
Machine Learning for Automated Floor Detection
in Building Images for the Insurance Sector

1st Narendra Kumar
Thiruvananthapuram, India

nsparks.100@gmail.com

2nd Rahul Mahajan
Thiruvananthapuram, India
rsmahajan511@gmail.com

3rd Varsha Shaji
Thiruvananthapuram, India
varshas0611@gmail.com

4th Sangeeth G
Thiruvananthapuram, India
sangeethg944@gmail.com

Abstract—In the insurance sector, precise assessment of build-
ing properties is crucial for determining appropriate coverage
and insurance premium amounts. Effective risk evaluation,
formulating policies, and determining premiums depend on the
accurate assessment of the relevant properties of the building to
be insured. One such critical property is the number of floors
in a building. Traditional methods of floor count estimation,
such as surveys and sending an investigator, are often time-
consuming and quite manual. Further, such methods are prone
to inconsistencies and errors, which can be detrimental to the
overall decision process. This paper presents a solution for the
above challenge by utilising machine learning (ML) techniques
for automating floor count detection using building images. In
this paper, we propose an object detection model that can
accurately estimate the number of floors in a building from
front-view images of the building. The proposed solution is a
multi-step methodology comprising data preprocessing, feature
extraction, and ML model training. It involves the creation
of a diverse dataset of annotated building images curated by
encompassing various building heights and architectural styles
curated explicitly for this task, preprocessing the images, and
training and comparing multiple ML models to determine
the floor count. The effectiveness of the proposed model is
demonstrated in the experimental results, which show that the
model can accurately determine the number of floors across
diverse building types. Implementing this automated floor count
detection system can help simplify property assessment within
the insurance sector, reducing cost, processing time, and manual
effort. Different object detection algorithms are compared to
determine the efficient model for detecting the floors. In future,
additional features will be considered in the property assessment.
The solution mitigates human error and leads to more precise
risk assessments.

Keywords—Building floor Detection, Object Detection, Deep
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I. INTRODUCTION

In the insurance industry, precise assessment of property
prior to insuring is crucial for effective risk evaluation, for-
mulating policies and determining premiums. Prior to insuring
a building, determining fundamental aspects of the building,
such as the number of floors greatly influences the pricing and
coverage decisions made by insurers. Conventional evaluation
methods of manually counting floors from building images or
cost and time-consuming methods of sending an investigator
have been the norm. However, in recent times, with the
advancement in technology, we are envisioning a future where
automated floor count estimation along with other properties
of the building are possible and an agent, from the comforts
of his/her desk, would be able to accurately determine these

characteristics. This can highly improve accuracy, efficiency
and risk assessment.

Estimating the count of floors from building images is a
complex process as buildings can be found with a multitude of
architectural styles, with building heights ranging from a few
floors to high-storey skyscrapers, across a wide range of photo-
graphic perspectives. Addressing this complexity via manual
methods has long since proven to be a time and resource-
intensive process highly prone to errors. This research paper
is meant to address these challenges by introducing a novel
approach to automating floor count detection by applying
machine learning models.

The objective of this paper is to compare and evaluate
multiple machine learning models across different evaluation
criteria to assess and determine the best-performing model for
the task at hand. By exploiting the power of machine learning
models, the proposed solution has the potential to significantly
increase the accuracy of floor count detection while providing
a way to improve the assessment process, thereby leading to
better efficiency within the insurance industry.

In this paper, we dive deep into the complexity of the
problem, emphasizing the limitations of traditional floor count
estimation methods and putting a strong case forward for
the need for a more accurate and efficient reliable solution.
This paper proposes a muti-step methodology that includes
data collection, pre-processing and machine learning model
training.

The experimental results show the potential benefit of our
proposed solution, as the comparisons reveal that the trained
YOLO(You Only Look Once) model demonstrates robust
performance across a wide variety of building types and
architectural styles.

