challenges, this paper proposes an opti-
mal planning framework for hybrid ADS-VCR cooling sys-
tems in DC. The framework embeds the on-site electric-
ity–heat–cooling conversion into a DC operation model and
optimizes equipment capacities under varying workloads. The
main contributions are summarized as follows.

1) An on-site electricity–heat–cooling conversion model is
established for a data center equipped with ADS. This
model comprehensively includes server heat generation,
heat recovery, and heat-driven refrigeration, thereby en-
abling closed-loop energy utilization.

2) An optimal planning model for a hybrid cooling sys-
tem is developed considering the characteristics of
on-site electricity–heat–cooling conversion. A discrete-
difference-based Benders decomposition algorithm is
proposed to efficiently solve the planning problem,
thereby facilitating waste-heat utilization.

3) A tailored reformulation method for the on-site elec-
tricity–heat–cooling conversion model is designed to
ensure computational tractability. Two-dimensional Spe-
cial Ordered Set of type 2 approximation is employed

to reformulate the temperature-dependent ADS perfor-
mance and related nonlinearities, converting the original
problem into a mixed-integer linear problem.

II. ON-SITE ELECTRICITY–HEAT–COOLING CONVERSION
FRAMEWORK FOR DC WITH ADS

A. WHR-enabled DC Infrastructure

The DC features multi-energy coupling that enables on-site
waste-heat recovery. In this framework, the ADS serves as the
key conversion device, using recovered waste heat to desorb
the refrigerant from the adsorbent and thereby produce chilled
water for cooling. A more detailed description of the ADS
operating process is provided later in Subsection II-B3. The
supporting infrastructure comprises liquid-cooled high-density
racks, air-cooled low-density racks, ADS units, water-to-water
heat recuperators, and a wet cooling tower.

Liquid-cooled racks and air-cooled racks exhibit different
characteristics in terms of heat density, waste-heat tempera-
ture, and recovery potential. Liquid-cooled racks house high-
density computing equipment such as CPUs and GPUs, which
typically accounts for the dominant share of information tech-
nology (IT) electricity consumption [26]. The liquid-cooling
systems can capture concentrated heat at relatively high outlet
temperatures, typically around 55-70◦C [27], making this
waste heat suitable for driving low-temperature ADS units.
Air-cooled racks accommodate lower-density computing loads
such as storage servers, which generally contribute a compara-
tively smaller share [28]. The waste heat from air-cooled racks
is more dispersed and usually remains at a lower temperature
level, approximately 30–40◦C [27]. This lower temperature
leads to weaker recovery potential and lower thermodynamic
usefulness. Since waste heat from liquid-cooled racks has a
higher temperature and better recovery potential than that from
air-cooled racks, WHR is applied exclusively to liquid-cooled
racks. Accordingly, liquid-cooled racks are modeled as the
recoverable heat source, while air-cooled racks are modeled
as the cooling load.

The liquid-cooled racks are served by a liquid-cooling loop
with intermediate rack-level water-to-water heat exchangers.
The recovered waste heat is then directed to drive the ADS.
The resulting chilled water is supplied to the computer room
air handler that serves the air-cooled racks, thereby enabling
closed-loop energy utilization. Meanwhile, the residual waste
heat, together with the ADS’s rejection heat, is ultimately re-
jected to the ambient environment through a wet cooling tower.
The on-site electricity–heat–cooling conversion pathways of
the DC are represented in Fig. 1. In summary, the ADS serves
as the key heat-driven cooling component in the proposed
framework. It uses recovered waste heat from liquid-cooled
racks to produce chilled water for air-cooled racks, thereby
reducing the cooling demand supplied by the VCR system.
The VCR system supplies the remaining cooling demand. This
structure enables on-site utilization of waste heat within the
DC and forms the core electricity-heat-cooling conversion path
considered in this study.
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Fig. 1: On-site electricity–heat–cooling conversion pathways
within DC.

B. On-site Electricity–Heat–Cooling Conversion Paths

1) Electricity Demand of Computing Workload: As indi-
cated by the row corresponding to electricity demand in Fig. 1,
computing workload is divided into interactive workload that
requires timely responses and batch workload that can tolerate
delays. The DC jointly optimizes workload scheduling and
server operating frequency to reduce energy costs under time-
varying electricity prices.

2) Heat Generation of Server Racks: As indicated by the
row corresponding to heat generation in Fig. 1, the electricity
consumption of server racks is ultimately converted into a heat
load. To maintain rack temperature within allowable limits, the
cooling system removes this heat. Specifically, high-density
racks are cooled by the liquid-cooling loop, and low-density
racks are cooled by in-row air-side units.

