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Abstract— Audio guides are commonly utilized to enrich the
experience of art gallery visitors and to fully engage them with the
artwork by providing background, contexts, and other
information related to the corresponding artists. However, this
method may be monotonous to the public and cannot
automatically change to the appropriate recording when users
move to the next artwork. The traditional operation of audio
guides is only enabled by the user’s visual recognition of the
artwork to activate appropriate commentaries manually. In this
paper, we explore the potential enhancement of the art gallery
visitors’ experience by applying Artificial Intelligence (AI),
machine learning, and computer vision techniques to recognize the
artwork’s main features automatically and provide the
corresponding artist and other information to the visitors. We
train a model using a Deep Convolutional Neural Network (CNN)
and Kaggle’s Painter by Numbers dataset, and host the trained
model on a low-power AI accelerator equipped with a camera to
recognize the artwork in real-time. The results are then
transmitted to a database, which is utilized by a custom Android
application on the smartphone to provide updated artworkrelated information on the display or by audio. Our system targets
not only the general public for an interactive experience in the art
gallery but also visually impaired people for proper guidance with
the smartphone’s camera and its voice feedback capabilities.

I.

INTRODUCTION

The most traditional method for guiding the visitor in the art
gallery is by providing an audio-enabled guidance system that
contains pre-recorded narrations. This mechanism implies that
the manual user is responsible for triggering the correct audio
guides based on visual confirmation of the artwork, and could
result in providing misinformation if the visitor is unaware of
the location of the displayed artwork.
Artificial Intelligence (AI), machine learning, and computer
vision techniques are expected to play a key role in the field of
visual arts [1] [2], where these techniques can be applied to realtime recognition of the artwork such as paintings, noteworthy
objects from historical buildings, sculptures, and decor, and to
provide valuable knowledge including information of the artist,
background, context, and more. AI techniques can be used in
many different ways in this environment: to enhance museum
facility and supply management systems, to adopt robots to take
over time-consuming tasks [2], or to favor a better user
engagement with the artwork [1]. In addition, AI techniques can
provide greater assistance to people with disabilities, including
visually impaired people to correctly identify and provide
accurate audio guides to the visitor [3].

An example of applying AI and machine learning to the
artwork, specifically in paintings, is the Painter by numbers
Kaggle competition. This challenge aims at the detection of two
given paintings and having the algorithms to determine their
artists’ match [4]. Such an application that adopts AI and
machine learning techniques would also be useful to detect the
potential forgery of the artwork. This implementation can be
achieved by using a specific machine learning algorithm called
Support Vector Machine (SVM), which can identify artists from
different artworks. Two types of SVM models are trained using
the pixel’s information from the obtained images and their color
histograms [5].
In this paper, we explore the possibility of adopting AI,
machine learning, and computer vision techniques to enhance
the user experience of the art gallery visitors by enabling
automatic recognition of the artwork and providing contextual
information on their Android smartphones. This study focuses
on obtaining biographical information about the most probable
artist of the artwork that the visitor is stand-facing, where the
artist prediction result is generated by a Deep Convolutional
Neural Network (CNN) implemented on a low-power AI
accelerator system. Also, the obtained result updates the cloudbased database, where the custom Android application
synchronizes to provide artwork-related information, such as
artist background and contexts, by displaying the information on
the screen or reading it out by the smartphone’s audio speaker.
II.

SYSTEM DESIGN

Fig. 1 shows the overview of the system design. First, a
machine learning model is created using Deep CNN and
Kaggle’s Painter by Numbers dataset for recognizing artists
from different artworks. Once the model is established, we
implemented it on an NVIDIA Jetson Nano [6], a low-power AI
application accelerator, to predict the artwork’s most probable
author from the image captured by the integrated camera. That
will result in updating the obtained result on a cloud-based
database, where it synchronizes with our custom Android
application. The Android application has two dedicated modes:
normal mode, which provides information on the display using
texts, and audio mode, which provides information via the audio
speaker on the smartphone.
A. Deep Convolutional Neural Network Architecture
We utilize Deep CNN to create a model to extract the
relevant features from the input images (artworks) and perform
the inference procedures to classify them by their predicted

artists. The initially designed approaches involved lightweight,
yet accurate convolutional neural networks such as MobileNet
[7], and deeper neural networks such as VGG-16 [8] were also
explored to increase the accuracy in validation and testing
phases. However, complexity and overfitting issues caused
these networks to obtain poor results on the selected Kaggle’s
Painter by Numbers dataset. In this study, ResNet-18 CNN [9]
was chosen to perform image (artwork) classification, with
enabled improved accuracy via residual architecture by enabling
two different paths for the gradients to propagate during training,
as shown in Fig. 2. Furthermore, regularization and data
augmentation are also incorporated to significantly reduce
overfitting. To increase the robustness of the detection
algorithm, images fed into the neural network from the training
set were randomly flipped vertically and horizontally. Also,
additional dropout layers were included in the model which
reduce the number of neurons that activate further layers in the
fully connected phase. Consequently, the complexity of the
trained neural network is reduced, avoiding optimizing the
results for non-relevant features from the training set.

