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ABSTRACT
Public bookcases offer the opportunity to serendipitously discover
books and to anonymously share books with others. The set of
available books as well as the sharing patterns are highly dynamic,
as anybody can freely take or donate books. This makes it difficult
for users to see what is available or of interest to them. To support
book sharing via public bookcases we developed a mobile AR application that highlights relevant books in the camera viewfinder
and that facilitates searching for specific books. The application
recognizes books via text and color features on the spine. In a lab
study with 15 participants we evaluated our book recognition algorithm and found that it outperforms unaided visual search. We
interviewed users of public bookcases and analyzed the bookcases’
setup and rate of change. A subsequent field evaluation of the AR
application on nine public bookcases found a recognition accuracy
of 80 % for 450 books under different conditions. The proposed
approach provides the basis for effectively sharing books via public
bookcases.
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1

INTRODUCTION

Many books are read once, or not at all, and then left unused on
personal bookshelves for years. A more sustainable use is achieved
by book-sharing economies, which make read books available in
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Figure 1: Example public bookcase
public places. People can take and deposit books as they please, free
of charge, anonymously, and without any administrative overhead.
Public bookcases are enclosed book shelves located in public space
that enable the effective sharing of books as a resource and are one
example of the emerging sharing economy. The inventory of public
bookcases is highly dynamic, as it is unpredictable which books
are added or removed at any time. This makes public bookcases
particularly valuable in the serendipitous discovery of interesting
books. On the other hand online book-sharing communities like
Bookcrossing1 enable searching for particular books placed at any
location in the wild. The journey of released books can be tracked
by registered users. However, public decentralized sharing is not
always successful, as books can get lost or thrown away. For this
reason, online registered books can often be found in public bookcases. Nevertheless, it is difficult to search for specific books or to
look for books in one’s areas of interest, respectively, on public
bookcases.
To facilitate the discovery of books, especially for a centralized
public sharing scenario, we developed a mobile augmented reality
(AR) application. It identifies and highlights relevant books in the
camera view. The app thus provides a way of connecting the physical with the virtual world. A core problem that the app solves is
the recognition of books in the shelf, which are typically not sorted
in any way and might be oriented in different ways.
In this paper we review related work on sharing communities
and book sharing in particular. We present an algorithm that reliably recognizes books in book shelves based on their spine and
1 www.bookcrossing.com
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discuss how graphical output is overlaid in the camera view to
highlight books of interest to the user. Then we report on a labbased user study that compares unaided visual and AR-supported
visual search in book shelves, which shows that AR-supported
visual search outperforms unaided visual search. We contribute
a dataset of a large number of images of books in nine different
public bookcases. The images were taken in different weather and
lighting conditions. The dataset was used in evaluating the book
recognition performance of the presented algorithm. Furthermore
we interviewed users of public bookcases in order to learn about
their motivations for using them.
The contributions of this paper include (1) technical support for
freely sharing books that only relies on a mobile application and
general information on book covers, but does not require additional
infrastructure, which would introduce maintenance costs; (2) an
algorithm that recognizes books in shelves in different orientations
and lighting conditions, and a way for overlaying graphical output;
(3) a dataset of book images from public bookcases; and (4) several
findings about the motivations of users of public bookcases.

2 RELATED WORK
2.1 Sharing Communities
The sharing economy grows. Not only digital resources and services but also physical objects are shared, as exemplified by shared
vehicles [1] of different kinds. Sharing is a way of using resources
more economically. It can contribute to a more sustainable society
that consumes less and produces less waste. Sharing is present in
the commercial space as well as in non-profit contexts. Individuals regard the act of sharing as a positive behavior that increases
happiness and the feeling of connectedness with others [22].
Dillahunt et al. [7] provide a detailed survey of research on the
sharing economy in computing in general and in HCI in particular.
They outline un- and underexplored aspects of research in this area
and suggest future research directions. Fedosov et al. [10] analyze
how digital sharing economy services have expanded the range
of physical and digital resources that can conveniently be shared
among individuals. They also discuss sharing practices, motivations
to share, privacy and trust issues, and design implications of sharing
economy services.
Light and Miskelly [22] explore how sharing takes place in everyday life and how digital services support it. They report on “One
Small Thing,” a public bookcase in a neighborhood in London. The
bookcase is located on a busy street in a former BT phone box.
Books are regularly taken out, replaced, and exchanged by local
residents. Light and Miskelly give an account of the person who
established the bookcase and his doubts regarding the prospects of
such an unattended facility. No formal organization takes care of
the public bookcase, but local people provide minimal maintenance.
Bulk deposits replenish books being taken out over time. Apart
from digital documentation of its existence on Facebook, the public
bookcase is not supported by digital technology. The experience
has been that the public bookcase has survived in good shape and
that the free sharing model incurs goodwill that protects it.
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2.2

