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Abstract

In recent decades, the global cooling demand has significantly increased and is expected to
grow even further in the future. However, knowledge regarding the spatial distribution of
cooling demand is sparse. Most existing studies are based on statistical modelling, which lack
in small-scale details and cannot accurately identify individual large cooling producers. In this
study, we implement and apply a novel method to identify, map and estimate nominal cooling
capacities of chillers using deep learning. Chillers typically use air-cooled condensers and
cooling towers to release excess heat, and produce most of the cooling needs in the commercial
and industrial sectors. In this study, these units are identified from aerial images using
specifically trained object detection models. The corresponding nominal cooling capacity is
then estimated based on the number of fans of air-cooled condensers and the fan diameters of
the cooling towers, respectively. Both detection and capacity estimations are first evaluated on
test data sets and subsequently applied to an industrial area (Briihl) and the city center in
Freiburg, Germany. In Briihl, aerial images show chillers with an estimated nominal cooling
capacity of 201 MW, of which the model detected 88%, while 92% of all detections are correct.
In the city center, a nominal capacity of 18.6 MW is estimated, of which the model detected
87% with 77% of all detections being correct. Hence, the developed approach facilitates a

reliable analysis of the installed nominal cooling capacity of individual buildings at large scales,
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such as districts and cities. This information could be further used to locate areas for
investments and support planning of eco-friendly, centralized supply of cooling energy, for
example district heating and cooling systems or shallow geothermal energy systems such as

aquifer thermal energy storage (ATES).
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1 Introduction

According to the IEA, the demand for space cooling is "one of the most critical yet often
overlooked energy issues of our time" [1]. In recent years, an increasing use of air conditioners
(ACs) caused rising energy consumption as well as CO, emissions [2, 3, 4, 5]. Today, about
10% of global electricity consumption is related to air conditioning and mechanical ventilation
[1]. In the next decades, cooling demand is expected to escalate with on-going climate change,
economic growth in warmer regions and increasing living and comfort standards [1, 3, 4, 6].
Until 2050, the cooling demand of the world may triple compared to 2016 [1].

Reducing CO; emissions in the cooling sector requires both the use of eco-friendly technologies
and the centralization of the cooling supply of urban areas [7]. Efficient technologies, such as
low-temperature district heating and cooling systems and seasonal aquifer thermal energy
storage (ATES) systems can significantly mitigate greenhouse gas emissions compared to
conventional methods and reduce dependency on fossil fuels [8, 9, 10, 11, 12]. Other
technologies for eco-friendly cooling include ground source heat pump (GSHP) systems,
conventional district cooling systems, the use of waste heat, solar cooling and ice storage [13,
14, 15,16, 17, 18, 19]. To implement such technologies on a larger scale and to design policies,

information about site-specific cooling demands is needed [20, 21]. Currently the scientific



focus is mainly on modelling and quantifying heating demands, while cooling demands are
often disregarded [7, 22]. However, simultaneous or seasonal heating and cooling demands in
an area hold important potential for synergies and should therefore ideally be considered
together [9, 11, 23].

Information about the cooling demand in Europe is rare, as energy consumption of air
conditioning is not officially monitored and rather difficult to quantify [7, 20, 24, 25, 26, 27,
28, 29]. In the past, the cooling demand was modelled based on a large variety of factors. On
country-scale, the installed cooling capacity and saturation rate, describing the percentage of
cooled building spaces, can be estimated from the sales numbers of cooling systems [1].
However, these lack in spatial and local details. Likewise, cooling demand can be modelled
top-down using factors, such as energy consumption of cities and countries, population, climate,
sector distribution and national saturation rate, describing the share of buildings that use air
conditioning [6, 24, 27, 29, 30, 31]. On the other hand, bottom-up approaches use small-scale
factors such as building type, saturation rate, district cooling deliveries, cooling system permits,
individual building energy consumption, cooling demand and floor space to extrapolate cooling
demand for cities and countries [6, 21, 22, 29, 32]. However, in the EU, only a small proportion
of theoretical cooling demand is met in practice with only 10% of households using air
conditioning [1, 4, 20]. This low saturation rate makes it difficult to spatially quantify Europe’s
actually met cooling demand by using statistical models [7, 18]. While most studies focus on
large areas where low AC saturation rates have less of an impact on model accuracy, the Monte
Carlo models by Li et al. [22] and Chambers et al. [32] predict the present and future probability
for the presence of air conditioning on building level. They use climate data and scenarios for
Switzerland, data for cooling system permits, economic data, as well as floor area, service area,
ground floor area and building age for individual buildings in Geneva. However, Geneva has a

low saturation rate of 5-12% for cooling systems and tight regulations [22]. Thus, transferring



the approach to other regions would require adjustments to the model and other site-specific
data.

