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Abstract. This paper presents the development of a system combining deep learning, computer vision, and augmented
reality to aid learning chess beginner-level players. The proposed approach utilizes a deep learning YOLOmodel to detect
the chessboard and pieces. A series of computer vision algorithms are applied to segment the chessboard into a grid and
position detected pieces within the squares. The system provides interactive assistance to the user overlaying helpful
information on the augmented reality view. This is achieved by highlighting possible moves for each piece. The custom-
trained YOLOmodel achieved an overall precision of 95% in chessboard and pieces detection. The chessboard keypoints
boundary detection reached 99% accuracy. Our chessboard segmentation algorithm was able to correctly identify 98% of
the chessboards in the validation dataset. An error rate of 1.45% per chessboard square was achieved while positioning
the pieces within the grid. The whole processing pipeline demands an average of 454 ms per image. Future works may
explore end-to-end deep learning approaches to improve board and piece localization detection. Additionally, user studies
are proposed to evaluate the system’s effectiveness in aiding beginner chess players to improve their skills.
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1 Introduction
Chess is one of the most played board games. It promotes
cognitive aspects like memory, problem solving, concentra-
tion and creativity [Gobet, 2018; Joseph and Easvaradoss,
2021; Jankovic and Novak, 2019; Unterrainer and et al.,
2006; Billinghurst, 2002]. Some emerging technologies,
such as augmented reality (AR), can be used in teaching as
it promotes immersion [Yusof et al., 2019]. Integration be-
tween the real and virtual enhances the learning experience
[Billinghurst, 2002]. AR can enhance user perception and in-
tegration with real world, making learning more interactive
[Kesim and Ozarslan, 2012].

Developing applicationswithAR technologies could ac-
celerate and simplify chess learning. Recent studies have fo-
cused on creating AR applications for helping non-beginners
improve their skills or to record game state into a database
for later use on analysis [Orémaš, 2018; Menezes and Maia,
2023].

To support the development of our proposal, we con-
structed a dataset containing images from chess games cap-
tured from a variety of positions, angles, environments, light-
ning conditions and different pieces distributions across the
board. The final dataset consists of 1,428 images distributed
into 1,228 for training and 200 for validation.

We hypothesize that using a richer annotation format,
specifically keypoints, can enhance piece localization on the
chessboard. This improvement may benefit a wide range
of application such as AR, where accurate piece position-
ing is important to provide useful and reliable feedback to
the end user. Due to the lack of publicly available keypoint-
annotated chess games, we manually annotated each piece
and chessboard present on original images in the dataset.
This dataset provides good resources for further research in
chess piece recognition and localization.

This paper describes the development of a system com-
bining Deep Learning (DL) and AR to aid beginner-level
players learn chess from real board games. A mixture of
approaches is proposed to achieve desired result. DL tech-
nique is used to detect the chessboard and pieces as keypoints
classes predicted in an image. Computer Vision (CV) algo-
rithms are applied to split chessboard in a grid of squares and
to position detected pieces on it. To provide interactive assis-
tance, helpful information is overlaid on AR view. Studies
like Mehta [2020] have used AR to help players with some
chess knowledge. In Yusof et al. [2019], AR chess game
was proposed, a completely digital version of game provid-
ing hints and tips.

Our approach demonstrates high accuracy in the visual
understanding of chessboard scenes. It achieves a classifi-
cation precision of 95% for both board and pieces. In addi-
tion to classification, it achieved piece positioning error of
18.19%, which corresponds to an average error of 1.45% per
board square and it was able to precisely segment the board
with a precision of 98%. Although we achieved high accu-
racy across all tasks, our system lacks efficiency in execution
time, making it less suitable for real-time applications.

1.1 Related Works
Chessboard and chess piece detection and recognition is a
complex task. Through CV there are different techniques to
detect the chessboard, pieces, and classify them based on its
shape and color.

Some authors, such as Delgado Neto and Campello
[2019] uses DL on a set of synthetic generated images for
detecting the class of the piece, achieving 97% of accuracy,
and some algorithms like Hough transform (HT) [Gonzalez
and Woods, 2017] for detecting chessboard and finding its
boundaries.
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In Orémaš [2018], DL was not used for identifying
pieces’ class. A template matching between the real images
and a generated one was used, for the board detection HT al-
gorithm was applied. The result of the detection is then used
to generate an image containing two-dimensional (2D) rep-
resentation of the pieces and their positions, this kind of ap-
proach allows chess players to log the state of the game from
an image. The authors built a specific dataset for their work
taking individual photographs for a game or sets of images of
the same distribution from different camera angles. Along-
side with chess game images, authors have also built digital
versions of the pieces, which they considered much easier
than photographing pieces from various angles and labeling
them. One of the problems detected by the author is the need
of more than one photograph of the game to improve it’s ac-
curacy since piece to piece occlusion confuses the template
matching. By averaging the three images for classification
achieves 98% of success rate.