Public Bookcases

There have been two main ways of sharing private books publicly.
First, books have been made available at a designated location with
protection from the elements. Secondly, books have been left behind
at arbitrary public places, like a park bench, typically protected in a
labeled plastic bag. Both approaches differ from traditional libraries
in that everyone can donate books as well as take books and that
there is almost no administrative overhead involved. There is also
no clear ownership of the donated books. Readers can keep a book
as long as they want.
“BookCrossing” [6], launched in 2001, is an initiative that mainly
follows the second, decentralized approach: Books may be deposited
at anywhere for others to pick them up or they may be handed over
personally to another individual. The aim is to “make the whole
world a library.” After registration at the BookCrossing2 site users
can enter information about books they would like to share into an
online database, create a label with a unique “BookCrossing ID,” and
attach it to the book cover. The ID can be used to track the journey
of a book via registered readers. Although this type of sharing is not
always successful, as books can be placed anywhere in the public
and might get lost or trashed, in 2020 there were already 2 million
registered users who shared 13 million books.1 Nowadays, many
books from the BookCrossing community are also placed in public
bookcases, as this increases the chance to successfully share a book.
Public bookcases represent the more centralized approach to
publicly share free books. First “free open-air libraries” were established in Germany and Austria at the beginning of the 1990s,
initially as artistic acts [14]. Books are placed at a fixed location
and no database is kept of the inventory. The advantage is that
anonymous public sharing is possible, at the disadvantage that volunteer mentors have to permanently check the stock and quality of
the books as well as the bookcase itself. Now public bookcases can
be found all over Europe. “OpenBookCase”3 provides a worldwide
map of public bookcases. The worldwide success of public book
sharing started in 2009 when Todd Bol built a small bookcase and
placed it in his front yard in Hudson, Wisconsin. In 2012 he founded
“Little Free Library”4 (LFL), which is a nonprofit organization that
promotes neighborhood book exchange.
There is a small research community that investigates the phenomenon of public bookcases. Rebori and Burge [30] suggest using
geospatial analysis to highlight potential locations for new LFLs.
However, since studies about the usage are often carried out locally
on a small scale and are not standardized, no representative usage
figures can be given. According to estimates of 20 volunteer mentors from a large German city, on average at each public bookcase
about 75 to 121 books are taken out per week and mentors dispose
about 11 to 18 defective books per week [4]. In a questionnaire with
66 users of different age groups at three bookcase locations, it was
found that typically more books were inserted than withdrawn.
The surveys have also shown that sharing via public bookcases is
a good source of knowledge, especially for socially disadvantaged
groups of the population. From the collected data it was estimated
that about 2.8 % of all book purchases can be avoided [4]. Generally
2 www.bookcrossing.com
3 openbookcase.org
4 littlefreelibrary.org
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we note that in the area of public bookcases there is still much
potential for future research [32].

2.3

Visual Search

In the past decades visual search has been investigated in detail,
as it is an important everyday task [2]. Unaided5 visual search for
books in bookcases is a perceptual and cognitive task that requires
distinguishing visual features of the target book from visual features
of other (distractor) books [35].
We use the term mobile visual search to refer to visual search
that is supported by camera-equipped mobile devices with AR functionality. AR applications for mobile visual search allow the user to
perform search queries about objects in the camera view [11]. Mobile visual search does not rely on instrumenting objects, e.g. with
QR codes, but rather uses visual features of the objects themselves
for identification. The advantage is that no instrumentation of the
objects is necessary, but the recognition task gets more challenging.
The visual features of the objects can be extracted and classified
either directly on the mobile device or on a remote server. Applications such as Bing Visual Search [26] or Google Lens [13] use online
deep learning methods to identify objects or translate texts. The
recognition results are used as query arguments for finding visually
similar items. However, these services do not allow searching for a
particular book among other books on a shelf. Tsai et al. [36] extract
CHoG features from DVD and CD covers that are compared with
an online database to provide the user with additional information
about the item.
Mobile visual search in bookcases has been explored before in the
context of large libraries. Yang et al. [38] present an online approach
for reducing time and labor involved in inventory management.
By using the Hough transform for extracting book spines with
subsequent text recognition, based on a deep convolutional and recurrent neural network, they identify books on shelves. Matsushita
et al. [25] use projectors and a camera-based tracking system above
the shelf to highlight individual books and to display further information. They found that search times for a sorted shelf with
Japanese books in different colors were not affected by displaying additional information. Similarly, Löchtefeld et al. [24] use a
portable projector and a mobile phone camera to highlight individual products and books in a shopping and library scenario. Book
ratings were displayed over the object in a dark environment due
to low brightness of the projection. Scenarios and their options
for feedback were analyzed, but the search performance was not
examined. Lee et al. [20] developed a system for libraries to sort
books on a shelf. Book spines were identified by color features in
a heterogeneous color distribution at an accuracy of 96 %. Quoc
and Choi [29] developed a framework for segmenting books and
characters. By applying high frequency filtering and Canny edge
detection they segmented books and characters at an accuracy of
93.3 %. To display metadata, such as book price and rating to the
user, Chen et al. [3] developed an AR application that analyzes parts
of a bookcase. While their system offers an acceptable latency of 1 s,
even with low computing power, only a small part of a bookcase
can be analyzed at once and only if all of the books have the same
5 We

use the terms unaided and manual visual search interchangeably.
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vertical orientation. Nevetha and Baskar [27] use a line segment detector [37] to also detect slightly inclined books up to an angle of 15°.
In a test shelf of 20 books, 11 books could be successfully identified.
In order to solve the problem of orientation and view perspective,
Talker and Moses [34] developed a segmentation algorithm that
achieves an accuracy of 82 % which was used to reorganize books
on the shelves sorted by height, width, or color.
In contrast to related work, public bookcases like shown in Figure 1 present a major challenge. Any orientation, size, color, and
even language can occur. The structure of the bookcases can also be
widely different. Books can be damaged or have reflective covers so
that text recognition is difficult. Perspective distortions can occur
when using a handheld camera phone. Moreover, any costs, such
as for the use of servers or their maintenance, should be avoided as
typically no funding is available for public bookcases and digital
services around them. Consequently, the mobile app must operate
independently of a server infrastructure and allow for text or voice
input to specify desired books or book types. In addition, the system
has to find a book faster than unaided visual search.

3

BOOK RECOGNITION

Figure 2 gives an overview of the steps involved in recognizing book
spines. First the title of the book is entered via the touchscreen keyboard or via voice input with Android’s speech recognition API [12].
Then a high-resolution image has to be taken that covers the book
spines in the bookcase. This is done when the phone’s motion sensors detect slow movement (to prevent motion blur) and either the
user explicitly presses the shutter button on the touchscreen or a
pretrained MobileNet [15] detects the bookcase in the video stream.
The video stream is accessed via Android’s Camera 2 API [12]. The
MobileNet is run on the phone via TensorFlow Lite [9]. Next, line
segments are extracted with OpenCV [18] functions, which are used
to detect shelves (i.e., individual compartments in the bookcase)
and orientations of book spines. The color information of the recognized books is then used to preselect those that are similar to
the target. Subsequently, the title, subtitle, author, publisher, and
color information of each remaining book spine is extracted and
compared to the desired book, of which all features are stored in a
database on the phone. For text recognition ML Kit [17] is applied.
Finally, the position of the target book is highlighted with a green
frame and a short 300 ms vibratory feedback is given. ARCore [23]
and Sceneform [16] are used to augment the video stream. In the
following, we give a detailed description of our algorithm and name
aspects that have to be considered for public bookcases.