By 2020, about 2 billion ACs were installed worldwide and the majority of them operate
inefficiently [1, 33]. There are several configurations of ACs such as packaged ACs, split ACs
and large compression chillers [1, 34]. Although, electrically driven compression chillers only
make up about 2% of the ACs worldwide, they account for a large proportion of produced
cooling energy due to their high cooling capacity [1, 4]. Solely in the commercial sector, about
60% of the worldwide cooling capacity is delivered by compression chillers (CCs) [1].
However, they are also frequently used to cool large residential buildings and industrial
processes [1]. In Europe, 43% of the final energy consumption of the cooling sector is caused
by chillers [6]. The majority of chillers are either air-cooled chillers (ACCs) or water-cooled
chillers (WCCs) in combination with a cooling tower (CT) [35].

In 2021, Schiippler et al. published a workflow to identify the condenser of ACCs from aerial
images and to estimate their nominal cooling capacity of the ACC from the number of build-in
condenser fans [7]. Compared to other methods, this approach is based on readily available
data, and the method is not limited to specific building sectors. However, manually identifying
ACC condensers on city scale and counting their fans is a time-consuming task. In addition, the
workflow by Schiippler et al. [7] focused on ACCs whilst disregarding WCCs.

Recently, deep learning and convolutional neural networks (CNNs) gained much attention and
with major improvements in the last years they have become an important tool to find and
classify objects within images, a task referred to as object detection [36, 37, 38, 39, 40].
Typically, a computer model learns how to process given data in order to make predictions for
unseen data [41]. This technique is already frequently used to efficiently solve time consuming
tasks such as detecting water wells, storage tanks, various vehicles, planes, boats, and certain

buildings within satellite and aerial images [42, 43, 44, 45, 46, 47, 48]. In addition, previous



studies detected CTs to support the investigation of Legionnaires’ disease outbreaks in the US
[49].

Building on the approach of Schiippler et al. [7], this study presents a methodology to identify,
map and estimate the installed cooling capacities of ACC condensers and CTs of WCCs from
aerial images using deep learning. ACC condensers and the CTs are identified using state-of-
the-art object detection algorithms. Using a regression analysis, the nominal cooling capacity
of the identified ACC condensers and CTs is then estimated, based on the detected number of
fans of ACC condensers and the fan diameter of CTs. Finally, the trained object detection
models are evaluated on test data and applied to identify and map the nominal cooling capacity
of ACC condensers and CTs in the industrial area of Briihl and the city center of Freiburg in

Germany.

2 Methods

The workflow developed in this study comprises of four steps (Fig. 1), which are explained in
the following chapters: a) data collection for training and testing by exporting aerial images
from Google Earth, b) object detection of ACC condensers, ACC fans and CTs via the
EfficientDet DO algorithm [50] and the Tensorflow Object Detection API, c) quantification of
cooling capacities of detected ACC condensers and CTs by means of regression analysis and

d) application to a case study in Freiburg, Germany.
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Fig. 1. Workflow for the proposed method. Aerial images are collected (a), analyzed using
convolutional neural networks (b) and the nominal cooling capacity of detected air-conditioning
supply is estimated (c). Thus, spatial information of cooling capacities can be gathered and used

in the future to plan more efficient and eco-friendly cooling systems (d). (2 column image)

2.1 Training and test data

To train and evaluate the object detection models, a data base with images of ACC condensers,
CTs and blanks is built. Hence, aerial images from various cities worldwide are used (New
York City, Chicago, Tokyo, Sydney, Vienna, Rome, London, Berlin, Cologne, Frankfurt,
Diisseldorf, Karlsruhe, Mannheim, Mainz, Wiesbaden, Speyer, Riisselsheim and Rheinau).

These locations are chosen due to their diversity in prevailing architecture, high number of
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installed ACC condensers or CTs and availability of images with low ground sample distances
of <30 cm/pixel. The training and test images are cropped to 512 x 512 pixels (px) and ACC
condensers and CTs are labelled (Fig. 1b). Each training image is rotated twice to create
additional representations of each unit and 25% of the images are converted into grayscale using
the tool “Roboflow” [51]. Thus, 3000 images used for training the model to detect ACC
condensers and CTs.

For the CTs, only the fan is detected by the model and the bounding box corresponds to the size
of the fan. To more accurately match the predicted box size with the size of the CT fans, a
calibration is done using 211 CTs. To detect and count ACC condenser fans, an additional
training data set is created. Images are cropped to the extent of the ACC condenser and the fans
are labelled (Fig. 1b).

