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Supervisor: Inmaculada Arnedillo-Sánchez

The housing crisis in Ireland has grown in recent years. In order to make a greater
profit, many landlords are no longer renting out their homes under long term tenancies,
but under short-term tenancies. The shift from long-term to short-term rentals has had
a negative impact on the supply of private housing rentals. How to regulate those rentals
that are in rent pressure zones with the highest and rising rents is becoming a tricky issue.

In this paper, we develop a breach identifier to check short-term rentals located in rent
pressure zones with potential breaches using only publicly available data from Airbnb.
First, we use the residual neural network to filter out outdoor photos which have an
impact on identifying whether an owner has multiple rentals located in a rent pressure
zone. Second, we use the Siamese neural network to compare the similarity of indoor
photos to determine if multiple rental posts correspond to the same residence. Next, the
Haversine algorithm is used to locate short-term rentals within a circle centered on the
coordinate of a permit. Short-term rentals with a permit will not be restricted. Finally,
we enhance the occupancy estimation model combined with sentiment analysis, which
may provide higher accuracy.

Because Airbnb does not disclose accurate house coordinates and occupancy data, it
is not possible to verify the accuracy of breach identifier. The accuracy of occupancy
estimator cannot be verified either. It only provides an estimate within a reasonable
range. Users should be somewhat skeptical of short-term rentals that are flagged as
possible breaches.
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Chapter 1

Introduction

The housing crisis in Ireland has grown in recent years. In order to make a greater profit,

many landlords are no longer renting out their homes under long term tenancies, but under

short-term tenancies. Under Irish regulations, short-term tenancies are defined as those

for less than 14 days. According to Airdna [AirDNA] and Residential Tenancies Board

[26], the average monthly revenue from short-term rentals is greater than the revenue

from long-term rentals as Table. 1.1, which has resulted in the number of available long-

term rentals continues to decline, while lucrative short-term rentals are becoming more

popular.

Table 1.1: The average monthly rents in the first quarter of 2022

Area Long-term Average Monthly Rent Short-term Average Monthly Rent

Dublin e2183 e2622
Galway e1413 e2874
Cork e1453 e2097

The shift from long-term to short-term rentals has had a negative impact on the supply

of private housing rentals. In the midst of the housing crisis, the number of houses used

for tourism is higher than the number of houses used for private rentals in every county

except Dublin. According to Inside Airbnb [Cox et al.], the number of rental properties

on Airbnb1 in the Irish capital alone has increased from around 1700 in 2016 to more

than 7064 in 2022, and 97.2% of which are short-term rentals. This situation is even more

serious in those popular tourist counties.

As a ripple effect, rental prices have increased significantly. According to Daft.ie [8],

1https://www.airbnb.ie
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the rental market in Ireland has hit new highs as the number of available homes has fallen

to historically low levels. Rents in the second quarter of 2022 rose by an average of 12.6%

compared to the same period in 2021. This is the largest increase since Daft.ie began

reporting in 2006 and an all-time low in the number of homes available for rent, with the

scarcity of available homes in Ireland now unprecedented. The supply of rental properties

has fallen by a staggering 97% compared to 2009. Only 716 homes were available for rent

nationwide on August 1, down from nearly 2500 a year ago and a record low since 2006.

1.1 Motivation

“We need to crack down on the illegal short-term letting of rental homes to ensure these

homes are returned to the rental system.” Sinn Féin housing spokesperson Eoin Ó Broin

said [11]. The government has approved measures to tighten regulation of the short-term

rental market. Under the new regulations, short-term rental platforms such as Airbnb and

landlords will be fined if they advertise non-compliant properties from 1 September 2022

[Citizens Information]. The regulations target areas where the accommodation shortage

is most acute, requiring Airbnb to obtain planning permission before advertising on their

platforms in rent pressure zones (see Section. 2.1).

During 2021, there were 286 short-term rentals advertised on Airbnb in Cork. In the

same year Cork Council launched 94 investigations and issued a total of 68 warning letters.

But there are still 11 counties that have not taken any action against these short-term

rental owners on the popular website to check if they are in violation, making it a difficult

issue to regulate short-term rentals in rent pressure zones [12]. The Office of the Planning

Regulator has previously stated that how to regulate short-term rentals that are in rent

pressure zones is becoming a tricky issue. As of August 2022 the Irish government has not

yet provided an efficient way to investigate it, which motivated me to write this paper.

