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Cooling demand accounts for a significant share of worldwide electricity consumption, with space cooling being
responsible for about 10 % of global electricity consumption, and process cooling making up for 4 % of electricity
consumption in the European Union. To implement more efficient district-scale solutions for coupled heating,
cooling and thermal storage, spatial information on cooling demand is essential. In this study, a method to
quantify installed cooling capacities and cooling demands on building, district and city scale is presented and
applied to Manhattan, New York City (NYC). Therefore, heat rejection units of cooling systems are detected in
aerial images using deep learning. The cooling capacity of the systems is quantified using a regression model
based on visual characteristics of the heat rejection units. The annual operating time is estimated based on
building type to calculate the cooling demand. Furthermore, the cooling-related electricity consumption is
quantified using energy efficiency ratios and through Monte Carlo simulation to assess the uncertainties of all
parameters on different scales. In Manhattan, a total installed cooling capacity of 10.6 + 0.2 GW, a cooling
demand of 10.0 + 0.2 TWh/a and a cooling-related electricity consumption of 2.82 + 0.05 TWh/a is quantified.
Most of the cooling demand is concentrated in Midtown and the Financial District, with the largest cold con-
sumers being public buildings such as universities and hospitals. Midtown and the Financial District’s cooling
demands are 171 % and 175 % of the estimated heating demands, respectively. This indicates a high potential for
coupled heating and cooling, for example, in the form of seasonal thermal energy storage, especially in and
around the named areas in Manhattan.

building block or district scale [10,11]. Hereby, seasonal mismatches
between heat and cold supply and demand can be compensated using

1. Introduction

Space cooling consumes about 10 % of global electricity and is
considered the fastest-growing energy end use in the building sector
[1,2]. Additional process cooling consumes about 4 % of electricity in
the EU [3,4]. In the future, the demand for space cooling is expected to
grow further due to climate change, economic growth, and increasing
living standards [1,5]. For process cooling, significant growths are, for
example, caused by data centres, which in 2022 consumed 1-1.3 % of
global electricity [6] (an estimated 30-40 % by the cooling system [7]),
with an annual growth in large data centres of 20-40 % in recent years
[6]. To produce cooling energy, currently, almost every cooling system
uses a vapour compression cycle [8]. This process is considered rela-
tively energy inefficient, especially when solely air-cooled [1]. More
efficient solutions for heating and cooling are required to reduce elec-
tricity consumption and possibly related carbon emissions, as well as to
relieve the power grid [9]. As heating and cooling demand can syner-
gise, this includes coupling heat and cold production on building,
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seasonal thermal energy storage systems [12].

In order to assess the potential of areas to benefit from coupled heat
and cold production and storage, information on both heating and
cooling demand is critical [13]. Thereby, estimations for cooling ca-
pacities and demands, or useful cooling energy, can give important in-
dications whether enough waste heat from cold production is available
in an area to match the heating demand. However, in particular, infor-
mation on cooling demand, as well as numbers on installed cooling
systems and capacities, are often rare, difficult to obtain and uncertain
[2,14]. Also, information on waste heat from process cooling is highly
individual and requires additional, site-specific investigation.

On a building scale, cooling demand can, for example, be modelled
by approximating physical processes in the building using parameters,
such as building size and shape, window-to-wall ratio, thermal trans-
mittance, occupation schedule and climate [15,16]. This gives detailed
results on the theoretical cooling demand, required cooling capacities
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and theoretical load curves for planning heating and cooling systems.
According to ASHRAE, physical building modelling shall not exceed a
mean relative standard deviation of 15 % with monthly calibration data,
and 30 % for hourly calibration data [17]. However, simulating build-
ings is time-consuming and computationally expensive [18]. Therefore,
surrogate models are often used to overcome computational and time
restraints of physical building models, which replace the physical
modelling process with a statistical approach based on modelled input
and output data [19]. These surrogate models often predict annual
values, but do not provide cooling load curves [19]. Here, the surrogate
model by Korolija et al. [20] achieves a relative error between heating
and cooling prediction of UK office buildings and ground truth of <10 %
for 80 % of the buildings.

To quantify the cooling demand of larger areas, different modelling
approaches exist that can be separated into top-down and bottom-up
approaches. Top-down approaches use country-scale information and
downscale them on districts and cities. Therefore, they often use infor-
mation such as typical energy consumption by sector, population, gross
domestic product, climate, market saturation rate of cooling systems
from sales numbers, and sectoral distribution of cold-producing in-
dustries to model cooling demand [1,2,21-25]. The smaller the scale at
which the cooling demand is modelled, the less precise the information
becomes [26]. Thus, many of these approaches only yield information
on the theoretical cooling demand on city and country scale, but not on
actually utilised cooling on smaller, i.e., building, building block or
district scale. While such information can be gathered from sales
numbers or market saturation rates, generating spatially resolved in-
formation from this top-down information on such small scales is
difficult.

Bottom-up approaches, on the other hand, yield small-scale infor-
mation on mostly theoretical cooling demands and project them onto
larger areas with building stock data [23,25]. Information on cooling is
often estimated from building properties, occupancy and local climate
using physical building models [25], but is occasionally also inferred
from monitored buildings [27] or measured district cooling deliveries
[23].

Depending on the geographic location, significant discrepancies exist
between the theoretical cooling demand of buildings, e.g., for air-
conditioning, and the actual cooled floor area [23]. While 90 % of
buildings in the US and Japan utilise air-conditioning [1], only 16 % of
the theoretical residential and commercial cooling demand of buildings
in Europe is covered by cooling systems in reality [28]. These low
saturation rates often hinder accurate modelling of the actual cooling
energy production through top-down, as well as bottom-up approaches
and significantly decrease the spatial resolution of models and signifi-
cance of their results [22,26]. While the “Pan-European Thermal Atlas”,
for example, depicts cooling demand on a grid size of 100 m, the authors
state that accuracy on scales below 1 km is low [26]. However, high
spatial resolution is critical for urban energy planning.