Similarly, a test dataset is created containing 335 ACC condensers and 145 CTs on 147 images
to evaluate model performance for detecting ACC condensers and CTs, as well as estimating
their cooling capacity. 46 of these images are made up of blank images with multiple, similar

looking objects such as storage tanks and clarifying basins.

2.2 Object detection algorithm

To identify ACC condensers and CTs from aerial images and to count the number of fans of
ACCs and measure the fan diameter of CTs, the object detection model EfficientDet DO is used
with an EfficientNet BO backbone [50]. EfficientDet DO was constructed by the Google Brain
Team as one of eight models of the EfficientDet model family and is explained in detail by Tan
et al. [50]. It is a one-stage detector that delivers high accuracy, while requiring low
computational cost and therefore maintaining high detection speeds. Models are trained inside

Google Colab using a Tesla T4 GPU, a batch size of 16, a learning rate of 0.001 - 0.08 and the



swish activation function [52]. The models use regularization, which prevents the model from

overfitting to the exact noise pattern of an object [53].

2.3 Quantification of cooling capacities

Compression chillers are mainly used in commercial buildings, large central systems, large
residential buildings and district cooling networks [1]. They absorb heat from a building space
by evaporating a fluid refrigerant using a condenser unit [2]. The condenser unit can either be
air-cooled or water cooled, e.g. via cooling towers to release excess heat into the environment
[35]. This study is based on the principle, that larger condensers with more fans or larger cooling
towers can release more heat from the chiller and therefore, the chiller can have a higher

nominal cooling capacity.

2.3.1 Air-cooled condensers

Air-cooled chillers (ACCs) use ambient air to directly cool the warm refrigerant flowing
through the condenser coils [35]. Thus, one or multiple fans blow air through the condenser
unit (Fig. 2). Schiippler et al. [7] showed that the nominal cooling capacity of ACCs can be
estimated from the number of axial fans of the external condenser unit. Hence, they created a
regression analysis based on manufacturer data of 68 ACC condensers from Trane Roggenkamp
and Emicon GmbH [7]. For the present study, their regression analysis is extended by 100 ACC
condensers from other manufacturers such as Carrier, Galletti S.p.A., Lennox International and
WITT Kéltemaschinenfabrik GmbH to create a more representative database for application.
The resulting relationship is used to calculate the nominal cooling capacity of ACC condensers:

Q. = 62.1 X N — 63.8 (1)

with O being the nominal cooling capacity in kW and N being the number of axial fans. Please

note that only nominal cooling capacities are used within this work. For most units of the
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regression, nominal capacities are certified by the manufacturers for Eurovent conditions with
a fluid inlet temperature of 12°C, an outlet temperature of 7°C and an ambient air temperature
of 35°C [54]. Depending on site specific operating conditions, such as refrigerant type,
refrigerant and ambient air temperature and pressure and part load ratio the actual cooling
capacity can differ from the nominal cooling capacity. However, to include these parameters,
detailed in information about the location and the operation of each chiller would be necessary.

To ensure applicability and flexibility of the approach and prevent extensive data requirements,

operating parameters are not considered here.
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Fig. 2. Regression data for the estimation of the nominal cooling capacity of air-cooled
condensers and cooling towers. The nominal cooling capacity of air-cooled condensers is
correlated with the number of built-in fans and the nominal cooling capacity of cooling towers

with their fan diameter. (2 column image)

2.3.2 Water-cooled chillers

Water-cooled chillers (WCCs) use cold water instead of ambient air to cool the refrigerant in

the condenser unit. Typically, a CT outside of the building is used to supply cold water to the
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condenser unit of the WCC [35]. WCCs and their CTs can reject more heat (Fig. 2) and are
more energy efficient than ACCs [34, 55]. In this study we are focussing on the wet induced
draft CT which is the most frequently used type of CT [55]. Warm water coming from the CC’s
condenser is sprayed onto the porous CT fill through which the water flows downwards [56].
A large fan on top of the CT induces a counterflow of air through the fill [57]. The water is then
cooled on contact with the air due to evaporation and thermal conduction [56]. In general, the
larger the CT, the more heat it can reject (Fig. 2). For this study, the diameter of the CT fan is
used to estimate the nominal cooling capacity of the CT and therefore the chiller. The fan is
also the most prominent and an easy to identify visual feature of the CT from aerial images.
Using data from 53 CT models by manufacturers Cooling Tower Systems Inc., EWK, GEA
Group AG, Mumme-Cooling Tower International GmbH and SPX Cooling Technologies Inc.,
a regression analysis is performed to estimate the nominal cooling capacity based on the fan
diameter (Fig. 2). The resulting relationship is used to calculate the nominal cooling capacity

within this study:

Qin = 220.6 X d* + 1518.0 x d-1386.6 (2)

With d being the fan diameter in m. For most CTs, nominal cooling capacities are stated by the
manufacturers for an inlet water temperature of 35°C, an outlet temperature of 30°C and wet
bulb temperatures between 21°C and 25°C. Comparable to ACCs, the actual cooling capacity
of CTs and the connected WCCs depends on the operating conditions, such as CT fan speed,
inlet, outlet and wet bulb temperatures and refrigerant and air pressure, which are again not

considered in the approach for sake of applicability and flexibility.