As data and machine learning become integral in reshaping
the industrial landscape, this research paper can serve as
a critical step to realizing the full potential and impact of
implementing machine learning in the insurance sector while
revolutionizing the way in which insurance firms conduct
property assessments.

II. LITERATURE REVIEW

This section discusses the past research on machine learning
in the insurance sector and the role of object detection in the
implementation of automated floor detection and concludes



by discussing and comparing different versions of YOLO
algorithms.

A. Machine learning in insurance sector

Insurance plays a significant role in a nation’s economic
growth and is one of the world’s oldest industries. With
the advancement in technology and strides made in Artificial
Intelligence, its implementation in various insurance activities
has been proceeding rapidly. Machine Learning has been used
in decision support in the insurance sector, such as improved
pricing plans and risk assessment [1] [2], faster underwriting
and claims analysis [3]. In addition, ML techniques have been
greatly implemented in actuarial science to tackle pricing and
reserving [4].ML has also played an important role in areas
such as insurance fraud detection [5], predicting premiums [6],
and risk management [7].

B. Object detection

Object detection is a computer vision technique used to
identify objects of interest within an image or video. It involves
locating the specific objects within rectangular boxes and clas-
sifying them into categories [8]. Over the years, it has gained
in popularity due to its wide range of applications across
different industries. It is heavily used in various applications
such as vehicle detection [9] [10], face detection [11], text
detection [12] [13] and pedestrian detection [14] [15].

Several object detection algorithms and frameworks have
been developed throughout the years [16]. Among these are
the traditional detectors and the deep learning-based detectors.
Traditional detectors used manually crafted features, whereas
deep learning-based detectors used deep neural networks to
identify and locate objects.

Fig. 1: Classification of various object detection techniques
[13]

The deep learning-based detectors are classified as either
One-stage detectors (regression-based) or two-stage detectors
(classification-based). Two-stage detectors mark a set of re-
gions of interest in the first stage of detection where the
probability of objects is high and in the second stage of detec-
tion, detects objects in the marked region using Convolution
Neural Networks. One-stage detectors like YOLO on the other
hand, detect objects by predicting classes in one go making

them faster than their counterparts. This feature is what makes
YOLO popular in object detection.

Over time, deep neural networks have gained prominence in
object detection. In 2012, a deep convolutional neural network
called AlexNet was proposed by Krizhevsky A [17]. From then
on, extensive research on DCNNs and their application was
carried out by several researchers. In 2014, RCNN (Regions
with CNN features) was proposed by R. Girshick et al. [18],
which is widely regarded as a turning point in applying DCNN
for object detection. Then in 2015, an object detection model
based on a single neural network called YOLO (You Only
Look Once) was proposed by J. Redmon et al [19].

1) YOLO Algorithms: YOLO is a regression model that
partitions an image into a grid of size S x S. Within each grid
cell, it forecasts B bounding boxes, along with their associated
confidence scores and C class probabilities. These forecasts are
encoded in the form of a tensor with dimensions S × S × (B
∗ 5 + C) [19].

Fig. 2: YOLO Architecture [19]

”YOLO makes predictions for multiple bounding boxes
within each grid cell. During training, we aim to have only
one bounding box predictor responsible for each object. YOLO
accomplishes this by designating the predictor with the highest
existing Intersection over Union (IOU) with the ground truth
as the ’responsible’ predictor for that object. This approach
fosters specialization among the bounding box predictors,
with each becoming more proficient at forecasting specific
object sizes, aspect ratios, or classes, ultimately enhancing
the overall recall performance.” [20] YOLO also used a post-
processing step called non-maximum suppression (NMS) to
improve the efficiency and accuracy of the detection. A single
image could have multiple bounding boxes generated detecting
a single object. These can overlap each other or could be at
different locations. NMS is used to identify these overlapping
or redundant bounding boxes and remove them thereby leaving
a single bounding box for each object in the image.

Since its inception, improved versions of YOLO have been
proposed. At the time of writing this paper, YOLO v8 is the
latest release.