To overcome constraints in spatial resolution and deal with low
saturation rates in cooling supply, two studies utilise bottom-up ap-
proaches to predict the likelihood of existing cooling systems for indi-
vidual buildings in Switzerland [29,30]. These studies use building
parameters such as floor space, share of occupation and building age,
and calibrate their model using information on actual installed cooling
systems [29,30]. This data, however, is qualitative, only locally avail-
able and the model needs re-calibration for application in other areas.
The recently published model “Demand.ninja” combines the strengths of
previous cooling demand models [31]. It is based on climate degree
days, but incorporates additional site-specific parameters such as
building parameters, occupation, solar heat gains, humidity and wind
effects, which increase the accuracy of the heating and cooling demand
model [31]. Here, the accuracy of Demand.ninja exceeds previous de-
mand models, such as “Hotmaps” by a factor of 1.7 [31]. In modelling
the daily heating and cooling electricity demand in the state of New
York, Demand.ninja achieves a root mean square error of 1.2 % [31].
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However, information on the building’s cooling power is necessary to
get a quantitative estimation of the cooling demand from “Demand.
ninja”. This describes the energy required to cool the building by 1 °C
and is influenced by the building size, architecture, cooling system ef-
ficiency [31] and occupation, reducing the out-of-the-box applicability
of the model.

Overall, many cooling demand models focus on specific sectors and
uses, such as residential or commercial space cooling, while neglecting
commercial and industrial process cooling. However, waste heat from
process cooling in particular has a high potential for district heating,
cooling and storage systems, with more than half of the produced
cooling energy in Europe being process cooling and a constant cooling
energy production throughout the year [14]. Also, the market saturation
rate of cooling systems strongly impedes statistical quantification of
cooling system stock and cooling capacities, for example, from other
large-scale cooling demand approaches such as “Heat Roadmap Europe”
[28] and is one reason for decreased accuracies of such cooling demand
models on building block and district scale [26].

A different approach aims to overcome these sectoral and market
saturation constraints and use restrictions of other models by estimating
installed cooling capacities with a building-scale resolution [9,32].
Here, the condensers of air-cooled chillers (ACCs) are identified in aerial
images, and their cooling capacity is estimated from the number of axial
fans. The approach can be extended by training deep learning object
detection models to identify ACC condensers and cooling towers (CTs) in
aerial images to automatically detect the units and estimate their cooling
capacity [32]. This produces spatial information on actually installed
cooling systems and their capacities, which is widely unavailable in
many countries [14]. This method [32] is also applied in another study
to provide data for installed cooling capacities of ACC condensers of
hospitals in parts of Germany [33], which otherwise would have
required an extensive survey in cooperation with the respective in-
stitutions. However, several cooling system types are not considered in
previous studies, such as forced draft CTs, which have a market share of
up to 40 % amongst CTs [34], and packaged rooftop units (RTUs), which
supply 58 % of the commercial floorspace in the US [35]. Furthermore,
previously trained object detection models could not detect small ACC
condensers with one or two fans, resulting in an underestimation of the
actual installed cooling capacity. Finally, the potential of using aerial
images and ML algorithms for city-scale energy analysis has so far only
been assessed in terms of quantifying cooling capacities [9,32], but not
yet for estimating cooling demands, which is essential for urban energy
planning [13].

Thus, this study presents an approach to estimate installed cooling
system capacities, building cooling demand and cooling-related elec-
tricity consumption in Manhattan, NYC, based on the automated
detection of various types of cooling systems from aerial images. Firstly,
the respective cooling systems, the collection of aerial training images
for their detection, and the detection algorithm are elaborated. This is
followed by the quantification of cooling capacities, corresponding
evaluation procedures and adjustments for further application, and
methods to estimate cooling demands and cooling electricity con-
sumption in Manhattan. Subsequently, results are presented to evaluate
the detection algorithms and the quantification of cooling capacities.
Finally, application results for the entire area of Manhattan are dis-
played and compared, and possible synergies of heat and cold produc-
tion and thermal storage are discussed. Additionally, the implications
and limitations of the employed approach are pointed out.

2. Methods
The method presented comprises the following steps (Fig. 1):

a) data collection for the different heat rejection units for training and
testing the object detection models (Section 2.1),
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Fig. 1. Workflow for the developed method. (a) Data collection: Aerial images for different heat rejection units are collected; (b) object detection: Units are detected
using deep learning; (c) quantifying cooling capacities: The nominal cooling capacity of detected units is estimated via regression models; (d) Application to
Manhattan, NYC: The cooling capacity, annual cooling demand and electricity consumption are estimated. (e) Urban planning and energy modelling: The generated
information can be used for urban energy planning and to enhance other energy models.

b) object detection via the instance segmentation algorithm Mask R-
CNN [36] (Section 2.2),

c) quantifying cooling capacities using regression models, and adjust-
ment to real-world data (Section 2.3),

d) estimating cooling capacities, building cooling demand and cooling-
related electricity consumption in Manhattan using Monte Carlo
(MC) simulation (Section 2.4).

2.1. Data collection

There are different types of (vapour compression) cooling machines,
and their usage within entire cooling systems varies widely across
different building types and different regions of the world [37]:

1) ACCs and central split ACs. These units operate after the same
principle and are mainly distinguished by size. They make use of a
vapour compression cycle with spatially separated evaporator and
condenser units, and the condenser coils are cooled by ambient air
[38]. Typically, the condenser is installed outside the building (e.g.
on the rooftop), while the evaporator is installed within the building.
ACC condensers usually utilise characteristic axial fans to cool the
condenser coils [32]. These fans are visible in aerial images, enabling
identification of the ACC condenser [9,32] (Fig. 1b). Certain central
split ACs that utilise condensers with axial fans on rooftops are also
included in the ACC category in this study due to their optical and
mechanical similarities. The training data contains ACC condensers
with a variable number of fans ranging from one to 32.

2) Packaged rooftop units (RTUs). Frequently used for small commer-
cial buildings [35], these single units follow the same principle as
ACCs, but contain the evaporator, condenser and compressor in one
packaged unit [39]. They are installed on the roof of buildings and
directly produce warm or cold air, which is transported directly into
the building through ventilation shafts [39]. Not all RTUs possess the
option for cooling, but if so, the RTU houses an air-cooled condenser
with characteristic axial fans, which are visible from aerial images
(Fig. 1b). For the training data, only RTUs with visible condenser
fans are included.