3.1

User Input

The user initially has to specify the desired book or books. This
can be done using any fragment of publicly available bibliographic
meta information. In our prototype the user enters the title of the
target book via on-screen keyboard or voice. Although voice input
offers a simple and convenient mobile text input method [31], voice
input may not be appropriate in public space as it can be perceived
as disturbing. Moreover, in noisy environments like pedestrian
walkways, speech recognition can be erroneous and cause mode
errors [31], therefore traditional mobile text input remains equally
important.
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Figure 2: Book spine classification algorithm
In order to correct input errors, we use the normalized Levenshtein distance [21] which specifies the minimum number of delete,
insert, or swap operations required to convert one string to another
in the mapped interval between 0 (no similarity) to 1 (equal). The
resulting list of book titles is sorted by decreasing similarity. Due to
expected speech recognition errors, especially on foreign language
titles, all book titles with a similarity of more than 0.4 are added to
the list, if no equal title was found. For text input, only titles that
match the typed characters are displayed. If no appropriate title
can be found, the same method is used as for voice input.

3.2

Bookcase Recognition

Once the desired book has been selected, the visual search can
be started, either explicitly by pressing a camera button or automatically when the bookshelf is recognized. We use the model
Mobilenet_V1_1.0_224 [15] which is pretrained on 1000 classes, including bookcases. The low average latency (160 ms), high recognition rates (top-5 accuracy: 89.9 %) and relatively little memory
(16 MB) requirement are advantageous on the mobile device.
Since motion blur would lead to illegible book titles, camera
images are only processed when the camera is kept still. Our prototype uses the phone’s gyroscope to detect motion: If the sum
of squares of the three axes is below a threshold then an image
is captured on which the search algorithm is subsequently executed. An appropriate threshold for the tested Samsung Galaxy S9
is TGyr = 0.001.

3.3

Book Spine Segmentation

For the book spine segmentation, we first extract line segments,
which are then used to detect book shelves and book spines in any
orientation.
3.3.1 Line Segment Detection. To recognize line segments in the
image, the parameter-free bottom-up line segment detector by Gioi
et al. [37] is a suitable choice. Unlike other approaches [33] this
algorithm implements a fast and precise segmentation process for
the rather small line segments of books in the large camera image.
To decrease noise sensitivity and to eliminate line segments due
to text, a threshold is used that discards short lines of 25 pixels or
shorter. Subsequently, all lines are categorized as either horizontal
or vertical.
3.3.2 Shelf Detection. The line segments are used to subdivide
the bookcase into individual shelves. When a horizontal line is
longer than 50 % of the image width, it is categorized as a shelf

boundary. This approach achieves good results for images in which
the bookcase almost fills the image. At larger distances the text size
on the spines becomes too small to be recognized. Subsequently,
the Cohen-Sutherland algorithm [28] is used to create rectangular
frames around the shelves with book spines and associated line
segments.
3.3.3 Book Spine Orientation. Especially in public bookcases, book
spines can appear in any orientation. The minimal assumption
regarding book spines is that their heights and widths differ strongly.
Based on this assumption, a rough subdivision into horizontal and
vertical sections is first carried out on the bookshelf by analyzing the
line segments. For all vertical lines, the average length is calculated,
as well as for all horizontal lines longer than 20 pixels. Shorter lines
are often caused by text or graphics on the spine. Since the distance
between two horizontal lines is smaller for standing books, vertical
and horizontal regions can be extracted using a threshold.
As a limitation of this approach, empty areas are also classified as
vertical or horizontal book regions, but because of the subsequent
text recognition, these do not result in a match. Finally the vertical and horizontal regions are clipped with the Cohen-Sutherland
algorithm [28].
3.3.4 Bounding Boxes. From the previously segmented areas with
vertical (based on line segments at angles between 45°and 135°) and
horizontal books, each individual book spine can now be extracted.
Mixed orientations, e.g., standing books on a lying book, are recognized as pure vertical areas in which the horizontal book is not
recognized. For simplification, horizontal regions are rotated by
90°so that each book spine has a vertical orientation. If all of the
books are aligned exactly within the areas without any perspective distortions, they can be segmented by combining vertical and
horizontal lines to bounding boxes.
Small angular differences of less than 1°of text between two
adjacent lines are connected, because larger differences between
adjacent segments indicate other features of the book, such as text,
graphics, or damage and wrinkles, which are discarded. Perspective
distortions as shown in Figure 3 must also be eliminated when
looking at the entire bookcase, which may contain edges along the
top of the books. A line is therefore rejected if its lowest point is at
a higher position than the median of all vertical lines.
Finally, bounding boxes are created at the intersections of the
horizontal line segments and the extracted vertical lines. While
lower boundary lines in vertically arranged books are extracted
by connecting the endpoints, the different lengths of the books in
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of publisher, author, title, and subtitle. The maximum resulting
similarity is subsequently stored for each target information and
added to an overall similarity as in Equation 1.

3.5

Figure 3: Line rejection
upper horizontal lines or lying books require a more sophisticated
analysis of the segments. The surrounding horizontal line segments
are followed to the end points of the vertical boundaries, which
best connect the end points.

3.4

Feature Extraction

To find the searched book it is necessary to extract visual features of
the spines. In general, books are analyzed in two steps. First, books
are rejected whose color is too far from the target item. Secondly,
after applying text recognition in all four orientations, books are
rejected if the corresponding Levenshtein distance is too large.
3.4.1 Color Information. To extract the color information we use
the HSV color space. The hue circle is coarsely divided into color
intervals to make the color information more resilient to varying
lighting condition: Red [320°, 40°], yellow [40°, 80°], green [80°, 160°],
cyan [160°, 200°], blue [200°, 280°], and magenta [280°, 320°]. A pixel
is determined as black if its brightness value is less than 0.15 % and
categorized as white/grey when the saturation is below 0.15 %. For
normalization, all n = 8 feature intervals are subsequently divided
by the number of pixels of the book spine.
To determine the color similarity s, the respective features b
are compared with the ones of the target book spine a. By squaring the resulting distances, negative values are avoided and large
differences are weighted more strongly. To obtain a normalized
similarity value s in the interval [0, 1], the accumulated distances
of all features are subtracted in Equation 1.