Recent works, such as Menezes and Maia [2023], used
cutting edge object detection models for the chess piece de-
tection. They used two versions of YOLOv4 (tiny and full),
to address the detection, through a dataset containing more
than 6000 images, of which all images were taken from
above, and each piece was labeled using bounding boxes, in
addition to the bounding box, each sample was given a cate-
gory, each one representing a chess piece name. They were
able to identify the piece and it’s location with a precision
of 89%. A 2D representation of the state of the game is the
output of the system allowing users to log moves in a fast
way. How the chessboard is detected and piece positions are
reflected to the digital one is unclear.

In Mehta [2020], an AR application was developed
to improve chess players into logging and improving their
games. DL for detecting and identifying the pieces was used.
Binary detector to infer if the chessboard is present or not,
a couple of algorithms to segment chessboard and an inte-
gration with a chess engine to log, suggest plays and im-
prove user skills based on current state of the game. AR
enables the system to suggest the best movement over the
real chess game. This system was able to achieve an accu-
racy of 93.45% for entire chess position prediction pipeline.
For model training, a dataset containing approximately 2600
piece samples was built, it consists of images taken from
above and labeling each piece occurrence with a category in
a similar way as in Menezes and Maia [2023].

Czyzewski et al. [2020] was able to achieve 95% accu-
racy when positioning the chessboard in an image. Almost
95% accuracy for chess piece recognition. They use a neural
detector to predict chessboard lattice points. This algorithm
outperforms the best alternative where it only achieved 60%
for chessboard detection. It also uses a heatmap to plot the
probability of a chessboard is located in a sub-area of the
image. This work is focused in detecting the presence of a
chessboard and precisely segmenting it, a dataset was con-
structed containing chessboard images taken under various
conditions where chessboard lattice points are provided as
labels.

By using a set of algorithms for detecting and splitting
the chessboard into a 8× 8 grid, Wölflein and Arandjelović
[2021] uses different DL models to predict grid square occu-

pancy and what piece is within it. This approach was able
to achieve 99% of accuracy in most of tried models. Instead
of relying on manually taken chessboard images, the authors
employed a 3D model of a wooden chess set as a base and
subsequently generated realistic images from different posi-
tions, angles, and lighting conditions. Each chess piece loca-
tion is annotated using FEN format, a standard notation for
chess piece localization.

In Masouris and van Gemert [2024], authors indicated
that chessboard detection is commonly split in various steps,
such as chessboard detection, square localization, and piece
classification. They propose an end-to-end DL solution di-
rectly predicting the configuration from an image, success-
fully recognizing 15% of the pieces. Model receives an im-
age as input and outputs the type and pieces positions rel-
ative to chessboard. This work introduces a distinct dataset,
consisting of chess games images captured from different an-
gles, annotating chess pieces using bounding boxes and label-
ing each piece with a chess piece category, as well as points
defining boundaries of the chessboard.

Research on identifying chess pieces is a very complex
task. They have different shapes, sizes and colors. DL use is
a common technique for this kind of problem, as models are
able to learn and identify complex and different shapes.

The related works above show that most of the efforts
are aimed at aiding non beginners chess players, through log-
ging chess game state and suggesting movements.

2 Methods
2.1 Dataset
Building a custom dataset was necessary for this work.
The existing datasets from related works do not offer key-
point annotations required for our proposal. In fact, the
available datasets vary significantly in format and purpose,
Wölflein and Arandjelović [2021] provides a synthetically
generated dataset but without any annotations, Masouris and
van Gemert [2024] includes bounding boxes for the pieces
and corner points for the board, top-down images of the
board with piece annotations, but only from a fixed view-
point, was presented by Menezes and Maia [2023].

Compared to existing datasets, our dataset introduces
a new, unpublished annotation format based on keypoints.
Each chess piece and the board’s boundaries are annotated
with keypoint locations. Additionally, the images in our
dataset were captured from various angles and positions, in-
stead of being restricted to top views, making the dataset
more versatile and realistic for different applications.

A dataset containing examples of real boards and anno-
tated pieces was built to feed the model. All the photos were
taken with 4032 × 3024 px spatial resolution and 24 bits
color deep contrast resolution.