3) Waste-Heat-Driven Cooling Cycle: As indicated by the
row corresponding to the cold energy cycle in Fig. 1, the waste
heat recovered from liquid-cooled racks drives the ADS to pro-
duce chilled water, which is then used to cool low-density air-
cooled racks. This closed-loop cycle enables on-site utilization
of waste heat. Specifically, this cycle starts with waste-heat
recovery from liquid-cooled racks and then proceeds through
high-temperature loops, medium-temperature loops, and low-
temperature loops to convert waste heat into cooling.

a) Waste Heat Capture: Liquid-cooled racks in the DC
produce waste heat at higher temperatures than air-cooled
systems. To harness this waste heat, a plate heat exchanger
serving as the water-to-water waste-heat recuperator transfers
heat from the primary liquid-cooling loop to the generator-side
hot-water stream.

b) High-Temperature Loop in Waste-Heat-Driven Cool-
ing: The high-temperature loop delivers the recovered hot-
water stream to the generator of the ADS, namely the
thermally driven desorption side of the cycle. The supplied
heat elevates the temperature of the adsorbent material and
promotes refrigerant desorption. This desorption step supplies
refrigerant vapor for subsequent stages of the refrigeration
cycle, thereby converting recovered waste heat into the driving
input for cooling production.

c) Medium-Temperature Loop in Waste-Heat-Driven
Cooling: The medium-temperature loop couples the condenser

of the ADS units with a wet cooling tower to reject heat to
the ambient environment. Cooling water circulates through
the condenser to remove the heat of condensation from the
refrigerant and then returns to the cooling tower, where fans
and pumps facilitate airflow and water circulation to reject it
to the ambient environment via evaporation.

d) Low-Temperature Loop in Waste-Heat-Driven Cool-
ing: The low-temperature loop operates at the evaporator
of ADS, producing chilled water that is supplied to the
computer room air handler serving the air-cooled racks. Upon
completion of the adsorption cycle, low-temperature chilled
water is generated and distributed to the computer room air
handler, offloading a substantial portion of the cooling demand
from traditional VCR systems.

III. PROBLEM FORMULATION FOR OPTIMAL PLANNING
OF DC WITH ON-SITE ENERGY CONVERSION

The optimization problem is formulated to determine the
optimal number of ADS units and the optimal capacity of
VCR in a DC.

A. Objective Function

The objective is to minimize the total annualized cost, which
includes the annualized investment cost and the annualized
operation cost.

min
θplan

Cinv + Cope (1)

Cinv =
(︁
cADSNADS

plan + cV CRQV CR
plan

)︁
× rdisc(1 + rdisc)L

(1 + rdisc)L − 1
(2)

Cope =
∑︂

m∈M
min
θsch

∑︂
t∈T

(πelec
t + πcarbon

t γt)× P total
m,t ×D (3)

P total
m,t = PSRV

m,t + PLC
m,t + PV CR

m,t + PADS
m,t + P fan

m,t (4)

where P total
m,t denotes the total electricity consumption in

scenario m and period t, including the electricity consumption
of server racks, the liquid-cooling system, the VCR system,
ADS, and the cooling-tower fan.

The operation model is formulated separately for each
representative daily scenario. For brevity, the scenario index
m is omitted in the following equations.

B. Operation Model of Computing Workloads

For capacity planning and hourly operation scheduling, the
IT workload model captures the relationships among workload
scheduling, server operating frequency, server allocation, and
the electricity consumption of server racks. Batch workloads
are deferred within time tolerance to minimize electricity cost.

λbatch
t =

∑︂
t1∈T

δbatcht1→t (5)

{︄
λbatch,0
t1 ≥ δbatcht1→t ≥ 0, t1 ≤ t ≤ t1 + τ batcht1

δbatcht1→t = 0, else
(6)

∑︂
t∈T

δbatcht1→t = λbatch,0
t1 (7)
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Workload conservation is enforced by requiring that each
original batch workload is fully allocated across admissible
execution times.

The average response time for interactive workloads is given
as follows.

1

µt − λinter
t /Sinter

t

≤ τ intert (8)

DVFS with discrete frequency levels is modeled as follows.∑︂
l∈L

zt,l = 1, ft =
∑︂
l∈L

f̄lzt,l, µt =
∑︂
l∈L

µ̄lzt,l (9)

The required numbers of active servers can be expressed as
follows.