n−1
Õ
s(a, b) = max 0, 1 −
(ai − bi )2
(1)
i=0

Since the books in public book shelves can possibly be in a
poor condition, only books with a similarity greater than 0.5 are
considered for subsequent text recognition.
3.4.2 Text Recognition. Text can appear in different orientations
on the spine of a book. Therefore it is necessary to extract the text
in all four directions. We use for this step ML Kit [17] as it performs
well and is freely available. Another challenge occurs when the
author, publisher, and book title are printed in the same orientation.
Then multiple strings are may merged together. For this reason,
the extracted text is compared to the target in substrings, again
using the Levenshtein distance. The target information consists

Classification

In order to finally determine the position of the book on the shelf,
the five similarity values, consisting of title, subtitle, author, publisher, and color information, are summarized and weighted. The
weighting is necessary as, e.g., not every subtitle is noted on the
spine.
To estimate adequate weights, a bookcase (5 shelves, 1 m × 2 m)
in a laboratory environment was filled with 201 books from public bookcases in different orientations. 50 books were randomly
selected and search queries initiated on a Samsung Galaxy S9 at
a fixed position where the camera image completely covers the
bookshelf. In each of the 50 trials 201 book spines were recognized
and their corresponding color and text features stored in a database.
Then a random forest classifier was trained for 1000 times on this
dataset consisting of 50 positive and 10000 negative samples, with
a ratio of 20% randomly picked test data. The negatives samples
represent the 200 extracted book spine feature vectors from each
search query except the target book. The estimated feature weights
of all 1000 random forest classifiers were then averaged. The resulting weights are used to calculate the overall similarity of a book
spine to a target in Equation 2.
T

s
0.6436
©
ª © title ª
0.2233®  s author ®

® 
®
S = w T s = 0.0789®  s color ®
(2)

® 
®
0.0295® s publisher ®
«0.0247¬ « s subtitle ¬
The calculated scalar product S weighs the title most strongly,
followed by the author. Textual information, except for the title,
is not always noted on the spine of a book or may be too small
to be captured well in the camera image. In addition, the average
accuracy on the test data was over 99.94 %, which shows that in
a laboratory environment the feature vector describing the book
spine is distinctive enough to distinguish a target book spine from
other books. However, since the test was performed on books from
public bookcases, it is to be expected that features, such as author
and title, greatly differ between the book spines. In a library scenario
with books sorted by author, the above weights would may not
be applicable. In a public bookcase the highest resulting scalar
product S of all analyzed books is chosen as the desired book and
highlighted in the last step.

4

VISUAL HIGHLIGHTING

To show the result of a successful search to the user, the position
of the book spine is highlighted in the video stream. ARCore [23]
and Sceneform [16] are used to keep the bounding box locked to
the same book spine.
For this purpose ARCore uses concurrent odometry and mapping [8], which combines feature points from the camera image
with inertial measurements. During this procedure the algorithm
estimates trackable planes in the image so that afterwards virtual
objects can be attached to anchors. Sceneform then allows obtaining
screen coordinates from world coordinates derived from an anchor
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6

EXPERIMENTS

The goal of the lab user study and the technical field evaluation is
twofold. We wanted to compare the time required to locate a book
using the mobile AR app (mobile visual search) versus unaided
visual search. We also wanted to estimate the accuracy of the proposed algorithm on search queries performed on realistic images.
In addition, we intended to clarify whether the application offers a
perceived benefit for the target users and understand further factors
regarding the use of public bookcases.

6.1
Figure 4: Debug view of a highlighted book

in order to establish a connection between the two. During this
step, position features are extracted from the camera image and at
the same time the book search algorithm is executed. To display the
position of the book as accurately as possible, at least 20 position
features should be available, which is typically the case due to the
heterogeneous properties of book shelves. After classifying the
desired book spine, the closest anchor is moved into its center in
order to highlight the position. In Sceneform a transparent green
rectangle is drawn on the spine of the book which is 50 % wider
than the spine itself to make the highlighting easily to see even
for slim books. The subsequent movement of the camera towards
the selected object leads to small deviations in the highlighting
position, as can be observed in Figure 4.

5

DATASET

While public datasets, such as by Iawa et al. [19], are limited to book
covers, to the best of our knowledge no datasets containing book
spines are freely available. Moreover, the condition of the inventory
strongly varies in public bookcases, which possibly results in less
accurate text recognition. A meaningful dataset of 767 randomly
picked books from public bookcases were included in our dataset
with different sizes, colors, reflective properties, languages (English, French, German, Polish), topics, and conditions. The derived
features are stored on the phone with a total size of 160 kB.
The complete collection consists of 317 books, which we used in
a lab study, and 450 books from an evaluation in the field. A csvfile provides bibliographic meta data, such as genre, rating. Taken
together, the books fill more than four bookcases (1 m × 2 m) of four
shelves each. After our studies, all books that we took from public
bookcases were released back into the public bookcases. The entire
dataset consists of 767 book spines including novels (66 %), thrillers
(10 %), children’s books (8 %), education books (4 %), politics (2.8 %),
advisors (2 %), history (1.9 %), tourist guides (1.6 %), cooking (1.3 %),
poems (1 %), religion (0.4 %) and others (1 %). In addition, images of
the public bookcases and closeups of the individual shelves serve to
evaluate and compare algorithms for future research. It is available
online together with our Android application at: https://github.
com/M-Schrapel/Public-AR-Booksearch.