2.3.3 Evaluation metrics and calibration

11



After training, the object detection model is evaluated on the test data set using different
evaluation metrics. A summary over the used evaluation and calibration metrics for the

individual steps and algorithms of the workflow is given in Table 1.

Tab. 1. Evaluation metrics for the object detection models for the different workflow tasks
(Fig. 1 b & c). For the evaluation of the object detection (B), an intersection over union (IoU)
> (.5 is used as criteria to distinguish true positive detections from false negatives and the
mean average precision (mAP) is calculated from the precision-recall-curve. Manual
judgement omits the use of [oU, whereas detections are rated intuitively as true and false. For
the estimation of nominal cooling capacities (C), eq. 1. and eq. 2. are used to calculate the

model’s estimated and actual nominal cooling capacity.

Task Criteria Evaluation Metrics

IoU: precision-recall-curve,

. . Location of ACCs and mAP
b) Object detection :
CTs Manually judged: F1-score,
number of included ACC fans
0 Quantification of cooling | Cooling capacity from Total capacities, mean
capacities number of fans relative deviation

ACC Cooling capacity from = Total capacities, prediction

fcat Evaluation number of fans interval
uantification . .
b) + Q . CT Cooling capacity from . L
of cooling oL ) Mean relative deviation
C) .\ Calibration fan size
capacities - - — —
CT Cooling capacity from = Total capacities, prediction
Evaluation fan size interval

For the detection of ACC condensers and CTs, the mean average precision (mAP) is calculated
following the Pascal VOC 2012 metrics by Everingham and Winn [58] using a Python
implementation by Cartucho et al. [59]. The mAP is a common evaluation metric in object

detection and is calculated from the precision-recall curve. The precision provides a measure
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for how accurate the given detections are, while the recall describes how many existing objects

are correctly detected [60]. To calculate precision and recall, the following equations are used:

Precision = L )
TP+ FP
TP 4)
Recall = TP-}-—FN

with 7P being the number of true positive detections, FP being false positive detections and FN
being false negative detections [60]. For Pascal VOC 2012, TPs are judged using an intersection
over union (IoU) > 0.5 [59]. However, our model might have difficulties to correctly distinct
between multiple, clustered ACCs. Yet, precisely separating each ACC condenser in a cluster
of multiple units is rather subsidiary compared to including the correct number of fans. Hence,
we additionally evaluate performance manually by judging TPs, FPs and FNs intuitively,
instead of using IoU (Tab. 1). If the model includes multiple ACC condensers inside a single
bounding box, all are considered as TPs, as long as the majority of fans are included. To
compare performance, the F1-score is calculated from the number of included ACC fans after
Sammut and Webb [61] as follows:

Pl = 2 X (Precision X Recall) (5)

Precision + Recall

To verify the regression analysis for the estimation of the cooling capacity of ACCs, we
calculate the nominal cooling capacity of ACCs in the study area used by Schiippler et al. [7]
using eq. 1. and compare them to the actual installed nominal capacities. The study area is

located at the Campus North of the Karlsruhe Institute of Technology (KIT).

The nominal cooling capacity of ACCs is calculated from the detected number of condenser
fans by the second model. Evaluation for this step is done using all detected ACCs from the test
data set with TPs and FPs. The cooling capacities calculated from the number of true fans and

the models estimated number of fans are compared.
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Regarding the CTs, the nominal cooling capacity estimation is additionally calibrated before
model evaluation. Hence, the models estimated fan diameters of CTs in the calibration set are
compared to the true diameters. The model’s capability to estimate the nominal cooling capacity
of CTs is rated in terms of how precise the model can predict the size of the CT fans in the test
data set after calibration. From true and estimated diameters, the nominal cooling capacity is

calculated using eq. 2.