Photos were captured in different environments, light-
ing conditions, shadows and backgrounds to ensure image
diversity. Some photos were obtained from different angles
and various combinations of chess pieces. Sometimes only
black pieces were placed on the board, while occasionally
only white pieces were set. A few pieces are symmetrical,
and thus rotation does not change their visual information.
However, pieces such as the Knight and King can have dif-
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ferent shapes based on the point of view. To ensure a wide va-
riety of non-symmetrical piece rotations were collected, the
same distribution was photographed, with only the rotation
of the irregular pieces being varied: Knight, King, Bishop,
and Rook.

Almost all images in the dataset contain a visible board
in it. To improve the learning rate of the chess pieces, pho-
tos where only one or some pieces are visible were taken.
Twelve images where only a single piece is visible, one im-
age containing only black pieces in line, one image contain-
ing only white pieces also in lines and one image contain-
ing both white and black pieces in line were included. The
dataset contains 72 images where only the board is visible.
The remaining images were captured with no specific proce-
dure, pieces were randomly placed over the board to guaran-
tee a diverse combination of images. Some image samples
present in the dataset are shown in Figure 1.

(a) Only board visible. (b) Random set of pieces over the board.
Figure 1. Some dataset image samples of this work.

Almost 500 photos were taken but only 453 images
were kept in the dataset, because some images had defects
such as blurring and light noise.

Each image in the dataset was annotated by identifying
each chess piece according to its game class. As detailed in
Table 1, chess pieces were assigned the corresponding chess
class labels ranging from number 1 to 12, while the chess-
board itself was assigned the label “board”, corresponding
to class 0.

Chess has an irregular distribution over its pieces i.e.
there are more pieces of a class than another such as Pawns
and Rooks, that have 8 and 2 pieces each, respectively. To
prevent more classes appearing than another, some images
were taken with fewer pieces of some classes. The same was
done for the board, since for each chess game there is only
board for a bunch of pieces. As showing in Table 1 board
class exhibits one of the lowest frequency when compared to
the other classes.

Initially, images were annotated manually using CVAn-
notation Tool1 (CVAT). A better description of the structure
of piece and board annotation using keypoints is discussed
in Section 2.2.

The dataset was split into training and validation sets to
maintain a separate subset of images for evaluating model ac-
curacy. The original distribution consisted of 253 images for
training and 200 images for validation, totaling 453 images.
This separation ensures the validation process uses images
not seen during training.

1CVAT. Available in:
.

Table 1. Dataset distribution with data augmentation

No. Class Instances Augment 4× Total
0 Board 238 952 1,190
1 Black-Pawn 799 3,196 3,995
2 White-Pawn 818 3,272 4,090
3 Black-Rook 254 1,016 1,270
4 White-Rook 253 1,012 1,265
5 Black-Bishop 261 1,044 1,305
6 White-Bishop 253 1,012 1,265
7 Black-Knight 260 1,040 1,300
8 White-Knight 253 1,012 1,265
9 Black-Queen 142 568 710
10 White-Queen 142 568 710
11 Black-King 148 592 740
12 White-King 149 596 745

2.1.1 Image augmentation
Prior to model training, we increased the number and diver-
sity of training samples in the dataset by applying image aug-
mentation techniques using the open source library Albumen-
tations2. It provides a variety of algorithms to perform image
augmentation, an artificial image generation through the in-
troduction of new samples from the original image, which
works by applying a series of image processing and computer
graphics operations over an image [Buslaev et al., 2020].

This augmentation library transformation was applied
over all training images in the dataset three times, increasing
its size from 253 to 1012 training samples, including original
ones. To achieve this result, each original image sample on
the original dataset was iterated and a series of transforma-
tions was applied on the image.

As earlier discussed in this section, chessboard is a low-
populated class due to the nature of chess games. To in-
crease the number of chessboard occurrences in the dataset,
all training images containing only a chessboard were aug-
mented additionally. The original training dataset consisted
of 72 chessboard-only images, each augmented three times,
resulting in an expanded training set of 1,228 images. The
final augmented dataset comprised 1,428 images in total, dis-
tributed as 1,228 (85%) for training and 200 (15%) for vali-
dation.

The following transformations were applied during
data augmentation, each with a specified probability to pre-
vent uniform augmentation across all images: normalization
(100%), Gaussian blur (25%), Gaussian noise (20%), color
jitter (50%), defocus (15%), shear (100%), rotation (100%),
and scaling (40%). To ensure diversity, only one of the last
three geometric transforms (shear, rotation, or scaling) could
be applied to a single image at a time. Their probabilities
were weighted such that scaling was less likely (40%), while
shear and rotation shared equal probability (100% each).

The augmented image transformations described previ-
ously were applied to achieve diverse sample images. Nor-
malization ensures all pixel values are constrained within a
specific range.

A Gaussian blur transformation applies some kind of
smearing to image reducing high frequency signals, where

2Albumentations: fast and flexible image augmentations. Available in:
.
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