Lab User Study

The aim of the first study was to evaluate whether the proposed
algorithm is faster than the manual visual search. To focus on the
core aspects of the algorithm and to exclude random factors, the
study was conducted in the lab. The study took place in a quiet
room with 15 volunteers (12 male, 3 female) aged 20 to 65 (mean
age x̄ = 30.4, σ = 13.7).
We used two identical adjacent bookcases. Each one had a width,
height and depth of w×h×d = 100×200×40 cm (see Figure 5) and
each had five shelves, located at heights 10, 48, 87, 130, and 170 cm
from the floor. Since none of the public bookcases that we found
had books at the bottom shelf, probably for ergonomic reasons and
to prevent soiling, we left the lower shelf empty. In each of the two
bookcases the second shelf from the top was filled with a series
of 44 books sorted by title, to evaluate the search performance for
sorted shelves. For the first part of the study the volunteers were
not informed, and not aware, that the books in one of the shelves
of each bookcase were sorted.
To compare digital and manual search, one bookcase was covered
as shown in Figure 5 and the study either began with the digital
or the manual search method. Both the initial bookcase and the
initial method were counterbalanced. For the digital search, the
mobile AR app was first explained to the participants through
several practice trials, which were performed on a printed image of
another bookcase with a different set of books. Each participant was
instructed to touch the desired book to complete the search. One
trial of the experiment consisted of the experimenter announcing
the randomly picked title of the target book and measuring the time
until the book was touched. The measurement was done with a
stopwatch. The participants always started at a predefined position
marked on the floor at a distance of 2 m from the bookcase. For the
digital search trials the participants had to start the application on
the phone and enter the title of the desired book using the on-screen
keyboard. The start of the application was included as this is likely
also needed in a real book search.
After 20 trials, the initial bookcase was covered and the search
was repeated with the other bookcase using the other method
(either digital or manual search). To evaluate the performance of
voice input, the study was repeated with just 10 further trials on
the bookcase on which the digital search with on-screen text input
had been performed before, without additional manual search to
minimize fatigue.
In the last part of the study, the participants were informed that
the second shelf from the top in each bookcase is sorted by title.
All participants said that up to that point they had not noticed that
the books in these two shelves were ordered by title. Digital search
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7 RESULTS
7.1 Results of the Lab Study

Figure 5: Study setup

with on-screen text input and manual search were performed for
ten trials on these two sorted shelves in the same way as before. To
obtain qualitative results, we asked for the preferred search method
in a final questionnaire. The whole study took about 45 minutes on
average.

6.2

Technical Field Evaluation

The second study was intended to measure the algorithm’s accuracy
in the field and whether the target users potentially benefit from a
mobile AR app. A further aim was to gain a better understanding
of relevant factors surrounding the use of public bookcases.
From nine different bookcases in four cities and one village, 50
books of each bookcase were added to our dataset, resulting in
a total of 450 books. The bookcases were located near pedestrian
walkways, residential areas, city centers, in a super market (indoors),
in a train station (indoors), and in a bus stop (roofed). The randomly
picked book spines were photographed and added to the dataset.
All photos were taken with an Apple iPhone 8 Plus.
After five days the experimenter returned to each of the nine
locations and every book of the first visit that was still present,
was searched three times using our app prototype running on a
Samsung Galaxy S9. The main goal was to estimate the recognition
accuracy. In addition, the experimenter measured the illuminance
(in lux) with a light meter and counted the number of removed
books.
The tests were paused when a person intended to use the bookcase. During this interruption, the bookcase users were briefly
interviewed about their personal use of public bookcases. They
were asked what kinds of books they are looking for, which ones
they put back on the shelves, whether they had ever searched for a
specific book, if they take extra detours to get to the bookcase and
how many books they take out per week.

The mean search times for unsorted6 vs. sorted books, manual vs.
digital search, and text vs. voice input are given in Table 1.
For the unsorted case, the time for digital search at 38.4 s is only
about half (49.9 %) of the time for manual search at 76.9 s. At 36.9 s
digital search with text input via soft keyboard is slightly (7.3 %)
faster than text input via voice at 39.8 s. For the sorted case, manual
search is much faster than digital search (7.6 s vs. 34.3 s), which
confirms that the participants most likely did not realize that one
of the shelves in each bookcase was sorted, before we revealed
this fact to them. Again, for the sorted case manual text input was
slightly (8.1 %) faster than voice input. The box plot in Figure 6, left,
shows the strong differences between manual and digital search in
both parts of the experiment.
Since the times for the search of a book are not normally distributed, a Wilcoxon Signed-Rank test was performed. The results
show that the digital search with text or voice is significantly faster
than manual search in the unsorted bookcase (z = −3.408, p =
0.0007 < 0.001). There is no significant difference between text and
voice input (z = −1.25, p = 0.2115 > 0.05), while in sorted shelves
the manual visual search is significantly faster than digital search
(z = −3.127, p = 0.0005 < 0.001). The sorted and unsorted cases are
not directly comparable, because the sorted case only comprises a
single shelf.
A clear learning effect can be observed for manual search, as
shown in Figure 6, right. The learning effect is expected, because as
participants look for books they probably remember the locations
of titles they have already seen in earlier trials.
The participants achieved a total accuracy of 84.9 % averaged
over both bookcases. The complete dataset was tested on a Samsung
Galaxy S9 with a mean illuminance of x̄ = 498 lux (σ = 80.1 lux),
measured at the shelves.
The times for the individual steps of the recognition algorithm
are listed in Table 2. It becomes apparent that at 13.1 s the text
recognition step took the majority of the time. One reason for this
is that the text recognition is performed four times, once for each
direction, for each candidate book spine in the image. This time can
be reduced by making the color constraint stricter, but then false
negatives (omissions of actual book spines) would become more
likely.
Questionnaire responses of the participants are shown in Figure 7. In general, digital search is preferred over manual search.
Manual search was experienced as more exhausting than digital
search. Text input is preferred over voice input and perceived to be
faster on unsorted shelves. The perceived performance is consistent
with the measured performance.

7.2

Results of the Field Evaluation

In the field study, an average accuracy of 80.0 %(σ = 1.8 %) was
achieved across the nine public bookshelves. In within five days
an total average of 59.2 %(σ = 14.4 %) of the 450 books were taken
out. Thus the application has been tested on 275 books, each of
6 “Unsorted”

refers to the period before a participant was informed that one of the
shelves in the bookcase was indeed sorted.
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Figure 7: Qualitative result of the study