3) Water-cooled chillers (WCCs) with a cooling tower (CT). These also
utilise a vapour compression cycle. However, the chiller’s condenser
is cooled by water instead of ambient air. Thus, most WCCs utilise a
secondary cooling water cycle with a CT to produce cold water for
the condenser from evaporation and conduction [38]. The CTs are
typically installed outside the building, and can be categorised into
two main unit types. Induced draft CTs utilise a fan on top which
sucks air through the CT, while forced draft CTs push air from the
bottom through the CT with a fan on the bottom or side [40]. Thus,
induced draft CTs are easily identifiable from aerial images by their
large axial fan [32] (Fig. 1b). Forced draft CTs are less apparent due
to the hidden fan, but can often be identified from their characteristic
metal grid on top in combination with additional piping or lateral fan
housing (Fig. 1b). Air-cooled condensers, which are sometimes
referred to as CT in literature, are differentiated from this category
and individually considered in the ACC condenser category.

The considered cooling system categories cover at least 50 % of
commercial cold and 43 % of total cold produced in the EU in the form of



F. Barth et al.

ACCs and WCCs [21]; and about 83 % of the commercial cold in the US
with ACCs, WCCs and RTUs [35]. More data regarding cooling system
type usage would be required to disclose the coverage amongst all
cooling sectors more accurately.

A database with aerial images is created to train and test the instance
segmentation algorithms for detecting the respective heat rejection
units. The database contains 112,800 images with over 300,000 labelled
objects (Table 1). These are cropped from aerial images from Berlin
(Germany) [41], Cambridge (U.S.) [42], Chicago (U.S.) [43], Frankfurt
(Germany) [41], Hamburg (Germany) [41], Los Angeles (U.S.) [41,44],
Munich (Germany) [41], New York City (U.S.) [41,45], San Diego (U.S.)
[46] and Washington D.C. (U.S.) [47]. A second dataset with 13,781
images and 97,981 labelled ACC axial fans is created to train the second
model for detecting the condenser axial fans of ACCs and RTUs. For both
models, 90 % of the images are used to train the instance segmentation
models, while the remaining 10 % are used to simultaneously evaluate
the detection performance to prevent model overfitting to the training
data. All images have three bands (RGB). To train single instance seg-
mentation models that are capable of working with various aerial image
resolutions, training images are collected at resolutions of 7-30 cm/px
and a tile size of 224 px. All training images are used simultaneously in
the training process. To augment the training data, tiles are cropped
using a sliding window with a stride of 128 px, and six images of each
labelled object are cropped by rotating the frame by 60°.

2.2. Object detection of cooling systems

For this study, the instance segmentation algorithm Mask R-CNN
[36] is retrained to detect the different heat rejection units and axial
fans. Mask R-CNN is a two-stage algorithm with a region proposal
network and a subsequent class, box and mask prediction network,
which creates a binary mask for the detected objects [36]. Thus, it can
precisely outline objects on a pixel scale [36] and measure the footprint
accurately. As the backbone of the deep learning model, resnet50 is used
to extract the visual features of the heat rejection units of the cooling
systems [48]. All models are trained on an Nvidia A5000 graphics
processing unit with a batch size of 64 and a learning rate for training of
5.2 x 10 °t0 5.2 x 107°.

The detection performance is evaluated by the average precision for
the test dataset, which is the integral of the precision-recall curve [49].
Precision and recall are calculated for every possible detection confi-
dence using the following equations:

TP
Precision = 1
ecision TP + FP (€8}
TP
- 2
Recall TP 1 FN 2)

with TP being the number of true detections, FP being false positives and
FN being false negatives [50].

2.3. Quantifying cooling capacities

Vapour compression chillers remove heat from a room by evapo-
rating a refrigerant at low pressure and release the heat by condensing it

Table 1
Number of labelled objects within the training and test images for the instance
segmentation models.

Unit type N° of labelled objects
Air-cooled condensers (ACC) 208,906
Rooftop units (RTU) 29,250
Cooling towers (CT) Induced draft 56,230
Forced draft 13,840
Axial fans 97,981
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under higher pressure in the condenser [38]. For ACCs and central split
systems, the condenser is cooled directly by ambient air, so that the
rejected heat is proportional to the air flow through the condenser,
following the thermal balance equation for air-cooled condensers [51]:

Mair X Cair X (Ta - Tairi,,) :Ms XTI X X (3)

i out
where My is the air flow rate, M; the steam flow rate, cq; the average
specific heat, r the condensation latent heat and x; the steam quality at
the inlet. Thus, the nominal cooling capacity is empirically proportional
to the number of axial fans of the condenser [9,32]. Similar to previous
studies, a regression model is used here to quantify the nominal cooling
capacity [9,32], and the number of condenser fans is used as a proxy for
the installed nominal cooling capacity of the chiller. The regression for
ACC condensers is performed with data from 527 ACC models and their
condensers. For RTUs, which follow the same principle as ACCs, but
contain the condenser, evaporator and compressor in one housing, the
unit’s footprint is used in addition to the number of condenser fans in the
regression model to quantify the nominal cooling capacity. Accordingly,
data on 145 RTU models is used.

WCCs use cold water to cool the condenser, which is typically pro-
duced by a CT [38]. Inside the CT, water is sprayed onto a porous fill,
while a fan creates an air flow that causes evaporation and heat con-
duction and thus removes heat from the water [52]. Thus, the CT is sized
accordingly to the capacity of the WCC. The nominal cooling capacity of
the CT is strongly dependent on the volume of the CT fill and the air flow
[52]. The heat transfer rate dQ,, of a CT for a specific CT fill volume can
be written as follows [52]:

de = (a*(Tw - Ta) +(Z_ (é’s - Ca)AheV(TW)>dV C))

P

with a* being the volumetric heat transfer coefficient, T,, and T, being
water and air temperature, c, the specific heat at constant pressure, s
the saturation humidity, ¢, the air humidity, Ah,, the latent heat of
evaporation and V the fill volume. The larger the CT, the larger the
possible fill volume and absolute air flow through the CT. Thus, in this
study, the footprint of the CT is used as a proxy for cooling capacity in
the regression model. Two separate regression models for induced and
forced draft CTs are set up using data from 634 induced and 325 forced
draft CTs. A more detailed overview of the regression analyses is pre-
sented in the appendix Table A.1.