Sinter
t = λinter

t

∑︂
l∈L

zt,l
µ̄l − 1/τ intert

(10)

Sbatch
t = λbatch

t

∑︂
l∈L

zt,l
µ̄l

(11)

St = Sinter
t + Sbatch

t , 0 ≤ St ≤ Smax (12)

The electricity consumption of server racks is modeled as
follows.

PSRV
t =

∑︂
l∈L

(︁
P idle + κDV FS(f̄l)

3
)︁
Nt,l (13)

To preserve linearity and enable efficient solving, a big-M
linearization is adopted to couple Nt,l with St and zt,l.

Nt,l ≤ Msrvzt,l (14)

Nt,l ≥ St −Msrv(1− zt,l) (15)

0 ≤ Nt,l ≤ St (16)

where constant Msrv is set as Smax.
The electricity consumption of server racks PSRV

t translates
into an equivalent heat dissipation, which is divided into
liquid-cooling and air-cooling portions.

Qliq
t = βPSRV

t , Qair
t = (1− β)PSRV

t (17)

The heat load drives the subsequent cooling system models,
with Qliq

t providing waste-heat input to the ADS and Qair
t

being met jointly by the ADS and VCR.

C. Operation Model of ADS with On-site Waste Heat Utiliza-
tion

Waste heat from liquid-cooled racks is recovered to drive
the ADS, which supplies chilled water to air-cooled racks and
partially displaces the VCR system.

1) Waste Heat Capture from Liquid-Cooled Racks: The
waste heat is recovered through the liquid-cooling loop and
modeled as the available heat source for driving the ADS.
The heat transferred to the ADS is further limited by the
heat-exchanger effectiveness, the recoverable temperature dif-
ference, and the ADS operating constraints. The outlet tem-
perature of the liquid-cooling loop is calculated as follows.

T liq,out
t = T liq,in

t +
Qliq

t

ρwcp,wV̇ liq
(18)

The electricity consumption of liquid-cooling system is
modeled as follows.

PLC
t =

Qliq
t

COPLC
(19)

2) High-Temperature Loop: This loop transfers waste heat
from liquid-cooled racks to the generators of the ADS units via
heat exchangers. The heat input raises the adsorbent temper-
ature, promoting refrigerant desorption and converting waste
heat into the thermal driving input for cooling production.

Waste heat is transferred to the generator via a plate heat
exchanger.

T gen,in
t = T gen,out

t + εhex
(︁
T liq,out
t − T gen,out

t

)︁
(20)

Assuming symmetric operation across the active ADSs, the
total generator heat input is evenly distributed among them.
The heat input to the generator is bounded by the available
waste heat.

0 ≤ NADS
t qgent ≤ Qliq

t (21)

This constraint ensures that the ADS generator heat input
does not exceed the available liquid-cooling heat. This and
analogous integer–continuous products can be automatically
linearized within the YALMIP/Gurobi framework.

The heat transfer process of the generation-side loop is given
as follows.

T gen,out
t = T gen,in

t − qgent

ρwcp,wV̇ gen
(22)

3) Medium-Temperature Loop: This loop connects the con-
denser to a wet cooling tower for heat rejection.

Based on the energy balance principle across the ADS, the
required total heat rejection can be determined.

Qct
t = NADS

t (qgent + qevapt ) (23)

This equation represents that the heat rejected by the cooling
tower is equal to the sum of the generator heat input and the
evaporator heat load.

The outlet temperature of condenser is calculated as follows.

T cond,out
t = T cond,in

t +
Qct

t

ρwcp,wV̇ cond
(24)

The heat rejection capacity of cooling tower is modeled as
follows.

Qct
t = ρairV̇

ct
t εct∆ht (25)

∆ht = hsat(T
cond,out
t )− hamb (26)

where hsat(T
cond,out
t ) represents the enthalpy of saturated

moist air at T cond,out
t . The details about air enthalpy and

the saturation humidity ratio approximation are provided in
Appendix A.

Based on the air flow rate, cooling tower fan power is
modeled as follows.

P fan
t =

(Kct
a V̇ ct

t )3

ηfan
(27)

4) Low-Temperature Loop: This loop at evaporator pro-
duces chilled water to the computer room air handler serving
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Fig. 2: Performance curves of an ADS under different operat-
ing temperatures: (a) COP; (b) cooling capacity.

the air-cooled racks, thereby offsetting a portion of the VCR
cooling load and lowering electricity consumption.