Table 1: Mean search times by condition

Table 2: Mean times of each step of the algorithm

which was searched three times, which yields 825 trials. The light
conditions varied strongly, from 380 lux to 13220 lux with a median
of 4523 lux (x̄ = 4295 lux; σ = 4093 lux).
From the interviews with 16 female and 9 male pedestrians
(mean age 48, σ = 17 years) it was discovered that 16 persons
were looking for novels, 10 for thrillers, 6 for children’s books, 4
for educational books including encyclopedias, 3 for advice books,

and 5 for other topics, such as cooking or politics. On average each
user visits the shelves once a week and takes additional detours
of three minutes for taking out about one book on average. Three
persons stated that they had never put a book on the shelves, while
the others shared about 25 books in total. Eight persons stated that
they had serendipitously discovered books of interest they were
looking for, and one woman mentioned that she had just bought the
same book online before. Four persons said that they were looking
for their favourite authors, while one man remarked that there
is a low chance finding a particular piece of literature. The other
interviewees were generally more interested in discovering and
reading unknown books.
As the interviewees only cover a very small part of the user population a Web crawler for Bookcrossing was developed to extract
information about user demographics and shared books within
the surveyed areas. The 868 registered users in the range of the
examined bookcases had a mean age of 44 years (σ = 13 years) and
shared 3900 books in total. In the book release entries, noted locations, and comments, we analyzed for keywords, such as “public
bookcase,” “compartment,” and “shelf” to estimate the prevalence
of centralized and distributed types of sharing. In 1400 collected
cases, or 36 % of all gathered information, public bookcases are
involved in book sharing. Thus, it can be assumed that the targeted
users would benefit of such an application. We also looked at several threads in the Bookcrossing forum regarding public bookcases,
Little Free Libraries and mobile applications. We could identify that
users often ask for apps that address book sharing mostly related to
finding and releasing books as well as book recommendations and
scanning of Bookcrossing IDs. At this point when books are shared
in public bookcases, an AR application can support the users. The
Bookcrossing users stated that they are interested in knowing if a
book is still at the place where they released it or are looking for it.

8 DISCUSSION
8.1 Lab Study
The first study has shown that mobile visual search outperforms
unaided visual search on unsorted bookcases. Limitations occur
due to varying lighting and book conditions, small text, and segmentation errors. To find out which recognition errors occur, books
in a shelf were placed in different orientations and photographed
from different angles. Figure 8 shows typical examples of factors
that deteriorate recognition performance.
In Figure 8a, the spine is extracted incorrectly due to perspective
distortions and color similarities. In this special case the shadow
coincides with the edge of the horizontal book and both books have
similar colors. As a result the two books are not separated.
In Figure 8b perspective distortion leads to the extraction of the
top the book as a part of the spine.
In Figure 8c shadows cause the spine of the book to be segmented
incorrectly. As before, this leads to errors in color selection.
Figure 8d shows errors caused by books in poor condition. The
large book is not extracted correctly due to the torn cover and the
graphics in the upper part of the spine. The same occurs with the
spine at the right corner.
In Figure 8e the book spine segmentation is prevented by the
protruding adjacent book. Secondly, the font is too small for a
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Figure 8: Book spine segmentation errors

subsequent text recognition. In the case of the protruding books,
parts of the book cover are recognized as additional book spines.
Lastly, Figure 8f shows an example of two similar books with
reflective covers. Similar titles led to misidentifications in the study.
Another challenge is posed by the left spine. Due to light reflections
parts of the book are not recognized. This shows that reflective
books are challenging under certain lighting conditions, which also
had an impact on the accuracies in the field study. The left book
spine exemplifies mixed title and author information, resulting in
lower text similarities.
These challenges show that book spines cannot be recognized
flawlessly as environmental influences strongly affect performance.
Features such as HoG [5] are not applicable for public bookcases,
because books can occur in various quality conditions and under
varying lighting conditions the computed features would differ
widely. For example, wrinkles can cause the detection of edges that
are not present on the original book spine, which then significantly
affects the classification. Therefore, it is important to only rely on
robust features that also apply to books in relatively poor condition.
The questionnaire results show that participants definitely liked
the idea of augmenting public bookcases and supporting visual
search. Text input via soft keyboard was preferred, because voice
input led to errors, especially when book titles in foreign languages
had to be entered. For this reason, digital search via speech input
was perceived as exhausting by a few participants, when they had to
enter a book title twice. Text input was perceived to be faster. However, voice input is an accepted method on current smartphones,
hence most study participants said that they could imagine using
speech recognition if it were more reliable.

8.2

Field Study

The effort for maintenance of server systems and databases should
be kept low as very little or no resources are available to support
public sharing of free books. In the wild, the maintenance costs of
each bookcase are estimated to be only about 60 e per year [14],
because mentors perform this task on a voluntary basis. During our
field evaluation we observed that not only mentors, also other users
feel responsible for public bookcases. When people brought books,

they mostly placed them in an orderly vertical position on the shelf
to ensure that no other books are hidden. This is beneficial for the
presented mobile app, as this simplifies the recognition process.
However, not every public bookshelf may have the same level of
support as the observed ones.
Furthermore, it should be clarified for the desired use case how
the presented application can be used together with online sharing,
i.e. Bookcrossing. While releasing a book in the public bookcase
the spine could be uploaded to Bookcrossing as a photo. In conjunction with the mobile AR app this would allow the users to easily
determine if the book is available by retrieving the spine image
from the web page and using it with the presented algorithm. When
searching for a specific released book, there can usually only covers
be retrieved from Bookcrossing using Web crawlers. Therefore we
also collected all covers from our entire dataset and compared the
resulting color feature vectors with the extracted features from
the spines. In Figure 9, the red line represents the initial threshold
for subsequent text recognition, with 21.1 % of target covers being
incorrectly rejected due to color variations with the corresponding
book spine. When bilinear interpolation [5] is applied between the
color bins, the false rejection rate decreases to 14.5 %.
To avoid rejecting target book spines, the algorithm must be
adapted when using book covers. A color preselection cannot be
carried out, since it cannot be assumed that the spine colors match
those of the cover. Instead all extracted book spines are sorted in
descending order according to their color similarity. Then on each
spine the text recognition is performed. The weights of Equation 2
are adjusted without using color features in Equation 3. They were
estimated using the same methodology as for Equation 2. Again,
title and author are given the highest weighting from the random
forest. In order to reduce computational effort, the process can
optionally be aborted if a particularly high degree of similarity
close to S = 1 is detected. Otherwise, the most similar spine can
optionally be highlighted with a hint that the book also might be
interesting to support serendipitous discovery.
T

0.7181
©
ª
0.2249®

S = wT s = 
®
0.0363®
«0.0207¬

s
© title ª
 s author ®

®
s publisher ®
« s subtitle ¬
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Finally, it remains to be clarified whether an accuracy of 80 % is
sufficient for real world applications. It should be mentioned that
users of public bookshelves do not expect perfect success in finding
a book they are looking for in a particular shared library, which
was also noted in the interviews. As online comments show, users
of Bookcrossing are well aware that with public sharing, books
may not be available anymore when they inspect the shelves in
search for a specific book. In order to prevent frustration from
failing to find a specific book, the design of the mobile visual search
app should emphasize the possibility of serendipitous discovery of
books of interest. The app should act as a recommender system and
highlight relevant books.