2.4 Application in the city of Freiburg

In addition to evaluating the individual model stages using dedicated test data, the combined
detection and regression models are applied to two study areas in the city of Freiburg, Germany,
namely the industrial area of Briihl (3.8 km?) and the city center (2.4 km?) (Fig. 3). The areas
are chosen due to their diversity of installed unit types and sizes, building types, architecture
and availability of high-resolution aerial images. For both areas, aerial images are exported
from Google Earth with a GSD of 10 cm and tiled down into thousands of smaller images. To
filter out objects that are detected multiple times in the overlap areas, a non-max suppression
algorithm is used. For this study, we focus on ACCs with two or more fans while ignoring small

units with one fan.
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Fig. 3. Study areas for the evaluation of the trained models in the industrial area of Briihl and

the city center of Freiburg, Germany. (1 column image)

3 Results and discussion

3.1 Detection of air-cooled condensers and cooling towers

The model for the detection of ACC condensers and CTs reaches peak performance after about
400 epochs of training. Performance is heavily influenced by image quality and the respective
unit type (Fig. 4). Larger ACC condensers are detected more frequently and with higher
confidence than smaller ones. Large ACC condensers have multiple fans arranged in an easily
recognisable fan pattern (Fig. 1a), while small ACC condensers often show few features for the
model to characterize them properly (Fig. 1b), especially when using regularization. If fan
blades of CTs are not visible, e.g. due to unit type, motion blur, atmospheric distortion, dark
painted blades or a high number of blades per fan, the CT is more likely to remain undetected

(Fig. 4d).
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True positives u False positives False negatives

Fig. 4. Examples for the detection of condensers of air-cooled chillers (ACCs) (a, b) and cooling
towers (CTs) (c, d). True positives are correctly detected condensers or CTs, false positives are
other objects falsely classified as condensers or CTs and false negatives are undetected

condensers or CTs. (1 column image)

Overall, the detection of CTs produces better results than the detection of ACCs. ACC
condensers are detected with an AP of 78.6%, CTs with an AP of 93.4%, resulting in a mAP of
86.0% (Fig. 5). Direct comparison of our model with other studies focussing on object detection
within aerial images is difficult due to differing object classes, availability of training data and
GSD. In general, our model’s mAP is similar to models trained on aerial images from other
research. The Multi-Scale CNN by Guo et al. [43] achieves a mAP of 89.6%, the Faster R-CNN
and SSD models by Mansour et al. [45] achieve 89.2% and 84.2% and the YOLO based model
by Haroon et al. [44] achieves 60.9%. However, most objects detected in these studies are
significantly larger and therefore easier to detect for a CNN than many small ACC condensers

in our study [43, 44, 45].
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Fig. 5. Precision-recall curve of the detection of the condensers of air-cooled chiller (ACCs)
and cooling towers (CTs) of water-cooled chillers, generated after the Pascal VOC 2012 metrics
[58]. In addition, precision-recall values from a manual evaluation are plotted at confidence

thresholds of 0.3 (ACCs) and 0.5 (CTs). (1 column image)

Manual evaluation reveals the downside of judging TPs by IoU. The best performance trade-
off can be observed at a confidence threshold of 0.3 for ACCs and 0.5 for CTs. While there is
no difference for CTs, manual evaluation leads to significantly better results for ACC
condensers (Fig. 5), with an increased precision from 0.80 to 0.95 and recall from 0.72 to 0.79.
The detection of ACC condensers shows an F1-score of 0.85 and the detection of CTs and F1
of 0.91. If judged by the number of included ACC-fans instead of the entire ACC condensers,
the recall value increases further to 0.90, because larger ACC condensers with more fans are
detected more frequently than smaller ones. This results in an F1 of 0.94 for ACC condensers
judged by included fans.

Our EfficientDet DO model achieves similar performance at detecting CTs as Towerscout’s
YOLOvVS5 model, which achieves a precision of 0.90, a recall of 0.95 and an F1 of 0.93 [49].

While the developers of Towerscout deemed recall to be more important than precision to
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assure that every possible legionnaires’ disease source is included, for our application we
consider a high precision as critical [49]. Sacrificing precision for recall would create a large

number of FPs during application that may overshadow TPs in most application areas.

3.2 Estimating cooling capacities

3.2.1 Air-cooled chillers

The regression analysis for ACCs is first used to calculate the nominal cooling capacity of
ACC:s for the study site at the university campus of the KIT [7]. On the campus, 36 ACCs by
manufacturers Emicon and Trane are used for evaluation with a total nominal cooling capacity
of 16.5 MW [7]. All units have visible condensers on the outside of the respective buildings.
While the previous study overestimated the total capacity by 17% with mean relative deviation
of 36% per chiller, our extended regression improves the performance with a total
overestimation of 13% and an average deviation of 26% by using data from additional
manufacturers.