1.2 Objectives

This paper demonstrates how to identify short-term rentals that are located in rent pres-

sure zones with potential violations using only publicly available data from Airbnb.

1. Using the residual neural network to identify and filter out outdoor landscape pho-

tos. These noisy photos have an impact on identifying whether an owner has multiple

short-term rentals located in a rent pressure zone.

2. Using the Siamese neural network to compare the similarity of images to determine

if the interior regions of any two houses are highly similar. There are cases in Airbnb
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where the same home is posted multiple times or different rooms in the same home

are posted multiple times.

3. Using the Haversine algorithm to locate short-term rentals within a circle with a

radius of 150 meters, centered on the coordinate of a permit. Short-term rentals

with a permit will not be restricted.

4. Estimating the occupancy of a house by its user reviews, combined with sentiment

analysis.

3



Chapter 2

Background

2.1 The Rent Pressure Zone

A rent pressure zone (RPZ) is a designated area in Ireland where rents cannot exceed

the general inflation rate, as recorded by the Harmonised Index of Consumer Prices, or

2% per annum pro rata. This applies to both new and existing tenancies (unless an

exemption is being applied for). Rent pressure zones are located in the parts of the

country with the highest and rising rents, and where households have the most difficulty

finding affordable accommodation [17]. They are designed to moderate rent increases in

these areas and create a stable and sustainable rental market, allowing owners and tenants

to plan financially for their future.

For areas to be designated as rent pressure zones, the following criteria are used:

• The standardised average rent for the previous quarter must be higher than the

appropriate reference standardised average rent for that quarter.

• Annual rental inflation in the area must have been 7% or higher in four of the last

six quarters.

Ireland now has a total of three different standardised average rents and the assessment

of which method is used is determined by the location of the area. Dublin is now compared

to the national standardised average rent. Kildare, Meath, Wicklow are now compared to

the national standardised rent excluding Dublin. The other areas are now compared to

the standardised average rent outside of the Greater Dublin Area. As of July 2022, there

are currently 48 areas set as rent pressure zones in six local authorities [16], these are:

• Dublin City Council

• South Dublin County Council
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• Cork City Council

• Rathdown County Council

• Fingal County Council

• Kildare County Council

2.1.1 The Planning Permission

According to [9], if an owner is renting out an entire house or one of its rooms on a

short-term basis, then they may need to apply for planning permission from the local

authority to use it for short term rentals. The requirement for planning permission only

applies to owners in rent pressure areas. Once planning permission is granted, they can

use the entire principal residence for short-term rentals of more than 90 days, or rent out

a second house for short-term rentals when they are not at home.

2.1.2 The New Regulation of Short-term Rentals

The following rules are the new regulation of short-term rentals [9]:

• Short-term letting is defined as the letting of a house or apartment, or part of a

house or apartment, for any period not exceeding 14 days.

• The letting of one or more rooms in the owner’s principal residence in a private

home will be allowed without restriction.

• Home sharing will continue to be permissible on an unrestricted basis and be ex-

empted from the new planning requirements. Where the 90 day threshold is ex-

ceeded, change of use planning permission will be required.

• If the house or flat is not a principal residence, the 90-day exemption does not apply

and planning permission is required.

In the following cases, planning permission is not required [Housing Authority]:

• The property is not in a rent pressure zone.

• The property is in a rent pressure zone, but the rental period is 15 days or more at

a time.

• The property already has planning permission to be used for tourism or short-term

rental purposes.
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• The property is used for corporate or executive rentals.

• The property is rented out under the rent-a-room scheme.

• One or more rooms are rented out in the owner’s principal residence on a family

share basis for short periods of time, the owner must also occupy the home at the

same time.

• The entire principal private residence is rented out for short-term visitors for less

than 90 days a year while the owner is temporarily away. The 90 days do not have

to be consecutive.

• The property is purpose-built student accommodation.

2.2 The Residual Neural Network

Ever since deep neural networks made a splash on image recognition, the ones that have

emerged since have moved toward deeper and deeper network layers. Intuitively, when

increasing the depth of the network, the network can perform more complex feature

extraction, so deeper models can achieve better results.