9

CONCLUSION AND FUTURE WORK

We present a robust algorithm for detecting books in public bookcases. The prototype of the mobile AR application supports visual
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it could be determined to what extent individual bookshelves are
frequented, which can be deduced from the fluctuation of the stock.
For example, it might be possible to find more suitable locations for
new bookshelves. The analysis could be carried out automatically
by taking into account location data and search queries.
The Android application and the dataset created in this work are
freely available as open source software.7

Normalized bin height

Soft-binning
Hard-binning
0.8

0.6

REFERENCES
0.4

0.2

0.0

0.2

0.4

0.6

Similarity Spine vs. Cover

0.8

1.0

Figure 9: Color similarity distribution

search in a public bookcase. Based on text or voice input, a matching book is highlighted in the viewfinder. The algorithm solves the
core problem of reliably detecting books in public bookcases.
The study results show that a robust recognition of book spines
is possible in real world situations. In a lab environment mobile
visual search could be carried out significantly faster than unaided
visual search for unsorted book shelves. The achieved accuracy of
just 80 % under real-world conditions seems low, yet recognizing
books under widely varying lighting conditions and in all kinds of
physical states and spatial arrangements is a difficult problem.
The mobile application has to be extended to provide a wider
range of functionality, according to the needs of users of public
bookcases. This includes the recommendation of potentially interesting books based on a personal profile, the highlighting of books
that have been added since the last visit, or even the integration
with an online platform. Such an integration could be used to automatically create an online inventory of a public bookshelf, without
additional administrative effort. An online inventory would help to
understand in more detail what is shared and what the “shelf time”
of individual books is. However, relying on an online platform may
incur costs and require commitment for its long-term operation.
By also using the mobile app on one’s personal bookshelf at
home, recommendations could be given on which books might be
interesting for others. A larger, freely available dataset could be
created collaboartively, including an explicit registration of spines
via the app. The app could suggest on which shelves to place specific
books in order to support children, as they often cannot reach the
upper shelves. An age restriction could be realized by having the
app suggest placing certain books on the upper shelves.
An interesting question for future work is whether an online
inventory of public bookcases destroys some of the appeal of accidentally discovering interesting books “in the wild.” It is also of
interest to clarify the cultural relevance of the shared books, respectively, whether the place and stock of the bookcase reflects
the group of local residents and their demographics. Furthermore,

[1] Fleura Bardhi and Giana Eckhardt. 2012. Access-Based Consumption: The Case
of Car Sharing. Journal of Consumer Research 39 (12 2012), 881–898. https:
//doi.org/10.1086/666376
[2] Louis K.H. Chan and William G. Hayward. 2013. Visual search. Wiley Interdisciplinary Reviews: Cognitive Science 4, 4 (2013), 415–429. https://doi.org/10.1002/
wcs.1235 arXiv:https://onlinelibrary.wiley.com/doi/pdf/10.1002/wcs.1235
[3] David M. Chen, Sam S. Tsai, Bernd Girod, Cheng-Hsin Hsu, Kyu-Han Kim, and
Jatinder Pal Singh. 2010. Building book inventories using smartphones. In ACM
Multimedia.
[4] Jens Clausen and Liza Steudle. 2016. Öffentliche Bücherschränke in Hannover Befragungen von PatInnen und NutzerInnen im Auftrag der Landeshauptstadt Hannover. (2016). https://www.hannover.de/content/download/666164/15982933/
file/%C3%96ffentliche+B%C3%BCcherschr%C3%A4nke+in+Hannover++Befragungen+von+PatInnen+und+NutzerInnen.pdf
[5] N. Dalal and B. Triggs. 2005. Histograms of oriented gradients for human detection. In 2005 IEEE Computer Society Conference on Computer Vision and Pattern
Recognition (CVPR’05), Vol. 1. 886–893 vol. 1. https://doi.org/10.1109/CVPR.2005.
177
[6] Daniele Dalli and Matteo Corciolani. 2014. Gift-giving, sharing and commodity exchange at Bookcrossing.com. New insights from a qualitative analysis.
Management Decision 52 (04 2014). https://doi.org/10.1108/MD-03-2012-0241
[7] Tawanna R. Dillahunt, Xinyi Wang, Earnest Wheeler, Hao Fei Cheng, Brent
Hecht, and Haiyi Zhu. 2017. The Sharing Economy in Computing: A Systematic
Literature Review. Proc. ACM Hum.-Comput. Interact. 1, CSCW, Article 38 (Dec.
2017), 26 pages. https://doi.org/10.1145/3134673
[8] Sheng Zhao Esha Nerurkar, Simon Lynen. 2017. System and method for
concurrent odometry and mapping.
https://patents.google.com/patent/
US20170336511A1/en US Patent 20170336511A1.
[9] Martín Abadi et al. 2015. TensorFlow: Large-Scale Machine Learning on Heterogeneous Systems. https://www.tensorflow.org/ Software available from
tensorflow.org.
[10] Anton Fedosov, Jeremías Albano, and Marc Langheinrich. 2018. Supporting
the Design of Sharing Economy Services: Learning from Technology-mediated
Sharing Practices of Both Digital and Physical Artifacts. In Proceedings of the 10th
Nordic Conference on Human-Computer Interaction (Oslo, Norway) (NordiCHI ’18).
ACM, New York, NY, USA, 323–337. https://doi.org/10.1145/3240167.3240203
[11] B. Girod, V. Chandrasekhar, R. Grzeszczuk, and Y. A. Reznik. 2011. Mobile Visual
Search: Architectures, Technologies, and the Emerging MPEG Standard. IEEE
MultiMedia 18, 3 (March 2011), 86–94. https://doi.org/10.1109/MMUL.2011.48
[12] Google. [n.d.]. Google and Open Handset Alliance n.d. Android API Guide.
http://developer.android.com/guide/index.html
[13] Google. 2019. Google Lens. https://lens.google.com.
[14] Stadt Hannover. 2016. 10 Jahre Offene Buecherschraenke in Hannover - Eine
Erfolgsgeschichte. https://e-government.hannover-stadt.de.
[15] Andrew G. Howard, Menglong Zhu, Bo Chen, Dmitry Kalenichenko, Weijun
Wang, Tobias Weyand, Marco Andreetto, and Hartwig Adam. 2017. MobileNets:
Efficient Convolutional Neural Networks for Mobile Vision Applications. CoRR
abs/1704.04861 (2017).
[16] Google Inc. 2018. Sceneform SDK for Android. https://github.com/googlear/sceneform-android-sdk.
[17] Google Inc. 2019. ML-Kit: Machine learning for mobile developers. https://
developers.google.com/ml-kit/.
[18] Itseez. 2015. Open Source Computer Vision Library. https://github.com/itseez/
opencv.
[19] Brian Kenji Iwana, Syed Tahseen Raza Rizvi, Sheraz Ahmed, Andreas Dengel, and
Seiichi Uchida. 2016. Judging a Book by its Cover. arXiv preprint arXiv:1610.09204
(2016).
[20] Dah-Jye Lee, Yuchou Chang, James K. Archibald, and Clint Pitzak. 2008. Matching
book-spine images for library shelf-reading process automation. 2008 IEEE
International Conference on Automation Science and Engineering (2008), 738–743.
[21] Vladimir Iosifovich Levenshtein. 1966. Binary codes capable of correcting deletions, insertions and reversals. Soviet Physics Doklady 10, 8 (1966), 707–710.