Using our collected aerial image data set from multiple cities, the EfficientDet model for the
detection of ACC fans is trained for about 50 epochs. With a confidence threshold of 0.3, the
model correctly estimates the number of fans for 64% of the ACC condensers (Fig. 6). For the
remaining 36% the model over- or underestimated the number of fans. Converted to cooling
capacity using eq. 1, 95% of the estimations are within a prediction interval of = 218 kW.
Overall, the total nominal cooling capacity of ACC condensers in the data set is overestimated
by 3%. As with the detection of ACC condensers and CTs, fan detection performance is heavily
influenced by image quality and background. Most ACC condenser fans appear as dark spots,
giving few optical features for the model to learn. Thus, shadows or other dark objects next to

the ACCs can confuse the detection and lead to FPs.
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Fig. 6. Estimated and true nominal cooling capacities of the air-cooled condensers and
cooling towers in the test data set. True cooling capacities are calculated from the true number

of fans using eq. 1. (2 column image)

3.2.2 Cooling towers

The nominal cooling capacity of CTs is calculated from the size of the detected bounding box.
Before calibration, the model overestimates the size of all CT fans in the calibration set by a
mean of 16%. Both the line of best fit and a factor of 0.86, calculated from the average
overestimation, are used to correct the estimations. Evaluation on the test data set shows that
using the calibration factor achieves better results than the calibration function. Using the factor,
the total cooling capacity of CTs in the data set is overestimated by 2% (Fig. 6). Converted to
nominal cooling capacity using eq. 2, 95% of the estimations are within a prediction interval of

+ 1018 kW.

3.3 Application on study areas in Freiburg
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Beside applying evaluation metrics, the performance of the approach is tested and applied on
two study sites in the city of Freiburg (Fig. 3). The initial application resulted in a relatively
high number of FPs and a low precision compared with the test data, due to a busy background
with a large number of similar looking objects within thousands of images compared to a small
number of true objects. To avoid FPs while still detecting the majority of units, the confidence

thresholds are increased to 0.8 for ACC condensers and 0.6 for CTs.

3.3.1 Industrial area of Briihl

In the industrial area of Briihl, 117 ACC condensers and 27 CTs are visible from aerial images.
In Briihl the majority of detections is correct and the model’s estimated nominal cooling
capacities match the observations very well (Fig. 7). Overall, 70% of the visible units are
detected with a precision of 84% (Tab. 2). However, from a total estimated nominal cooling
capacity of 201.5 MW in the area, 88% are detected with a precision of 88% (Tab. 2). This
includes undetected and false positive ACC condensers and CTs, incorrect numbers of ACC
condenser fans and over- or underestimated CT-fan sizes. The detection of CTs works better
than detection of ACC condensers with both a higher precision and recall (Tab. 2). With an F-
score of 0.89 our model shows similar performance at detecting CTs as Towerscout tested in
Seattle (F1 =0.90) and Athens (F1 =0.86) [49]. Overall, considering that no training images
from Freiburg are used, the model was well capable to generalize the optical features of ACC

condensers and CTs during training and subsequently recognize them in Freiburg.
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Tab. 2. Total number and nominal cooling capacities (Qum) of observable condensers of air-
cooled chillers (ACCs) and cooling towers (CTs) in the application areas in Freiburg. Total
observable nominal capacities are compared to true positive (TP), False positive (FP) and False

Negative (FN) capacities detected by the models.

Observable | True positive Fa‘ls.e Fals‘e
positive negative
Study Unit type N .Of ch N .Of ch N .Of ch N .Of ch
area units (kW)  units (kW) | units | (kW) units (kW)
ACC condensers . 117 = 27.5 78 19.3 18 5.6 39 8.3
Briihl CTs 28 1740 24  162.0 2 19.6 4 15.4
Total 145 2014 102 181.2 20 251 43 23.6
ACC condensers | 79 18.6 57 16.2 15 4.8 22 24
City CTs 0 0 0 0 20 | 742 0 0
Total 79 18.6 57 16.2 35 | 789 22 24

center

Total (ifevaporative 85 ' 265 57 | 162 35 | 789 28 103
chillers are CTs)

Most FNs are undetected machines that are either difficult to spot due to shadows or low
contrast, or are comparatively small. Particularly small ACC condensers with only two fans
often remain undetected. Yet, at the same time, their nominal cooling capacity is relatively
small so that the resulting error in the overall estimated nominal cooling capacity is also small.
The largest portion of undetected nominal cooling capacity is due to undetected CTs (Fig. 7 A).
They are partly covered by steam, which makes them difficult to identify even for the human
eye. Overestimated CT-sizes account for the largest portion of false positive nominal cooling
capacity (Fig. 7 A) followed by false positive CTs in the form of two misclassified storage tanks
(Fig. 7 B). Another 17 objects, such as skylights, construction materials and vehicles are falsely
classified as ACC condenser, accounting for a false positive nominal cooling capacity of