For the proposed capacity planning problem, the ADS is
represented by a quasi-steady operation model. The ADS cycle
dynamics are assumed to be handled by the local equipment
controller. The ADS performance is characterized using a
calibrated Gordon-Ng model for thermal-driven chillers, which
is expressed in a general form as follows.

COPADS
t = f

(︂
T gen,in
t , T cond,in

t , T evap,in
t , T evap,out

t , qcapt

)︂
(28)

The above semi-empirical relation characterizes the cou-
pling between the COP and the cooling capacity under spec-
ified operating temperatures. Fig. 2 is derived from the man-
ufacturer performance tables provided in [29]. The COP and
cooling capacity curves are obtained by fixing the evaporator-
side temperature.

Then, the cooling output delivered by the evaporator is
modeled as follows.

qevapt = qgent · COPADS
t (29)

0 ≤ qevapt ≤ qcapt (30)

The evaporator return water temperature is calculated as
follows.

T evap,in
t = T evap,out

t +
qevapt

ρwcp,wV̇ evap
(31)

The chilled water from the ADS is supplied to the computer
room air handler, thereby reducing the VCR load.

qevapt NADS
t +QV CR

t = Qair
t (32)

The electricity consumption of VCR is calculated as fol-
lows.

PV CR
t =

QV CR
t

COPV CR
(33)

The electricity consumption of ADS auxiliaries is modeled
as a fixed per-unit power.

PADS
t = PADS,aux ×NADS

t (34)

The ADS auxiliary power is typically weakly dependent on
the cooling output and is therefore approximated as a constant
for planning-oriented optimization.

5) Operating Bounds: The operating bounds of the ADS
and VCR are defined according to their respective planned
capacities. For the ADS, the number of active units is con-
strained by the planned number of installed ADS units.

NADS
t ∈ Z≥0, δADS

t ∈ {0, 1} (35)

δADS
t ≤ NADS

t ≤ NADS
plan δADS

t (36)

0 ≤ qgent ≤ MgenδADS
t (37)

0 ≤ qevapt ≤ MevapδADS
t (38)

0 ≤ Qct
t ≤ M ctδADS

t (39)

where the big-M constants Mgen, Mevap and M ct are set to
the corresponding physical upper bounds of each variable.

When δADS
t = 0, no ADS unit is active, the ADS generator

heat input, evaporator cooling output, and ADS-related heat
rejection are all forced to zero. When δADS

t = 1, the number
of active ADS units is bounded by the installed ADS number.

For the VCR, the cooling output is bounded by the planned
VCR capacity.

0 ≤ QV CR
t ≤ QV CR

plan (40)

Additionally, the feasible operating region of the ADS is
defined by the following temperature and flow constraints.

T liq,in
min ≤ T liq,in

t ≤ T liq,in
max (41)

T cond,in
min ≤ T cond,in

t ≤ T cond,in
max (42)

T evap,out
min ≤ T evap,out

t ≤ T evap,out
max (43)

T gen,in
min ≤ T gen,in

t ≤ T gen,in
max (44)

T gen,out
min ≤ T gen,out

t ≤ T gen,out
max (45)

V̇ ct
min ≤ V̇ ct

t ≤ V̇ ct
max (46)

where (·)min and (·)max denote the lower and upper bounds
of the corresponding variables defined above.

IV. MODEL REFORMULATION AND
DECOMPOSITION-BASED SOLUTION APPROACH

To solve the proposed optimization problem efficiently, the
original problem is first reformulated into a mixed-integer
linear problem (MILP). This reformulation is conducted in
three steps. First, the nonlinear and temperature-dependent
characteristics of the ADS in terms of COP and cooling
capacity are incorporated into the optimization problem via
a two-dimensional special ordered set of type 2 (SOS2-2D)
approximation. Second, the bilinear term involving generator
heat input, COP, and evaporator cooling output is reformulated
using SOS2-2D approximation. Third, the nonlinear fan power
curve is piecewise-linearized using special ordered set of type
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2 (SOS2), and the cooling tower heat rejection capacity is ap-
proximated via an SOS2-2D approximation. After the MILP is
obtained, a discrete-difference-based Benders decomposition
is applied to separate long-term capacity planning decisions
from short-term operation scheduling, then iteratively solve
the planning problem.