The accuracy of the regression models is evaluated using known
nominal cooling capacities of ACCs at Campus North of the Karlsruhe
Institute of Technology (KIT), which is a research institution in Ger-
many, and CTs in the Financial District and Midtown of Manhattan, NYC
(Fig. 2). Values for nominal capacities in Germany are obtained from a
survey [9]. Here, 36 ACCs with nominal capacities between
90 and 1200 kW and a total nominal cooling capacity of 14,900 kW are
installed. Values for nominal cooling capacities in Manhattan are taken
from the New York State cooling tower registry system [53]. Here, 596
CTs with installed nominal cooling capacities between 66 and 39,000
kW and a total nominal cooling capacity of 2.3 GW are installed and
used to evaluate the regression models for CTs.

The accuracy of the regression models is evaluated using the relative
average deviation (RAD):

RAD — Zi:zl‘,%’i;xd 5)
i=1"

with x being the actual installed nominal cooling capacity and y being
the estimated nominal cooling capacity. Deviations between the esti-
mated and actual nominal cooling capacity are used in the following to
adjust the regression models for the application in Manhattan, NYC.
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Fig. 2. Areas with installed cooling systems used for the evaluation of the regression models for air-cooled chillers (ACCs) at Campus North of the Karlsruhe Institute
of Technology (KIT) in Germany and cooling towers (CTs) in Manhattan, New York City (U.S.).

2.4. Quantifying the cooling demand of Manhattan

Heat rejection units of cooling systems in Manhattan are detected
using the trained instance segmentation algorithms and aerial images
from Google Earth [41] with a resolution of 9 cm/px and orthoimagery
mission NYDSOP-6_24 15 [45] with a resolution of 15 cm/px. If
necessary, detections are broadly revised and manually corrected to
minimise potential discrepancies due to false detections. Then, using the
known installed nominal cooling capacities from Germany and
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Manhattan, the regressions are adjusted to increase the accuracy of the
predicted cooling capacities. Therefore, several cooling capacity in-
tervals are defined in which the mean deviation between estimated and
actually installed nominal cooling capacities in the interval is used to
adjust the estimated capacity (Fig. 3). Additionally, for each interval, the
standard deviation of the estimated cooling capacity is calculated.
Therefore, a probability density function (Pearson III) is derived from
the mean, standard deviation and skewness of the deviations between
estimated and actual cooling capacities at KIT and in Manhattan [54]. In

140 .
b) Cooling towers
< 1,000 kKW
120 1111,000-2,000 kW
2,000-4,000 kW
100 18,4 000-6,000 kW
[}
- 1 16,000-8,000 kW
o 8o M
S 118,000-10,000 kW
=} 1
o 1'1110,000-14,000 kW
9 60 [
w 111 114,000-20,000 kKW
1 1 I
[ 120,000-30,000 kW
40 AR
[ | 1>30,000 kW
1 I 1 |
1 I 1 |
20 I I 1
I 1 1
1 1
0

5,000
10,000
15,000
20,000
25,000
30,000
35,000
40,000
45,000
50,000
55,000
60,000
65,000
70,000
75,000

Estimated cooling capacity (kW)

Fig. 3. Histograms for the number of condensers of air-cooled chillers (ACCs) at the Campus North of the KIT (a) and cooling towers (CTs) in Manhattan, NYC (b) for
their respective estimated nominal cooling capacity. Red lines mark the intervals for adjusting the regression models and the Monte Carlo (MC) simulation. (For
interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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the MC simulation for the application in Manhattan, 500 random devi-
ation values are generated based on this distribution for each detected
cooling system to generate 500 cooling capacity values, from which the
mean and standard deviation are then calculated. For ACC condensers
and packaged rooftop units, two intervals (<400 kW and >400 kW) with
approximately equal numbers of units are considered (Fig. 3a). For CTs,
the larger dataset and broader range of cooling capacities allows ten
capacity intervals to be created for the MC simulation (Fig. 3b). How-
ever, the number of units per interval decreases with increasing cooling
capacity, with only 15 units having an estimated cooling capacity
>30,000 kW.

From the installed cooling capacity of a chiller, the annual useful
cooling energy can be calculated using the following equation [55,56]:

Eg = Qu x EFLHc (6)

with Ey, being the useful cooling energy, Qu, being the nominal cooling
capacity and EFLHc being equivalent full load cooling hours. EFLHc
describe the theoretical operating time of a cooling system at full load to
produce the same useful cooling energy as achieved under varying part
load operation in the respective buildings in reality [55,56] and are
directly related to the building occupancy defined by the different
building types [57]. For the sake of simplicity, we here refer to the useful
cooling energy as cooling demand. EFLHc values are available for
various building types for a particular climate, whereas the cooling ca-
pacity is normalised in the modelling of these EFLHc values [57]. For
this study, EFLHc values for NYC and New Jersey are used to estimate
the operating time of cooling systems in Manhattan [57-59] (Table 2).
From the ranges displayed in Table 2, uniform distributions are defined
for each building type, based on which 500 random EFLHc values are
generated. For application in Manhattan, Equation (6) is solved 250,000
times for each detected cooling system to cover every possible combi-
nation of the 500 previously calculated cooling capacity values and 500
EFLHc values. Thus, 250,000 cooling demand values are obtained, from
which again the mean and standard deviation for each detected system
are derived. In Manhattan, building types are inferred from the Pluto
map [60]. For mixed-use buildings, information from the map is used to
quantify the share of floor space for the corresponding purpose. The map
is also used to remove false detections outside the regular building
parcels, such as on streets.

The annual cooling related electricity consumption is linked to the
useful cooling energy according to the following equation:

_ Qu x EFLHc

Ea EER

@]
with E, being the annual electricity consumption and EER being the
annual energy efficiency ratio of the respective cooling system. For
reasons of computational efficiency, mean EFLHc values from Table 2
are used here. While the EER of chillers usually refers solely to the
compressor, in this case, the annual performance of the chiller systems
includes the compressor, evaporator and condenser of ACCs and RTUs,

Table 2
Range of equivalent full load cooling hours (EFLHc) for different
building types in New York City and New Jersey [57-59].