B. Cloud-based Database and Android Application
As shown in Fig. 1, Google Firebase is used for creating an
easy-to-use and tree-based cloud-based database [10]. It serves
as the interaction and synchronization platform among the code
contained in the NVIDIA Jetson Nano and the Android
application. Google Firebase eases its integration with Android
applications developed utilizing MIT App Inventor [11]. The
customized Android application includes functionality to
synchronize with the database where the information regarding
the artist’s biographical data, previously detected artists’ data,
and the ability to securely login to the database with username
and password is contained. Fig. 3 shows the main screen of the
customized Android application, as well as the login screen. As
discussed in Section I, our system design goal is to provide
artists’ information using both normal mode (display textual
information on the display) and audio mode (for visually
impaired people). Audio mode button on the bottom of the screen
enables the mode for visually impaired people, where the login
process can be resolved by voice inputs. The login allows
accessing the data stored in the cloud-based database, being the
first common step providing the user’s username and password.
Later, as shown in Fig. 4, two options are available for the users
to select: corresponding artist’s information and background of
the detected artwork, and displaying the record of artists who
were detected previously.

Fig. 1. System Flowchart
Fig. 3. My Art Companion Application’s Main Screen (left) and Login Screen
(right).

Fig. 2. ResNet-18 Architecture

Fig. 4. My Art Companion Application’s Information Retrieval Screen

III.

IMPLEMENTATION AND RESULTS

In this study, we have chosen seven artists from the Kaggle’s
Painter by Numbers dataset including Pierre-Auguste Renoir,
Gustave Dore, Albrecht Durer, Ivan Aivazovsky, Rembrandt,
Zinaida Serebriakova, and William Merritt Chase. Table I shows
the number of training and testing images for each set utilized to
validate the developed Deep CNN model.
TABLE I.

In addition, Fig. 8 illustrates the live camera feed of the
NVIDIA Jetson Nano along with the prediction confidence level
of 89.33% that the artwork is by Gustave Dore. Fig. 9 shows the
corresponding artist background information on the custom
Android application in real-time.

KAGGLE DATASET DEEP CNN TRAINING AND TESTING SETS
Artist

Image Samples
Training Sets

Testing Sets

Renoir

388

112

Dore

387

113

Durer

383

117

Aivazovsky

378

122

Rembrandt

376

124

Serebriakova

304

108

Chase

281

82

Python programming language has been chosen for both the
training and testing phases of the proposed neural network. We
utilized Keras [12] to implement the neural network architecture
and to load the trained weights. OpenCV [13] was used for
image loading and preprocessing purposes. Once the model is
trained for 200 epochs utilizing the Adam Optimization
Algorithm [14] and the categorical cross-entropy [15] as the loss
function, it is saved in an H5 file format which is ported to the
inference platform, the NVIDIA Jetson Nano. NVIDIA Jetson
Nano was chosen as the inference platform to take advantage of
its dedicated NVIDIA Maxwell GPU with 128 NVIDIA CUDA
cores which help to accelerate AI applications, along with the
ability to integrate CSI camera into the system. To obtain these
video frames, OpenCV is used to open a video feed which loads
each frame as a separate image. Then, the model is loaded and
takes a frame every 0.5 seconds to process the input from the
camera.

Fig. 5. Training Results using ResNet-18 Scheme

Fig. 6. Detected Artwork from AI Accelerator’s Camera – Aivazovksy

As mentioned in Section II, MobileNet and VGG-16 have
been explored to increase the accuracy in the validation and
testing phases. Due to the overfitting issues caused by the
combination of having a relatively small training set and an
excessive number of parameters for estimation, poor validation
values were obtained in terms of loss and accuracy when using
these two networks. Thus, ResNet-18 scheme incorporating data
augmentation and regularization procedures was selected,
resulting in obtaining a validation accuracy of approximately
75% and performance of the testing set of approximately 70%,
as shown in Fig. 5.
Despite the results obtained from the ResNet-18 scheme, our
test results demonstrated that the system was able to identify the
correct artist of the artwork shown on camera. Fig. 6 illustrates
the live camera feed of the NVIDIA Jetson Nano along with the
prediction confidence level of 85.35% that the artwork is by Ivan
Aivazovsky. Fig. 7 shows the corresponding artist's background
information on the custom Android application in real-time.

Fig. 7. Artist Information shown on Android Application - Aivazovksy.

application to access the detected result and to provide
information related to the artist of the artwork. The users,
including people with visual disabilities, will be able to acquire
information using our customized Android application. Our
application can be coupled with an audio tour guide system, and
provide corresponding information based on the observed
painting. Our system can be expanded to more AI accelerators
deployed to different art galleries, to collect more image data,
and to improve the datasets to enhance the system’s prediction.
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