5.6 MW.
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Fig. 7. Results for the estimation of nominal cooling capacities in the industrial area of Briihl
in the city of Freiburg, Germany. Bars represent the nominal cooling capacity at each location.
Multiple units on the same building are summed up. Some detections are highlighted for

discussion (A-C). (2 column image)
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Overall, the aerial image analysis in Briihl identified two areas with particularly high nominal
cooling capacities which include a large an industrial park (Fig. 7 A) and two factory sites (Fig.
7 C). In the industrial park, multiple large CTs are installed, while in the two factory sites a
combination of ACC condensers and smaller CTs are identified. Thus, these two areas would
be areas of interest for further investigations regarding eco-friendly production of cooling
energy. Furthermore, feasibility for waste heat utilisation and storage for nearby quarters and

buildings should be verified.

3.3.2 City center

In the city center 79 ACC condensers are visible from aerial images. The model performance
for detecting both ACC condensers and CTs in the city center drops significantly compared to
the industrial area. With a total nominal cooling capacity of 18.6 MW, the model correctly
detected 87% (Tab. 2). However, the model misclassified 20 objects as CT and estimated a false
nominal cooling capacity of 74.2 MW resulting in a low precision of 17%. In reality, most
alleged CTs are skylights or concrete and grass patterns on the ground (Fig. 8 B, C). If only
ACC condensers were detected and the detection of CTs was intermitted, precision could be
increased to 77%. During data acquisition, we rarely observe the use of CTs other than for
industrial processes in Germany. Hence, besides retraining the model, omitting the detection of
CTs in areas without industrial buildings and solely focussing on ACC condensers might be a
valid strategy to avoid FPs in dense urban areas. For ACC condensers, the majority of FP
nominal cooling capacity is caused by intersecting bounding boxes, which results to fans being
counted twice (Fig. 8 A).

In addition to the previously discussed chillers, three units with an ambiguous type of cooling
are visible on top of three university buildings (Fig. 8 D, E and F). Optical similarities suggest
either hybrid evaporative chillers or cooling towers. Both possibilities are considered. In case

the chillers are CTs, the potential nominal cooling capacity would be estimated as 7.9 MW.
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Because our model does not detect them as CTs, the FN nominal cooling capacity in the area

would increase significantly.

Bounding@ox errors

Total estimated
cooling capacity: 18.6 MW

Detect Detect
air-cooled condensers | air-cooled condensers
and cooling towers

If hybrid
conden-
sers are
cooling
towers

Cooling
capacity
Undetected

Falsely
estimated

Correctly 1,000
estimated kW

Cooling Air-cooled  Hybrid gy
tower  condenser condenser

Correctly | Correctly |
estimated * 16.2MW estimated *
Falsely | Falsely |
estimated * 789 MW [otimated 48 MW
rs JUndetected: 2.4 MW |Undetected: 2.4 MW

16.2 MW

Application area

Fig. 8. Results for the estimation of nominal cooling capacities in the city center of Freiburg,
Germany. Bars represent the nominal cooling capacity at each location. Multiple detections that
belong to the same building are summed up. Locations A-C are highlighted for discussion. For
the locations D), E) and F), the possibility that installed chillers are cooling towers instead of

hybrid chillers is considered, as well. (2 column image)

While overall capacities are lower than in Briihl, there are some areas of interest in the city

center for possible investigation for an eco-friendly production of cold. These include
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healthcare facilities and several research and educational institutions (Fig. 8 D, E and F), as
well as the main station (Fig. 8 A) and several smaller buildings where cooling energy is
currently produced by electric chillers. A groundwater cooling circuit, as already installed on
the university campus nearby, might be a valid option to reduce energy consumption of air
conditioning in these areas [62]. Otherwise, as most of these buildings likely require both
heating in winter and cooling in summer, seasonal aquifer thermal energy storage (ATES) might

be a feasible option, as well [8].

3.4 Comparison and limitations

Comparing results from our approach with previous studies proves to be difficult as most of
these focus on estimating theoretical cooling demand (e.g. [6, 22, 24, 27, 28, 29, 31, 32]). While
the cooling demand could be estimated from the nominal cooling capacity by assuming
different operational parameters, such as operating hours and part load ratios, and adjusting for
local climatic conditions, this is beyond the scope of this study.