Building type EFLHc
Low-rise residential (< 3 floors) 507-600
High-rise residential (> 3 floors) 793-954
Office 540-1160
Retail 720-1751
Hospital 1217-2440
Hotel 2918-3108
School 260-861
College and university 658-1208
Public facilities 669

Light industrial 544

Other 736
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as well as the additional cooling water pumps and CT fan operation for
WCCs. Thus, the EER here represents the factor of annual useful cooling
energy to annual electricity consumption of the cooling system. EER
values for 26 air-cooled and 35 water-cooled systems are collected from
various case studies [61-72] (Fig. 4) These include both simulated and
measured values of installed cooling systems. Air-cooled systems in the
studied literature have a mean EER and standard deviation of 2.7 +
0.6 kWh/kWh, while water-cooled systems have a mean EER and stan-
dard deviation of 3.9 + 0.6 kWh/kWh. To quantify the standard devi-
ation of the estimated electricity consumption of cooling systems in
Manhattan using MC simulation, Pearson III distributions [54] are
derived from the mean, standard deviation and skewness of the obtained
EER values from literature. For application in Manhattan, 500 random
EER values are generated following these distributions for each detected
cooling system based on the unit type and used together with the 500
cooling capacity values in equation (7) to calculate 250,000 values for
electricity consumption for each detected cooling system. Subsequently,
the mean electricity consumption and standard deviation are calculated.

Based on the annual electricity consumption, the equivalent carbon
emissions are calculated as follows:

Mo, = Eq x CDI ®

with Moz being the equivalent carbon emissions and CDI the CO»-in-
tensity of electricity production. In the New York area, a CDI of
266 gCO2eq/kWh was recorded in 2021 [73]. Finally, peak water con-
sumption is estimated from the nominal cooling capacity of CTs using
the following equation:

m®
Vo O 38 0997 14002 ©
3.51 W ton gpm

: ton

with V,, being the hourly water consumption of cooling towers at
nominal cooling capacity. Thereby, the make-up water volume, which is
renewed every cycle, is equal to 2 % of the CT water flow rate [74]. The
annual water consumption of cooling towers is calculated as follows:

V. = Vi, x EFLHc (10)
with V, being the annual water consumption of cooling towers.

To discuss the accuracy of the estimation of cooling capacities, de-
mands and electricity consumptions, the mean relative standard devia-
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Fig. 4. Annual energy efficiency ratios (EER) of 26 air-cooled and 35 water-
cooled cooling systems. Values include designed and measured annual energy
consumption of compression, refrigerant and cooling water pumping and
condenser and CT fan operation [61-72].
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tion is calculated on building, building block, community district and
city scale in Manhattan according to the following equation:

—_— 1 1 Oj
RSD = ;(thi x 100) a1

with RSD being the mean relative standard deviation, ¢ being the
aggregated standard deviation over a particular scale (building, building
block, community district or city scale) and Qg being the sum of the
cooling capacity of that same scale. The aggregated standard deviation is
calculated using the root of the sum of squares of the individual cooling
system standard deviations. For the cooling demand and electricity
consumption, Q, is replaced accordingly by the respective parameter.
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3. Results and discussion
3.1. Evaluation of the detection algorithms

The instance segmentation model to detect ACC condensers, RTUs
units and CTs achieves its best performance after 109 epochs of training
(Fig. B.1 a), and both large and small units are reliably detected (Fig. 5).
Using the test dataset, the model achieves a mean average precision
(mAP) of 0.83 (Table 3). Detection of induced draft CTs works best due
to their generally large size and easily recognisable features (Fig. 5¢). In
contrast, the detection of forced draft CTs performs worse due to the
small number of recognisable features (Fig. 5d).

The Mask R-CNN model to detect the axial fans of ACCs is trained for
20 epochs after reaching the best performance (Fig. B.1 b). The instance
segmentation models perform well in terms of counting the number of
axial fans of ACC condensers and measuring the footprint of CTs with a
deviation between the total estimated and actual values of all units of
less than 1 % and an R? of 0.96 and 0.97 (Table 3).

Fig. 5. Sample images for detected air-cooled condensers (ACCs) (a), packaged rooftop units (RTUs) (b), induced draft cooling towers (CTs) (c) and forced draft

cooling towers (CTs) (d) in Manhattan.
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Table 3

Performance of the object detection models for detecting heat rejection units of
cooling systems (detection performance) and estimating their size or number of
fans (segmentation performance). To display segmentation performance, the
nominal cooling capacity is calculated from the model’s predicted unit size or
number of fans and compared to the capacity calculated from the actual values.

Unit type Detection Segmentation performance
performance
Average Total R? RMSE
Precision relative (equivalent
deviation cooling
capacity)
Air-cooled condensers 0.82 —0.6 % 0.96 53kw
Rooftop units 0.82 +3.8 % 0.84 37kw
Cooling Induced 0.87 —0.3% 0.97 584 kW
towers draft
Forced 0.80
draft

For RTUs, the models are slightly less accurate with a total error of 4
% and an R? of 0.84 (Table 3). Larger deviations occur due to the less
recognisable fans, leading to miscounting more often for RTUs than ACC
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condensers. Converted into cooling capacity, CTs show a larger RMSE,
while RTUs show the smallest RMSE. However, the RMSE of CTs is the
smallest compared to their high cooling capacities. This is because unit
size impacts segmentation performance, with the highest relative de-
viations occurring for the smallest units and those with the fewest fans.

3.2. Evaluating cooling capacities

The regression models for the quantification of cooling capacities are
evaluated using data on actually installed nominal cooling capacities of
ACC condensers from the KIT and CTs from buildings in Manhattan,
NYC. At the Campus North at KIT, the total installed nominal capacity of
14.9 MW is overestimated by 7.7 % (16.0 + 0.09 MW) with a RAD of
18.5 %. 95 % of the predicted installed capacities are within a range of
+165 kW (Fig. 6a). In general, the estimation of nominal cooling ca-
pacity performs better for larger units (Fig. 6). With a maximum devi-
ation of +25 %, the estimation is more accurate for ACC condensers with
cooling capacities >400 kW than for smaller units (Fig. 6¢).