A. Reformulation of Temperature-dependent ADS Perfor-
mance

The COP and the cooling capacity are nonlinear functions
of the operating temperatures. In this study, the temperature-
dependent ADS performance is embedded into the planning
and scheduling model through an optimization-compatible
reformulation. Using the operating points and associated pa-
rameters provided in the manufacturer’s performance tables
[29], the COP and the cooling capacity under different tem-
perature conditions are computed based on the semi-empirical
relations introduced above. Then an SOS2-2D approximation
is employed to represent these performance characteristics
in a tractable form. Since the outlet temperature and inlet
temperature of evaporator are fixed, the key inputs reduce
to the generator inlet temperature T gen,in

t and condenser
inlet temperature T cond,in

t . An SOS2-2D approximation is
employed as follows.

For each period t, SOS2 weights are introduced in each
dimension.

λgen
i,t ≥ 0,

∑︂
i∈I

λgen
i,t = 1, (λgen

i,t )i∈I ∈ SOS2 (47)

λcond
j,t ≥ 0,

∑︂
j∈J

λcond
j,t = 1, (λcond

j,t )j∈J ∈ SOS2 (48)

where I and J are index sets of the breakpoints for T gen,in

and T cond,in; λgen
i,t and λcond

j,t are the SOS2 weights.
Two-dimensional interpolation is implemented as follows.

λADS
i,j,t ≥ 0,

∑︂
i∈I

∑︂
j∈J

λADS
i,j,t = 1 (49)

∑︂
j∈J

λADS
i,j,t = λgen

i,t ,
∑︂
i∈I

λADS
i,j,t = λcond

j,t (50)

(λADS
i,j,t )i∈I ∈ SOS2, (λADS

i,j,t )j∈J ∈ SOS2 (51)

where λADS
i,j,t is the interpolation weight at grid point (i, j).

Constraints (50) link the two-dimensional weights to the one-
dimensional SOS2 weights, while (51) enforces adjacency
in both dimensions. The detailed row-wise and column-wise
implementation of (51) is provided in Appendix B.

Using λADS
i,j,t , the temperatures and performance quantities

are represented as convex combinations of the grid values.

T gen,in
t =

∑︂
i∈I

∑︂
j∈J

T̄ gen
i λADS

i,j,t (52)

T cond,in
t =

∑︂
i∈I

∑︂
j∈J

T̄ cond
j λADS

i,j,t (53)

COPADS
t =

∑︂
i∈I

∑︂
j∈J

COP
ADS

i,j λADS
i,j,t (54)

qcapt =
∑︂
i∈I

∑︂
j∈J

qcapi,j λADS
i,j,t (55)

where T̄ gen
i and T̄ cond

j are the breakpoints of the correspond-

ing temperature; COP
ADS

i,j and qcapi,j are precomputed COP
and cooling capacity at grid point (i, j). This yields a convex
and tractable approximation of the nonlinear dependencies.

B. Reformulation of Heat-to-Cooling Coupling

The relationship in (29) contains the product of the heat
input to generator and the COP of ADS. Similar to the
temperature-dependent ADS performance, this relationship is
also approximated using SOS2-2D interpolation.

For each period t, SOS2 weights are introduced in the heat
input and COP dimensions.

λq
a,t ≥ 0,

∑︂
a∈A

λq
a,t = 1, (λq

a,t)a∈A ∈ SOS2 (56)

λcop
b,t ≥ 0,

∑︂
b∈B

λcop
b,t = 1, (λcop

b,t )b∈B ∈ SOS2 (57)

where λq
a,t and λcop

b,t are the SOS2 weights in the generator
heat input and COP dimensions, respectively.

The two-dimensional interpolation weights are constrained
as follows.

λhc
a,b,t ≥ 0,

∑︂
a∈A

∑︂
b∈B

λhc
a,b,t = 1 (58)

∑︂
b∈B

λhc
a,b,t = λq

a,t,
∑︂
a∈A

λhc
a,b,t = λcop

b,t (59)

(λhc
a,b,t)a∈A ∈ SOS2, (λhc

a,b,t)b∈B ∈ SOS2 (60)

where λhc
a,b,t is the corresponding SOS2-2D interpolation

weight.
Using λhc

a,b,t, the evaporator cooling output is represented as
follows.

qevapt =
∑︂
a∈A

∑︂
b∈B

qgena COP
ADS

b λhc
a,b,t (61)

where qgena and COP
ADS

b are the breakpoints of the generator
heat input and COP, respectively. The weights λhc

a,b,t also
reconstruct qgent and COPADS

t from their respective break-
points.