However, this was not the case, and it was found that the accuracy of the model did not

always improve as the depth of the network increased. This problem was clearly not caused

by overfitting. Not only did the test error become higher when the network was deepened,

but its training error surprisingly became higher as well. This is because deeper networks

are associated with the vanishing gradient problem, which hinders the convergence of the

network. The phenomenon of deeper networks with reduced performance is called the

degradation problem [28].

ResNet was proposed in 2015 and won first place in the ImageNet competition classi-

fication task [19]. Because it is both simple and practical, many methods have since been

built on ResNet-50 or ResNet-101. It has been widely used in detection, segmentation

and recognition.

2.3 The Siamese Neural Network

The Siamese neural network is a special type of neural network architecture. Unlike a

model that learns to classify its inputs, a Siamese neural network learns how to differen-

tiate between two inputs by learning their similarity [5]. It contains two or more identical

sub-networks which have the same configuration i.e. the same parameters and weights.

Parameter updates are performed jointly on both sub-networks as Fig. 2.1.
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Figure 2.1: The Siamese neural network

Siamese neural networks show better performance in situations involving the discovery

of similarity or relationship between two comparable things. For examples, it compares

two sentences and calculates a score of how similar they are. Or for signature verification,

it determines if two signatures come from the same person [4]. Typically, in such a task,

two identical sub-networks are used to process the two inputs and another model will

obtain their output and produce the final output.

2.4 Sentiment Analysis

Sentiment analysis is the identification of attitudes expressed in a piece of text through

natural language processing. In particular, it determines whether an author’s attitude

towards a particular topic, product, etc. is positive, negative or neutral.

The explosion of modern sentiment analysis occurred around the mid-2000s and their

focus was very often on product reviews. In 2002, Pang et al. studied movie reviews

and classified them into positive and negative sentiments with the help of machine learn-

ing methods such as plain Bayesian, maximum entropy classification and support vector

machines [24].

Now sentence-level sentiment classification has been widely and intensively studied.
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The information contained in the text has been largely utilised. In order to further im-

prove sentiment classification, some researchers have attempted to introduce information

beyond text. In [31], Zhou et al. introduced user information to consider each individual’s

preferences and language habits, and proposed a neural population sentiment analysis

model to solve the data sparsity problem. In [3], Aljebreen et al. studied the structure of

tweets with URLs and proposed an algorithm solved the segmentation problem of tweets

with URLs, which led to improved performance of sentiment analysis of Twitter texts.

2.5 The San Francisco Model

Inside Airbnb uses an occupancy estimation model, named the San Francisco model

[Inside Airbnb]. This model can be used to estimate how often an Airbnb house is being

rented out (Equation. 2.1), and also approximate its income.

Occupancy =
Number of Reviews

ReviewRate
×max(AverageNights, MinNights) (2.1)

The review rate in Equation. 2.1 can be different numbers. Inside Airbnb set it to

50%, meaning half of the tenants comment on the house. For the average number of

nights of stay, Airbnb reported that it was 5.5 nights in San Francisco. If the average

number of nights in a city is not known then three nights should be used. Lastly, the

minimum number of nights of stay can be set for a house by its owner.
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Chapter 3

Data Preparation

3.1 Data Collection

3.1.1 Airbnb Data

The flow diagram of data collection is shown in Fig. 3.1. The publicly accessible home

data (Fig. 3.2) and owner data (Fig. 3.3) were obtained using Airbnb APIs, including

home type, reviews, home photos, total number of an owner’s homes, etc. No private

information was used.

Figure 3.1: The Airbnb data collection

The location of home was randomized by Airbnb. In detail, the public geographic

coordinate of a house in Airbnb data is a random location within a circle with a radius of

150 meters, centered on its real geographic coordinate. And all homes were anonymized by

Airbnb. So even if two rooms come from the same building, it is impossible to distinguish

them directly.

3.1.2 Geographic Information of Rent Pressure Zones

There are six local authority areas and 48 local electoral areas designated as rent pressure

zones throughout Ireland as shown in Fig. 3.4. The local electoral area dataset [14]

9



Figure 3.2: The Airbnb house data

Figure 3.3: The Airbnb owner data

contains geographical features as shown in Fig. 3.5, which helped identify whether a

house was located within a rent pressure zone.