In Manhattan, before the adjustment, the total nominal cooling ca-
pacity of 596 CTs (2.3 GW) is overestimated by 23 % (2.8 + 0.004 GW)
with a RAD of 48 %. 95 % of the predictions are within a £8730 kW

60,000
b) Cooling towers
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Installed cooling capacity: 2.3 GW
Estimated cooling capacity: 2.8 GW

0
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Fig. 6. Estimated and true nominal cooling capacities of air-cooled chillers (ACCs) and their condenser and cooling towers (CTs) before adjustment (a & b). His-
tograms in c) and d) show the relative deviations between estimations and the actually installed nominal cooling capacity. Colours indicate the true nominal ca-

pacities of the machines.
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interval (Fig. 6b). CTs with nominal capacities >1,000 kW are estimated
more accurately than smaller CTs, while CTs with nominal cooling ca-
pacities >16,000 kW are generally over-estimated (Fig. 6b, d). These
observed deviations are used to adjust the regression models for the
following application in Manhattan. They are also used in an MC
simulation to quantify the standard deviation of the cooling capacities.
For RTUs, adjustment and distribution for the MC simulation are derived
from the ACC condenser values, because both unit types operate after
the same principle [39].

3.3. Quantifying the cooling demand of Manhattan

In Manhattan, the instance segmentation algorithm detects about
10,100 ACC condensers, 3600 RTUs and 2500 (multi-cell) CTs. The
regression models and the MC simulation reveal a total installed nomi-
nal cooling capacity of 10.6 + 0.2 GW (Fig. 7a). With typical operating
times for New York City (Table 2), a cooling demand of 10.0 & 0.2 TWh/
a is estimated for the corresponding buildings (Fig. 7b). Considering the
EER for the different unit types, the detected systems would consume
2.82 + 0.05 TWh/a of electricity (Fig. 7c), which is equal to around 18
% of the modeled residential and commercial electricity consumption of
Manhattan [75]. When the EER values are used to estimate the peak
power input from the installed cooling capacity in summer, a total
power input of 2.98 £+ 0.05 GW is calculated, which is equal to the ca-
pacity of all four operating nuclear reactors in the state of New York
[76]. With equivalent carbon emissions of 266 gCOy/kWh for 2021, the
detected cooling systems in Manhattan produce around 750,000t of
carbon emissions per year, equaling 2.2 % of the carbon emissions from
electricity production in New York State in 2021 [73]. If all detected CTs
of the respective WCCs operated at full load, they would consume
35,000 m® of water per hour due to evaporation and water renewal,
corresponding to around 14 Olympic swimming pools (50 m x 25 m x
2 m). With typical annual EFLHc per building type (Table 2), CTs in
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Manhattan are estimated to consume about 33 x 10° m® water per year,
or 13,000 Olympic swimming pools, which is around 2.4 % of NYC’s
whole annual drinking water supply [77]. This excludes water use
related to electricity production in power plants.

The accuracy in Manhattan increases substantially with scale. On
building scale, the RSD is 51 % for nominal cooling capacity, 53 % for
cooling demand, and 55 % for annual electricity consumption. On
building block scale (Fig. 7), RSD is 33 % for cooling capacity, 34 % for
cooling demand, and 34 % for electricity consumption. Aggregated over
the scale of the twelve community districts of Manhattan, the RSD
ranges from 4 % to 5 % and for the entire Manhattan from 1.6 % to 2 %.

While most detected units are air-cooled, ACC condensers only ac-
count for 13 % of installed nominal capacity and packaged RTUs for 4 %.
84 % of the installed nominal capacity is related to water-cooled systems
with CTs. In this respect, Manhattan differs from the U.S. average, where
the majority of cooling energy in commercial buildings is delivered by
packaged systems [35]. This is due to the large number of skyscrapers
and other large building complexes, such as universities and hospitals,
which utilise mainly water-cooled chillers with CTs and are among the
largest producers of cooling energy in the city (Fig. 8).

This high amount of cooling of institutions like universities and
hospitals results from a combination of large installed cooling capacities
and long operating times throughout the year for both air-conditioning
and process cooling. Also, large office buildings in the Financial District
and Midtown are found to be large producers of cooling energy (Fig. 8g,
h).

Applying values from a building stock model of NYC to the buildings
in Manhattan, a cooling-related electricity consumption of 2.6 TWh/a in
Manhattan is estimated [75], which is 6 % below our estimation. Like-
wise, carbon emissions would be 6 % below our estimation [75] when
the same equivalent carbon emission factor used above is applied [73].
New York City is estimated to consume 7.3 TWh of electricity for space
cooling per year, which is about 17 % of total electricity consumption
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Fig. 7. Estimated nominal cooling capacity (a), annual cooling demand (b) and annual cooling-related electricity consumption (c) in Manhattan. Data is aggregated

into building blocks.
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detailed views of the Financial District (g) and Midtown (h) are shown with building-lot resolution.

[78]. Buildings located in Manhattan are supposed to be responsible for
36 % [75] of the cooling-related electricity consumption of the entire
city of New York [78], while in our model, 39 % of NYC’s estimated
cooling-related electricity consumption [78] is from buildings located in
Manhattan. For cooling-related water consumption, comparisons to
other studies on city-scale are not comparable, as the share of CTs varies
heavily between cities.