C. Reformulation of Cooling Tower Model

The cooling tower fan power in (27) exhibits a nonconvex
cubic form and is linearized via an SOS2-based piecewise
approximation. Moreover, the cooling tower heat rejection
model in (25) contains the product between air flow rate and
temperature-dependent enthalpy difference, which is handled
by an SOS2-2D approximation.

A piecewise linear approximation with SOS2 is utilized to
linearize the nonconvex cooling tower fan power constraints.

λct
v,t ≥ 0,

∑︂
v∈V

λct
v,t = 1, (λct

v,t)v∈V ∈ SOS2 (62)

V̇ ct
t =

∑︂
v∈V

V break
v λct

v,t, P fan
t =

∑︂
v∈V

P fan
v λct

v,t (63)
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where λct
v,t denotes the SOS2 weight for the air volumetric

flow rate at breakpoint v and time period t; V break
v denotes

the breakpoint for the air volumetric flow rate at index v; P fan
v

denotes the breakpoint for fan power at index v.

For the cooling tower heat-rejection constraint in (25), an
SOS2-2D approximation is adopted to represent the coupling
between the air volumetric flow rate and the temperature-
dependent enthalpy difference. Following the same interpo-
lation logic used in the preceding SOS2-2D reformulations,
the cooling-tower breakpoint sets V and R are used for the
air flow rate and condenser outlet temperature, respectively.
Each interpolation weight λhr

v,r,t corresponds to one grid point
formed by the air-flow breakpoint indexed by v and the
condenser-temperature breakpoint indexed by r. The enthalpy
difference is first evaluated at each condenser-temperature
breakpoint, and the heat-rejection capacity is then approxi-
mated by the weighted combination of these two-dimensional
grid values. This treatment allows the nonlinear cooling tower
heat-rejection relation to be embedded into the MILP in a
tractable form.

D. Discrete-Difference-based Benders Decomposition Algo-
rithm

After the above transformations, the operation problem can
be reformulated as a MILP. For a given pair of planning
decisions (NADS

plan , QV CR
plan ), the optimal annual operation cost

is obtained by solving the following problem.

ϕ
(︁
NADS

plan , QV CR
plan

)︁
= min

θsch

∑︂
m∈M

∑︂
t∈T

(︁
πelec
t + πcarbon

t γt
)︁
P total
m,t D (64)

s.t. (5) − (7), (9) − (24), (30) − (63).

where ϕ(·) is the value function of optimal annual operation
cost.

The original planning problem couples capacity decisions
with operation scheduling. The planning decisions include
the number of ADS units and the VCR capacity. The op-
eration scheduling coordinates workload scheduling, waste-
heat recovery, ADS cooling output, VCR cooling output,
and cooling-tower operation. Directly solving the integrated
model is computationally demanding. Therefore, a discrete-
difference-based Benders decomposition algorithm is applied.
The master problem (MP) determines the installed ADS units
and VCR capacity, while the subproblem (SP) evaluates the
operation cost for a given planning solution by solving (64).
The resulting operation-cost information is used to construct
Benders cuts, which are added to the MP iteratively. The
MP includes a cooling-capacity adequacy requirement. The
peak air-cooling demand is obtained from the workload-only
scheduling results, then this peak demand is scaled by the
redundancy factor for capacity planning. Details of the above
information are provided in Appendix C.

V. CASE STUDY

A. Experimental Setups

In this case study, the parameters related to electricity price
and carbon emissions are obtained from [30], [31]. The related
operating parameters of ADS and VCR are obtained from [19].
The DVFS-related parameters are obtained from [24]. The
parameters related to workload scheduling in DC are from
[1]. Houston is selected as the case study location due to
its representative large-scale DC deployment conditions. The
corresponding hourly meteorological data, including ambient
temperature, relative humidity, and other relevant parameters
are retrieved from [32]. For each month, a representative day is
extracted from hourly meteorological data using k-means clus-
tering, resulting in 12 representative scenarios for planning.
The relevant parameters used in the case study are organized
and made available at [33]. To examine the performance of the
proposed method, the following benchmarks are established
for comparison:

Scenario 1 (S1): Conventional cooling configuration relying
solely on VCR, with no ADS deployed.

Scenario 2 (S2): Cooling operation under a fixed computing
workload profile, where workload scheduling is disabled.

Scenario 3 (Proposed, S3): Integrated optimization with
VCR and ADS, where the number of ADS units is optimally
determined and workload scheduling is enabled.