3.1.3 National Planning Application Dataset

The national planning application dataset [15] provides detailed information on all plan-

ning applications in Ireland and contains polygon coordinates of housing applications and

descriptions of permission applications as shown in Fig. 3.6. This dataset was first filtered

to obtain all entries related to short-term rental applications.

3.2 Data Preprocessing

3.2.1 Locating the Centroid of House

The national planning application dataset uses polygon coordinates to record the geo-

graphic location of a house. During this stage, the centroid coordinate was calculated

and used to uniquely identify a house’s location (Fig. 3.7) using Equation. 3.1.

(x, y) =

(∑n
i=1Aixi∑n
i=1 Ai

,

∑n
i=1 Aiyi∑n
i=1 Ai

)
(3.1)
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Figure 3.4: The map of rent pressure zones [16]

Figure 3.5: The local electoral area
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Figure 3.6: The national planning application

Figure 3.7: The centroid of a house

3.2.2 Filtering Houses in Rent Pressure Zones

The PNPOLY algorithm was used to filter out houses that did not locate in a rent pressure

zone. This algorithm was proposed by [Franklin] to solve the problem of determining

whether a coordinate is inside a polygon for a geographic information management system.

12



Chapter 4

The Backend Design

Fig. 4.1 shows the components of the breach identifier. The yellow block is the breach

identifier, which contains three components:

• A principal residence identifier containing two components:

– An image classifier for indoor and outdoor. It deleted noisy outdoor photos

before image similarity detection.

– An image similarity detector used to determine whether photos from different

posts come from the same residence or the same room.

• A permit finder. Under the rules, it is necessary to determine whether a house has

a planning permission if it is not an owner’s principal residence or its cumulative

rental period within one year is more than 90 days. The permit finder checked if a

house is within the scope of a valid short-term rental permit.

• An occupancy estimator. The rules require that when an owner entirely rents out

their principal residence, it cannot exceed 90 days. Due to trade secrecy issues,

Airbnb does not disclose the occupancy time of a home, so the only way to estimate

it is by the number of reviews.

4.1 The House and Owner Models

The Airbnb house and owner data were modelled. A house object contained its ID,

type, coordinates, reviews, photos, owner ID, etc, as shown in Fig. 4.2. An owner object

contained its ID, a list of rented houses, etc, as shown in Fig. 4.3. Each owner object was

associated with house objects using its owner ID.

13



Figure 4.1: The system backend
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Figure 4.2: The house object

Figure 4.3: The owner object
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4.2 The Principal Residence Identifier

The principal residence identifier was based on the rules for short-term rentals within

rent pressure zones. If a short-term rented house is not an owner’s principal residence,

then they need to obtain the relevant planning permission to be allowed to legally rent it

out. The flow chart is shown in Fig. 4.4, where an owner’s all house photos were filtered

through a residual neural network based image classifier to remove outdoor photos, then a

Siamese network was used to compare the similarity of indoor photos to remove duplicate

houses.

Figure 4.4: The principal residence identifier

4.2.1 Image Classification for Indoor and Outdoor

Some posts on Airbnb contain many outdoor photos such as beautiful landscapes because

owners want to use them to attract more visitors. These noisy data can affect the subse-

quent identification of whether multiple short-term rentals correspond to the same house

posted by an owner. For example, two posts contained the same landscape photos in

Fig. 4.5, but they came from different houses. So it was necessary to remove these noisy

images.

The image filter used the residual neural network ResNet-18 to classify whether an

image was indoor or outdoor and deleted those landscape photos. The training data for

ResNet-18 was the MIT Indoor Scenes dataset from Kaggle [AHMAD] and its accuracy

was 75%. It could effectively filter out outdoor photos.

4.2.2 Image Similarity Detection

There were two legitimate scenarios that the breach identifier might incorrectly assume

that an owner has multiple homes in a rent pressure zone, which is not allowed.

• Owners are allowed to rent out multiple rooms in their principal residence without

any restriction. They can post two or more rooms in their principal residence on

Airbnb.

16



Figure 4.5: The outdoor images in two posts
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• Owners may post the same room multiple times in Airbnb in order to give their

home more exposure. In Fig. 4.6, these two posts correspond to the same room but

the photos were taken from different angles.