Comparing our estimated cooling demand with modelling results for
heating demand indicates similar orders of magnitude for Manhattan’s
heating and cooling demands, as Manhattan’s annual space-heating-
related fuel consumption is estimated at about 19.7 TWh [75]. With a
typical efficiency for gas boilers of 80 % [79], this results in a useful
heating energy, or heating demand, of around 15.7 TWh, which equals
157 % of our estimated cooling demand. Locally, however, the cooling
demand can even surpass the heating demand. In the Financial District,
a heating demand of 0.8 GWh/a is estimated [75], thus, our cooling
demand equals 175 % of heating demand (Fig. 8g). In Midtown, a
heating demand of around 1.4 GWh/a is estimated [75]. Here, our
cooling demand equals 171 % of the estimated heating demand
(Fig. 8h). Here, relatively similar heating and cooling demands imply
potential for synergies for renewable heat and cold production [80].
Coupled DHC benefits most from simultaneous heating and cooling
demands, which may not occur in Manhattan due to the seasonal

10

demand shift and lack of extensive process cooling [31,81]. Seasonal
mismatches between heat and cold supply and demand can be
compensated using seasonal thermal energy storage systems such as
aquifer thermal energy storage (ATES) and borehole thermal energy
storage (BTES) systems [10,11]. Hereby, heat and cold are stored in the
groundwater or the underground of boreholes and reused for heating
and cooling, decreasing electricity consumption and carbon emissions of
heating and cooling production by up to 74 % [10,82]. For thermal
energy storage systems, relative cost decreases with increasing storage
volume, indicating greater potential for buildings with higher heating
and cooling demand [83,103]. Manhattan’s underground is mainly
composed of schist, marble and gneiss with a thin overburden of un-
consolidated glacial sediments, which are thickest in the south [84]. As a
result, only southern Manhattan is suited for open-loop geothermal
systems [85] and ATES systems. Closed-loop systems, on the other hand,
are applicable all over Manhattan and standing column wells, which
circulate water inside open wells drilled up to 450 m deep into the
bedrock, are applicable in most parts of Manhattan [85], enabling the
possible use of BTES systems all over Manhattan.

A limiting factor for the application of geothermal systems in the
identified areas in Manhattan could be the lack of open spaces for dril-
ling. However, geothermal systems were shown to be able to provide
sufficient heat to supply dense urban areas [86]. Especially parks and
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other open spaces could be suitable for drilling geothermal boreholes,
the largest and most prominent example being the Central Park. If open
spaces in the Central Park were utilised, the underground of the park
could yield an estimated capacity for heating and cooling (without
thermal storage) of up to 1 GW with closed-loop systems and of up to
2 GW with standing column wells [87]. Thermal energy storage could
further increase the efficiency of such systems, which can also profit
from interacting thermal plumes by closely aligned boreholes [88]. With
optimised well positioning and additional seasonal thermal storage in
ATES or BTES systems, the potential for geothermal applications would
be even higher than the above-reported numbers.

3.4. Implications and limitations

As shown for Manhattan, the presented approach can provide valu-
able information about actually installed cooling systems of buildings,
districts and cities, such as types of cooling, installed nominal cooling
capacity, annual cooling demand, power input and annual electricity
consumption (Fig. 9). Thereby, the approach sits between physical
building modelling and large-scale, data-driven cooling demand
modelling. It exceeds physical building models in aspects, such as
application speed for districts and cities and can deliver information on
actually utilised cooling, such as air-conditioning and process cooling.
However, while applicable on building-scale, our approach neither
achieves the same accuracy as a detailed physics-based model for an
individual building, which according to an ASHRAE standard shall not
exceed a RSD of 15 % for monthly and 30 % for hourly calibration data
[171, nor generates hourly load curves.

Load curves, however, are often required for further planning of
heating and cooling systems utilising thermal storage [89]. These ther-
mal storage systems often interact dynamically, utilising short and long-
term thermal storage, which are synchronised with the heat source and
sink. Thus, overall system efficiency can improve significantly with
adequate control strategies [89]. In that respect, coupling our approach
with physical prototype building modelling [15] could be a promising
possibility for predicting load curves based on typical building
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occupancy and local climate for the detected cooling systems, thus
improving the quantification of cooling demands. Likewise, such phys-
ical building models can be enhanced with information on actually
utilised cooling systems and cooling capacity, also to, for example,
distinguish between theoretical cooling demand and useful cooling en-
ergy. On larger scales, this can also increase the significance of surrogate
models by offering the possibility to quantify the useful cooling energy
alongside the theoretical cooling demand.

Compared to large-scale top-down or bottom-up theoretical cooling
demand models, which often focus on city, state or country scale [21],
our approach can deliver estimations for actually utilised cooling on
building, building block, district and city scale. Hereby, the RSD of our
estimated cooling electricity consumption in Manhattan (1.7 %) is,
although not directly comparable, similar to “Demand.ninja’s” nor-
malised root mean square error for daily heating and cooling electricity
demand in New York State (1.2 %) [31]. However, our approach is
unaffected by the saturation rate of cooling systems, because the utilised
systems themselves are identified and quantified as opposed to theo-
retical (statistical) cooling demands. Thus, it can also identify cooling
hot spots, e.g., from process cooling. Application on state or country
scales is, however, limited due to application speed and input data re-
quirements, as an extensive image database would be required for such
large scales. In this respect, our approach could generate local cooling
demand data, which can be upscaled to country scale using a bottom-up
approach, e.g., with building data. Until now, insufficient cooling de-
mand input data has been a significant limitation of such bottom-up
models [20]; thus, coupling both approaches can be beneficial. Also,
combining our approach with other approaches for estimating the
theoretical cooling demand (e.g. [23] or [31]) might yield opportunities
to spatially assess the saturation rate of cooling systems. The inferred
saturation rate can then indicate protruding investments in cooling [29],
and therefore help city and energy planners to pre-empt decentralised
solutions, e.g., DHC networks, or to target awareness campaigns for
thermal storage solutions.

With its relatively high resolution compared to other large-scale
models, our approach can help to build cooling cadasters, similar to
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Fig. 9. Obtainable information from the presented approach on the energy sector (a) and possible applications within the scope of renewable urban energy planning

(b). DHC = district heating and cooling.
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heating cadasters, such as the “Warmekataster Brandenburg” [90]. Such
cadasters can support feasibility studies to plan district solutions
[81,91]. They can also help plan efficient shallow geothermal, as well as
ATES and BTES systems [92,93].

Another important factor related to cooling is waste heat. The latter
is often unused and rejected into the atmosphere using ACCs or WCCs
with CTs, neglecting potential heating synergies for nearby buildings.
Commercial and industrial process cooling, in particular, is difficult to
quantify with conventional cooling demand modelling approaches [81].
While previous studies used, for example, the number of employees of
heat-producing industries as a proxy for the amount of waste heat [94],
our method can directly estimate the waste heat potential of detected
cooling systems. One previously identified large producer of cold in an
industrial area in Germany [32], is now integrated into a generation four
district heating system [95].