In contrast to most of these studies (e.g. [22, 24, 27, 28, 29]), our approach is not limited to a
specific sector. Hence, the method is a suitable addition to other approaches, such as building
stock models, e.g. to include industrial cooling demand. Likewise, our approach achieves a
much higher spatial resolution (i.e. on building level). While some statistical models may be
projected at a grid size down to 100 m, the confidence for areas below 1 km is low [29, 63].
Other models predict the presence of air-conditioning based on building properties specific for
Switzerland [22; 32]. On the other hand, our current approach is widely applicable and could
therefore help to verify the presence of air-conditioning equipment in order to increase accuracy
and to adjust the former models to different countries.

While our method is able to detect the two most frequently used heat rejection units of chillers,

air-cooled condensers and induced draft CTs, the current models are not yet able to detect,
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distinguish and process other units, such as forced draft CTs, adiabatic condensers, condensers
of absorption chillers or packages systems, such as rooftop units. As these units are more
difficult to spot and differentiate on aerial images, new object detection models have to be
trained and additional regression analyses are needed in order to incorporate them.

The currently low performance of detecting small ACC condensers with one fan might be
improved by extending the training data set with additional images of small units, increasing
image resolution or using a different model architecture. Intersecting and unprecise bounding
boxes can be avoided. In instance segmentation, each pixel of an image is classified, making it
possible to more accurately detect the extent of contained object [64]. However, if units are
covered by roofs or vegetation, or if they use radial fans instead of axial fans, they cannot be
currently detected.

As shown in Fig. 2, different chillers may deliver different cooling capacities while having an
equal number of fans or fan diameter. Accordingly, these optical parameters only provide an
initial estimate of the nominal cooling capacity. Likewise, it is impossible to assess, whether a
unit is used for free cooling or in compression mode. As mentioned above, operational
parameters, such as fan speeds, internal pressures, temperatures and type of refrigerant also
have an impact on the cooling capacity. Thus, our current estimated nominal cooling capacity

will differ from the actual cooling capacity and the required cooling load.

4 Conclusion

In this study, we presented a method to identify and map air-conditioning equipment on
rooftops from aerial images and quantify their nominal cooling capacity based on their optics
and dimensions. We trained object detection models to identify the condensers of air-cooled
chillers and their fans, as well as the fan of cooling towers. Based on the number of fans of air-
cooled condensers and the fan diameter of cooling towers the nominal cooling capacity is

estimated.
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We successfully evaluated our method on a set of test images and known nominal cooling
capacities of chillers and apply them to two districts in the city of Freiburg in Germany. Chillers
in the test data set are detected with a mean average precision (mAP) of 86%. The number of
condenser fans and cooling tower fan size, which correspond to their nominal cooling capacity,
is overestimated by only 2%. When comparing our estimations with known installed nominal
cooling capacities of chillers in a study area, the total nominal cooling capacity is overestimated
by 13%. During the application to the city of Freiburg, the models were able to correctly detect
88% of installed nominal cooling capacity (recall value) in the industrial area of Briihl, while
88% of the model’s assertions were correct (precision value). In the future, the method can be
further enhanced by integrating additional types of heat rejection units and air-conditioners
allow for a more comprehensive evaluation of installed nominal cooling capacities in all
building sectors. To further increase applicability, a correction should be introduced depending
on prevailing climate conditions. Furthermore, the regression analysis should be validated for
each additional chiller type using installed chillers in addition to manufacturer data sheets.

Our detection method can support the transition from conventional heating and cooling systems
to more innovative and sustainable systems. It can provide valuable information about the
cooling sector at each scale without extensive data requirements, for example for developing
cooling cadastres of potential heat sources and sinks. This information can then be used to locate
possible recipients of eco-friendly cooling technologies, or not utilized waste heat sources for
the planning of district heating and cooling systems and aquifer thermal energy storage systems

8, 9].

Data availability

Data, code and trained object detection models will be made available upon acceptance.
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Table A. 1. Overview for the created training, calibration and evaluation data sets for the
detection of condensers of air-cooled chillers (ACCs) and cooling towers (CTs) and the

estimation of the cooling capacity corresponding to the workflow (Fig. 1 b & c).

Task Criteria Training data Evaluation data
147 i
3000 images 3 375 lzlggces
b) Object detection Location (5553 ACCs, ’
3204 CTs) 145 CTs, 46
blank images)
366 images .
ACC Number 51 images
. (244 ACCs,
Evaluation of fans (335 ACCs)
. . 2066 Fans)
Quantification of .
cooling capacities | CT Calibration = Fan size 50 images
g cap (211 CTs)
CT Evaluation = Fan size 50 images
(145 CTs)
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