Figure 4.6: Two posts correspond to the same room

To address these two issues, photos from different posts needed to be checked to see

whether they came from the same principal residence or the same room. If a room was

posted multiple times, there must be many similar or the same photos. If multiple rooms

were from the same residence, their photos probably contained the identical common areas

such as the kitchen, hallway and bathroom. For example, three posts in Fig. 4.7 were

from different rooms in the same residence. It is clear that they had the identical common

areas with a very high degree of similarity.

In most cases, two images will not be fully identical even if they have the same scene

or object due to differences in size, scale, rotation and skew. So the comparison cannot be

made directly using pixel-to-pixel methods. The problem shifted from identifying pixel

similarity to object similarity.

sentence-transformers library was used in this project, which provides a way to

compute a dense vector representation of an image and find identical images [25]. It

encodes all images into vector space and then find high density regions corresponding to

areas where the images are similar. For example, when using image search, a photo is

entered and converted into a set of vectors. sentence-transformers compares it with

other images in the database and finds the image with the highest similarity (the closest

distance). When two photos from one post had greater than 95% similarity to the photos

18



Figure 4.7: Three posts correspond to the same residence

from another post, or one photo had 100% similarity to another, then two posts were

considered to be associated with the same room. So the breach identifier would not

assume that its owner had violated the rules.

4.3 The Permit Finder

As the real geographic coordinate of a house had been anonymized by Airbnb, replaced

with a random location within a circle with a radius of 150 meters (Fig. 4.8), house

coordinates were unreliable. It is not possible to know whether a permit is available for a

short-term rental house by conventional coordinate comparison. The flow chart of permit

finder is shown in Fig. 4.9. Because of the anonymization issue, when there were multiple

houses around a permit, they would all be considered to have the same available permit.

The Haversine algorithm was used to determine whether a location A was within a

circle with a radius of 150 meters, centered on another location B [27].

By using the longitude and latitude of two locations, it can calculate their distances

on the surface of the Earth. The formula is Equation. 4.1 where R is the radius of the

Earth which is 6371 kilometers.
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Figure 4.8: The anonymous geographic coordinate of a house

Figure 4.9: The permit finder

∆Lat = Latitude2 − Latitude1

∆Lon = Longitude2 − Longitude1

Distance = 2 ·R · arcsin

(√
sin2

(
∆Lat

2

)
+ cos(Latitude2) · cos(Latitude1) · sin2

(
∆Lon

2

))
(4.1)

4.4 The Occupancy Estimator

The occupancy estimator was based on the rule that in some cases short-term rentals

are not allowed to accumulate more than 90 days within a year. One of the biggest

issues with Airbnb is whether owners are renting out residential properties as hotels on

a permanent basis, rather than occasional sharing. On Airbnb, the occupancy time of a

house is unpublished data. But it can be estimated by the number of user reviews.

In [30], Wu et al. found that the sentiment of hotel reviews affected its occupancy.

In this project, an enhancement for Inside Airbnb upgraded San Francisco model was
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proposed. Instead of using a fixed review conversion rate, the enhanced model used a rate

of 50% as a base, and then had a sentiment bias of 10% increment or reduction depending

on the sentiment score of house reviews. Better reviews resulted in more occupancy time.

The formula is Equation. 4.2, where the average number of nights of stay for guests was

4.6, taken from public Airbnb data, and the minimum number of nights of stay could be

set for a house by its owner. Finally, the review rate was set as 50%.

Occupancy =
Number of Reviews

ReviewRate+ SentimentBias
×max(AverageNights, MinNights)

(4.2)

The flow chart of sentiment bias calculation is shown in Fig. 4.10. TextBlob was

introduced which is a Python library for natural language processing [Loria]. TextBlob

mainly uses its pre-trained built-in classifiers to perform sentiment analysis and can obtain

a corresponding sentiment score for a comment.

1. The reviews of a house were filtered to keep only the reviews within one past year.

2. Reviews might be written in non-English languages and DeepL APIs1 were used to

automatically translate those reviews to English.

3. TextBlob analyzer calculated an average sentiment score for all reviews. A senti-

ment score was between [−1, 1] where −1 defined extremely negative emotion and

1 defined extremely positive emotion.