While our method has potential for application within the scope of
urban energy planning, it also has certain limitations. If heat rejection
units are not clearly identifiable from aerial images, they will not be
detected. This applies, for example, to smaller ACs on the side of
buildings, as observable on “Google Street View” for many buildings in
the residential areas of northern Manhattan [96], as well as units with
radial fans instead of axial fans and units covered by roofs or other
building structures. Likewise, our approach will yield less relevant re-
sults in areas with already existing district cooling systems. While the
cooling capacity can be quantified from aerial images for systems with
CTs, such as in Hamburg, Germany [97], it is not possible to identify
connected buildings without additional information. If the systems uti-
lise, e.g., lake water for cooling, such as in Geneva [98], the systems will
remain undetected which will result in an underestimation of cooling
capacities and demand in an area. However, city or energy planners
applying our approach are likely to be aware of district-scale energy
systems. In this sense, the presented method provides minimum values
for the number of installed cooling systems and demand within the
investigated area.

Uncertainties on building scale due to deviations between estimated
and installed nominal cooling capacities are another limitation, espe-
cially for CTs (Fig. 6). Additionally, operating conditions, such as
ambient and fluid temperatures, fan speeds, internal pressures and
refrigerant, influence both the actual cooling capacity at certain times,
as well as the efficiency of the cooling systems and thus their annual
electricity consumption. Likewise, the age of the cooling system can
impact the energy efficiency, as newer systems typically achieve higher
efficiencies than older ones [99]. Similarly, modern low-energy build-
ings and refurbished buildings may require less frequent chiller opera-
tion due to better insulation or electrochromic windows, resulting in a
potential reduction of EFLHc and thus cooling demand for these build-
ings in this approach. For the refurbishment of buildings, however,
changes in cooling system installation can be monitored over time by
comparing aerial images from different years.

Other factors that impact the estimated cooling demand and elec-
tricity consumption are free cooling and the existence of backup sys-
tems. While the amount of free cooling could be estimated based on
building type and climate (e.g. for data centres), uncertainties remain
regarding the quantification of electricity consumption. In addition, the
object detection algorithm cannot distinguish between active and
backup systems, likely overestimating cooling demand and electricity
consumption for specific buildings. Usually, data on backup systems is
not available and not universally applicable to the buildings in Man-
hattan or other cities. One branch of buildings, where backup systems
are common, are data centres. For example, tier III data centres, which
have the largest market share [100], usually employ N + 1 redundancy,
meaning that for a cooling system with N chillers, one additional chiller
is installed as backup [101]. However, even with such information, it is
not possible to characterise the actual share of active to backup systems
without further internal knowledge. Similarly, this study does not
resolve the utilisation of heat recovery systems, which may increase
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efficiencies of the installed cooling systems and result in an overall
decrease in cooling-related electricity consumption [102]. Finally, for
re-use in other studies, site-specific EFLHc are required for the appli-
cation in other regions, as EFLHc will vary based on, e.g., climatic
conditions and usage patterns [57]. Typical values are obtainable from
different organisations, such as ASHRAE [57], but could also be
modelled from physical building models, such as [15].

4. Conclusion

This study introduces an approach to quantify installed nominal
cooling capacities of cooling systems, annual building cooling demands
and related annual electricity consumptions in Manhattan based on
easily accessible aerial images. Instance segmentation models are
trained to detect air-cooled condensers of chillers and central split ACs,
packaged rooftop units and induced draft and forced draft cooling
towers of water-cooled chillers from aerial images. Their cooling ca-
pacity is then estimated from the number of condenser fans and the unit
footprint. The cooling demand and annual cooling-related electricity
consumption can be estimated using typical operating times and energy
efficiency ratios.

Applying the proposed approach to the area of Manhattan in New
York City reveals a total cooling capacity of 10.6 + 0.2 GW, a cooling
demand of 10.0 + 0.2 TWh/a and a cooling-related electricity con-
sumption of 2.82 + 0.05 TWh/a. The highest cooling demand densities
are identified in Midtown and the Financial District, whereas the largest
individual consumers in the study area are universities and hospitals.
This case study highlights the method’s applicability to dense urban and
commercial areas.

A significant advantage of the presented approach is its ability to
quantify the actual, currently installed space cooling equipment and
cooling demand on a building scale, in contrast to commonly estimated
theoretical cooling demands. It applies to all building types and usages,
including waste heat from commercial and industrial process cooling.
The information obtained from our approach allows, for example, to
spatially balance obtained cooling demands with existing heating de-
mand data for coupled heating and cooling production with thermal
storage.
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Overview of the data for the regression models to quantify the nominal cooling capacity Q, of the heat rejection units of cooling systems.

Unit type Parameters for Formula N°of Data from manufacturers
regression units
Air-cooled condensers N°of fans n Qi =533 xn 527 Carrier, Daikin, Emicon, Euroklimat, Evapco, Galetti, Hydrac International, Lennox, TH. Witt
Kaltemaschinenfabrik, Trane
Rooftop Units Footprint A in m?, Qmn=7.0x A+ 145 Carrier, Daikin, Johnson Controls, Lennox, Trane, York
N°of fans n 12.2 x n-19.4
Cooling Induced Footprint A in m? Qm =130.5 x A 634 Baltimore Aircoil Company, Bell Cooling Towers, Boldrocchi T.E., CTS Cooling Tower
towers draft Systems, Evapco, EWK Kiihlturm, GEA Energietechnik, Kelvion, Multi Kiihlsysteme, Mumme
Cooling Tower International, SPX Marley
Forced Footprint A in m? Qmn =132.6 x A 325 Baltimore Aircoil Company, Evapco, EWK Kiihlturm, SPX Marley
draft

Appendix B. . Training loss curves
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Fig. B.1. Training loss curves of the Mask R-CNN models for the detection of ACCs, CTs and RTUs (a) and ACC axial fans (b) from aerial images. The loss curves are

displayed for the training and the test data set.

Data availability
Data will be made available on request.
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