B. Fitting Performance of the ADS Operation Model

To obtain an accurate surrogate that can be embedded
directly into the optimization model, SOS2-2D formulation
is applied to approximate the COP and cooling capacity.
Fig. 3 presents the fitting performance of the proposed SOS2-
2D model using 20 segments along each dimension. As
shown, both COP and cooling capacity are fitted with high
accuracy. Fig. 4 compares the fitting error, the embedding-
induced error, and the solution time across different methods.
Among the approaches that can be directly embedded into
optimization models, SOS2-2D achieves superior accuracy
without a significant increase in computational time, making
it more suitable for practical applications. The multilayer
perceptron (MLP) can achieve high fitting accuracy. However,
although the discretization technique enables a theoretically
exact reformulation for embedding MLP into an optimization
problem, numerical issues may still lead to deviations that
accumulate across layers. In contrast, linear regression is easy
to embed but cannot capture nonlinear relationships.

Table II summarizes the approximation accuracy of the
proposed methods for fan power, heat rejection, and the heat-
to-cooling relationship under different parameter settings. For
the heat-to-cooling relationship, the reported errors denote
the maximum deviation. As the number of SOS2 segments
increases, the approximation accuracy improves accordingly.
This study adopts 30 segments for fan power, heat rejection
and heat-to-cooling relationship.

C. Economic Analysis of Hybrid Cooling System
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Fig. 3: Fitted curves of the SOS2-2D model for ADS: (a) COP;
(b) cooling capacity.

Fig. 4: Comparison of fitting error, embedding-induced error,
and solution time across different methods.

Under the considered techno-economic parameters, the min-
imum total annualized cost is achieved with four ADS units.
Fig. 5 compares the cooling-related annualized costs under
different scenarios, including the annualized investment cost
and the annual operation cost. It can be observed that adopting
waste-heat-driven ADS increases the annualized investment
cost, while it significantly reduces the annual operation cost by
46.16%. In particular, the related cooling electricity cost and
the carbon emission cost decrease by 46.41% and 44.89%,
respectively. As a result, the cooling-related total annualized
cost is reduced by 19.01%, demonstrating the economic benefit
of ADS from the perspective of the cooling subsystem. It
should be noted that the electricity cost associated with server
racks and liquid cooling system is excluded from Fig. 5 to
highlight the economic impact of ADS on DC planning, since
ADS planning does not alter the electricity consumption of

TABLE II: Relative errors of approximation components under
different parameter settings.

Approximation
component

Parameter
setting

Relative
error (%)

Cooling tower
fan power model Segments: 10 / 20 / 30 13.42 / 2.85 / 0.95

Cooling tower heat
rejection model Segments: 10 / 20 / 30 14.50 / 3.05 / 0.99

Heat-to-cooling
relationship Segments: 10 / 20 / 30 0.39 / 0.07 / 0.03

Fig. 5: Comparison of cooling-related costs under different
scenarios.

these components.
To further interpret the practical heat-recovery level, a

system-level heat-utilization indicator is calculated across all
representative days. This indicator is defined as the ratio of the
total ADS generator heat input to the total liquid-cooled server
heat. The resulting value is 38.22%, which means that 38.22%
of the liquid-cooled server heat enters the ADS generator side
as thermal driving input. The remaining heat stays outside
the ADS generator operation. This value indicates that the
model does not assume full utilization of waste heat. Heat-
exchanger effectiveness, temperature degradation, and ADS
operating conditions jointly limit the amount of heat converted
into useful cooling.

Fig. 6 further illustrates the planning tradeoff under different
numbers of ADS units. Fig. 6(a) shows the capacity shares of
VCR and ADS in the hybrid cooling system. As the number
of ADS units increases, the planned VCR capacity gradually
decreases, while the ADS share increases accordingly. This
reflects the substitution effect of waste-heat-driven cooling
on conventional VCR-based cooling. Fig. 6(b) presents the
total annualized cost and the capital payback period under
different numbers of ADS units. The cost profile provides
a direct numerical check of the planning solution obtained
by the proposed decomposition method. The minimum total
annualized cost is achieved when four ADS units are installed,
which is consistent with the solution identified by the proposed
method. This result confirms that the selected configuration
has the lowest cost among the evaluated ADS configurations.
Meanwhile, the capital payback period increases with the
number of ADS units, indicating that excessive ADS instal-
lation requires a longer time to recover the additional capital
investment.