4. With the sentiment score, a sentiment bias could be produced using Equation. 4.3.

Figure 4.10: The calculation of sentiment bias

SentimentBias = Polarity × 0.1 (4.3)

1https://www.deepl.com/pro-api
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Chapter 5

The Frontend Design

Considering that the breach identifier needs to keep running in the background for a long

time, so the traditional Browser/Server architecture was used as Fig. 5.1.

Figure 5.1: The frontend design

5.1 The Flask Server

Flask is a lightweight and customizable website framework in Python [18], providing a

rich set of basic components for the web development. It was used to build a backend

server that provides APIs for data transfer from backend to frontend. As shown in Fig. 5.2,
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four API endpoints were designed in this project. In practice, different HTTP requests

might invoke the same processing logic, they could be identified by a class of URLs.

• Database update subscription.

• Map data access.

• House data access.

• Sending data to frontend.

Figure 5.2: The route distribution of the server

5.2 The Firebase Realtime Database

Flask does not specify objects such as databases and template engines, so users can

choose their own databases as needed. The Firebase realtime database used in this project

was a database hosted in the cloud [Google]. The data were stored using JSON format

and synchronized in real time to each connected client. The Flask server used a real

time listener for the Firebase database. When the breach identifier finished parsing and

depositing the data, Firebase would automatically notify the server to obtain the latest

data. Additionally, the Firebase database has offline functionality so that even if the

network connection is temporarily disrupted, the application can still work.
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5.3 Mapbox

Mapbox is a JavaScript library that renders interactive vector tile maps and raster tile

maps using WebGL [Mapbox]. WebGL rendering brings high performance and Mapbox

is capable of rendering a large number of map elements with smooth interaction and

animation effects.

Fig. 5.3 and Fig. 5.4 show short-term rentals in Galway and entire Ireland respectively.

• The red marker represents that a rental is probable already in breach.

• The yellow marker represents a rented house is an owner’s principal residence and

its rental period is greater than 70 days, which means it is about to be in breach

(up to 90 days).

• The black marker represents a permitted location, where the red area is a circle

with a radius of 150 meters, centered on the permitted location. All houses in this

area are considered to have a permit.

Figure 5.3: Short-term rentals in Galway

When a user clicks on a marker, the corresponding information will be displayed.

Clicking on a black marker will show its expiry date and permit description, etc. While

clicking on a red marker will show its house type, occupancy and the total number of

houses owned by its owner, etc, as shown in Fig. 5.5.
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Figure 5.4: Short-term rentals in Ireland

Figure 5.5: The details of a rental
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Chapter 6

Evaluation

There were 1713 short-term rentals located in rent pressure zones in collected data. 845 of

them were identified as having potential breaches, and 21 principal houses with occupancy

greater than 70 days were about to breach the rule. The overall breach rate was 50.67%

However, the reality can be worse, as a permit only works for one house in the real

situation. But the anonymous coordinates of houses might cause many houses to be

located within a certain available permit at the same time, resulting in a situation where

one permit was used for multiple houses.

Because Airbnb does not disclose accurate house coordinates and occupancy data, it

is not possible to verify the accuracy of breach identifier. The accuracy of occupancy

estimator cannot be verified either. It only provides an estimate within a reasonable

range. Users should be somewhat skeptical of short-term rentals that are flagged as

possible breaches.
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Chapter 7

Conclusion

In summary, this project achieved the following contributions and benefits to the current

regulation of the Irish short-term rental market:

• It provided a viable method to identify potential short-term rentals that may be in

violation and their owners when no accurate data is available.

• It provided a more efficient way to monitor the short-term rental market, rather

than relying on traditional user reporting.

• It provided an image identifier that can determine whether multiple rental posts

correspond to the same room or residence by calculating the similarity of room

photos. This model may be applied to other areas. For instance, some second-hand

goods websites may prohibit users from posting duplicate items.

• It enhanced the occupancy estimation model combined with sentiment analysis,

which may provide higher accuracy. The enhanced model may also be used for

hotel occupancy estimation, etc.

There are two main points about the future work:

• With the increasing concern of the Irish government about the housing crisis, the

possibility of obtaining accurate data exists. Then this project will be able to be

verified for its accuracy and validity.

• The Haversine algorithm provides a simpler and faster calculation, but it is not as

accurate as the Vincenty algorithm [29], which can be used to replace the Haversine

algorithm in the future. The higher accuracy is necessary.
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