7 https://github.com/M-Schrapel/Public-AR-Booksearch

Augmenting Public Bookcases to Support Book Sharing

[22] Ann Light and Clodagh Miskelly. 2014. Design for Sharing. Technical Report.
Northumbria University. https://designforsharingdotcom.files.wordpress.com/
2014/09/design-for-sharing-webversion.pdf
[23] Google LLC. 2019. ARCore - Google Developers Documentation. https:
//developers.google.com/ar.
[24] Markus Löchtefeld, Sven Gehring, Johannes Schöning, and Antonio Krüger. 2010.
ShelfTorchlight: Augmenting a Shelf using a Camera Projector Unit. In Adjunct
Proceedings of the Eighth International Conference on Pervasive Computing. 1–4.
[25] Kazuhiro Matsushita, Daisuke Iwai, and Kosuke Sato. 2011. Interactive bookshelf
surface for in situ book searching and storing support. 2. https://doi.org/10.1145/
1959826.1959828
[26] Microsoft. 2019. Bing Visual Search. https://www.bing.com/visualsearch.
[27] M. P. Nevetha and A. Baskar. 2015. Automatic Book Spine Extraction and Recognition for Library Inventory Management. In WCI.
[28] William M. Newman and Robert F. Sproull (Eds.). 1979. Principles of Interactive
Computer Graphics (2Nd Ed.). McGraw-Hill, Inc., New York, NY, USA.
[29] Nguyen-Huu Quoc and Won-Ho Choi. 2009. A framework for recognition books
on bookshelves. In ICIC 2009.
[30] Marlene K. Rebori and Peter Burge. 217. Using Geospatial Analysis to Align Little
Free Library Locations with Community Literacy Needs. Journal of Extension 55,
3 (6 217), 6.
[31] Sherry Ruan, Jacob O. Wobbrock, Kenny Liou, Andrew Ng, and James A. Landay.
2018. Comparing Speech and Keyboard Text Entry for Short Messages in Two
Languages on Touchscreen Phones. Proc. ACM Interact. Mob. Wearable Ubiquitous
Technol. 1, 4, Article 159 (Jan. 2018), 23 pages. https://doi.org/10.1145/3161187

MobileHCI ’20, October 5–8, 2020, Oldenburg, Germany

[32] Marianne Snow. 2015. Little Free Libraries: A Call for Research into the Tiny
Book Depositories. Children and Libraries 13 (12 2015), 30. https://doi.org/10.
5860/cal13n4.30
[33] Payam S.Rahmdel, Richard Comley, Daming Shi, and Siobhan McElduff. 2015. A
Review of Hough Transform and Line Segment Detection Approaches. VISAPP
2015 - 10th International Conference on Computer Vision Theory and Applications; VISIGRAPP, Proceedings 1 (01 2015), 411–418. https://doi.org/10.5220/
0005268904110418
[34] Lior Talker and Yael Moses. 2014. Viewpoint-independent book spine segmentation. IEEE Winter Conference on Applications of Computer Vision (2014), 453–460.
[35] Anne M. Treisman and Garry Gelade. 1980. A feature-integration theory of
attention. Cognitive Psychology 12, 1 (1980), 97 – 136. https://doi.org/10.1016/
0010-0285(80)90005-5
[36] Sam S. Tsai, David Chen, Vijay Chandrasekhar, Gabriel Takacs, Ngai-Man Cheung,
Ramakrishna Vedantham, Radek Grzeszczuk, and Bernd Girod. 2010. Mobile
Product Recognition. In Proceedings of the 18th ACM International Conference
on Multimedia (Firenze, Italy) (MM ’10). ACM, New York, NY, USA, 1587–1590.
https://doi.org/10.1145/1873951.1874293
[37] Rafael Grompone von Gioi, Jérémie Jakubowicz, Jean-Michel Morel, and Gregory
Randall. 2012. LSD: a Line Segment Detector. IPOL Journal 2 (2012), 35–55.
[38] X. Yang, D. He, W. Huang, A. Ororbia, Z. Zhou, D. Kifer, and C. L. Giles. 2017.
Smart Library: Identifying Books on Library Shelves Using Supervised Deep
Learning for Scene Text Reading. In 2017 ACM/IEEE Joint Conference on Digital
Libraries (JCDL). 1–4. https://doi.org/10.1109/JCDL.2017.7991581