2) Faster RCNN: In the classification-based detectors, the
region-based Convolutional Neural Networks (RCNN) was
developed by Ross B. Girshick, et al., and was introduced



in [21]. RCNN was a novel approach in object detection and
worked by dividing an image into regions each of which is
passed through a CNN to extract features which were then
used to classify objects within the regions. Faster R-CNN was
developed by Shaoqing Ren, Kaiming He, Ross B. Girshick,
and Jian Sun [22]. It combined Region proposal Network
with a Fast R-CNN detection network leading to it being
much more accurate and as the name suggests, faster than
its predecessors.

III. METHODOLOGY

This section discusses the methodology used including
dataset curation and preparation and model training. The
model training was done using Python in Google Colaboratory
with GPU.

A. Data Curation and Preparation

The dataset was specially curated for the task at hand by
combining building front-view images from multiple sources.
We used the Paris Streetview dataset [23], the Zurich dataset
which contains 14,900 training images and 100 test images.
We also selected images from the Internet with different
architectural styles and added them to the training and testing
data. The curated dataset includes 244 training images. These
images were then annotated using LabelImg and transferred
to Google Drive to be prepared and trained in Google Col-
laboratory. The sample images of building architectures are in
Fig.3

Fig. 3: Different building architectures

B. Evaluation Metrics

1) Average Precision (AP): Average precision is used to
measure how well the given model can correctly identify
and locate objects within the image. The calculation of
average precision involves taking the area under the inter-
polated precision-recall curve. The precision-recall curve is
constructed for each class. Then the precision values are inter-
polated at various recall levels to create a smooth precision-
recall curve. AP is particularly useful in the comparison of
different models for object detection tasks.

2) Mean Average Precision (mAP): If there are multiple
classes detected, then the AP for each class is calculated and
the mean of these values is computed for obtaining mAP.
This gives a measure of the model’s performance across all
categories.

3) Precision and Recall: Precision is a measure of how
accurately the model identifies objects. It is the ratio of true
positives to the total number of predicted positives.

Precision = TP / (TP + FP)
Recall is a measure of how well the model is able to capture

all the relevant objects in the image. It is the ratio of true
positives to the total number of ground truth positives.

Recall = TP / (TP + FN)

IV. RESULTS AND DISCUSSION

The two different object detection techniques discussed in
this paper are compared in this section. Table 1 compares the
two object detection techniques discussed in this paper. Faster
RCNN and YOLOv7 use different classification methods.
YOLOv7 can run in real-time and is fast, but the technique
struggles to find floors from low-resolution images. Resulting
images after detection is shown in Fig.4

TABLE I: Comparison of models in terms of mAP@0.5 and
mAP@0.5:0.95

Model mAP@0.5 mAP@0.5:0.95
YOLOV7 87.7 60.2

Faster RCNN 78.7 47.9

TABLE II: Comparison of models in terms of Precision and
Recall

Model Precision Recall
YOLOV7 80.7 85.3

Faster RCNN 69.3 66.3

There is an issue when the structure of the building is
different; detection omits a certain portion of the building
structure. Even a single floor has multiple detections. This
issue can be reduced by adding more diverse architectural
buildings. Other factors in positioning, the angle of the image,
are also vital to the detection. In some cases, trees or other
objects will influence the training process. Lastly, both object
detection methods can be trained further. Still, the issue is that
training takes time, and results will vary depending on the
image taken positions and the building structure method. This
motivates further research to use a diversified set of building
images.

V. CONCLUSION AND FUTURE SCOPE

This study has demonstrated the comparison of the YOLOv7
model and Faster RCNN using building image data for object
detection. The results showed that YOLOv7 performs better
as the mean Average Precision is higher than Faster RCNN.
Future work that can be done is implementing this study with



((a)) Using Faster RCNN

((b)) Using YOLOv7

Fig. 4: Detected floors

more data enabling high-performance hardware. Also, as a
product in automating the process of estimating the value of a
property, area estimation and evaluating other features of the
property will be crucial.
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