D. Performance Analysis of Integrated Computing and Cool-
ing Scheduling

Fig. 7(a) illustrates the workload profiles under scenarios
with and without temporal scheduling of batch workloads.
Under temporal scheduling, the volume of computing work-
loads decreases during periods of high electricity prices and
increases during periods of low electricity prices. Fig. 7(b)
depicts the corresponding server operating frequency subject
to the latency requirements for interactive workload. It can
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Fig. 6: Planning results under different numbers of ADS units:
(a) capacity shares of VCR and ADS; (b) total annualized cost
and capital payback period.

Fig. 7: Workload profiles with and without temporal schedul-
ing: (a) batch workloads; (b) interactive workloads.

be observed that, during periods of more relaxed latency re-
quirements, DVFS reduces the server operating frequency and
increases the number of active servers to minimize electricity
consumption. In contrast, during periods of higher latency
requirements, the server operating frequency is maintained at
elevated levels to ensure timely task responses.

The various electricity consumption and operating costs are
presented in Table III. All results in this table are obtained
for one representative day scenario. It can be observed that
the scheduling approach that accounts for temporal scheduling
of workloads reduces electricity consumption by 16.45%.
This is because, when latency requirements are less stringent,
DVFS can reduce the electricity consumption of server racks
by operating servers at lower frequencies. Since electricity
consumption of workloads is ultimately dissipated as heat, the
same rationale applies to the cooling system.

E. Sensitivity Analysis of Ambient Temperature and Humidity

The operating performance of ADS is sensitive to ambi-
ent temperature and humidity. Fig. 8 illustrates the monthly
cooling-related electricity consumption and the corresponding
electricity savings. The cooling-related electricity consumption
first increases and then decreases over the year. The electricity
savings are generally more pronounced in spring and autumn,
while the savings become relatively smaller in summer.

To decouple the impacts of temperature and humidity,
Fig. 9 presents the electricity consumption for cooling and the
electricity savings rate under varying ambient conditions. For
clarity, three representative temperature levels and humidity
levels are defined as Low-T (10◦C), Med-T (23◦C), High-
T (35◦C), Low-W (5 g/kg), Med-W (15 g/kg) and High-
W (25 g/kg). In Fig. 9(a), the electricity consumption in-
creases monotonically with humidity. However, the electricity
savings rate is non-monotonic with respect to humidity for
all temperature levels. It remains relatively stable from Low-

TABLE III: Electricity consumption and electricity cost com-
parison under different operation scenarios.

Scenario S2 S3

Electricity consumption of server racks (MWh) 41.21 34.43 (-16.45%)
Electricity cost of server racks (kUSD) 2.56 2.01 (-21.83%)
Electricity consumption of cooling (MWh) 2.89 2.31 (-20.12%)
Electricity cost of cooling (kUSD) 0.17 0.13 (-23.69%)
Total electricity consumption (MWh) 44.10 36.74 (-16.69%)
Total electricity cost (kUSD) 2.74 2.14 (-21.95%)

Fig. 8: Monthly electricity consumption for cooling and energy
savings achieved by hybrid cooling systems.

T to Med-T but drops noticeably at High-T . This behavior
indicates that the relative benefit of ADS diminishes in hot and
humid environments, because a higher wet-bulb temperature
raises the condensing temperature and weakens heat rejection,
thereby lowering the effective COP and cooling capacity.
Meanwhile, the associated auxiliary electricity consumption
increases, such as the power demand of cooling tower fans,
which further offsets the electricity savings. Fig. 9(b) shows a
pattern similar to Fig. 9(a). The total electricity consumption
increases with temperature across all humidity levels. For
Low-W , the electricity savings rate generally increases with
temperature. For Med-W , the electricity savings rate remains
generally stable. In contrast, under High-W , the electricity-
saving rate decreases sharply as temperature increases.

VI. CONCLUSION

This paper proposes an optimal planning framework for the
hybrid ADS-VCR cooling system in DC to utilize low-grade
waste heat for on-site cooling. The proposed SOS2-2D ap-
proximation yields a tractable MILP with validated modeling
accuracy. Compared with the VCR-only baseline, integrating
waste-heat-driven ADS increases capital investment but re-
duces operation cost. Under the optimal sizing decisions, the
total annualized cost is minimized, while the payback period
increases with the installed number of ADS units. Moreover,
joint scheduling of computing workloads and the cooling
system further improves the economic performance of the
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Fig. 9: Electricity consumption for cooling and energy-saving
rate under various ambient conditions: (a) Varying humidity
with temperature fixed at three levels; (b) Varying temperature
with humidity fixed at three levels.

hybrid system. Sensitivity analysis shows that the electricity
savings rate is highly dependent on ambient conditions.
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