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ABSTRACT: This paper describes a robot system that can play the popular Mediterranean card game called Briscola. It
elaborates on the three main components needed for an operational platform. First, it describes several artificial intelligence
agents that can play the game using a combination of probabilities, heuristics and the min-max algorithm. Second, it
describes the computer vision component for card detection using both classical and deep learning approaches and finally,
it proposes a scheme for a robotic arm that can move the cards on the table.
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1. Introduction

Briscula is one of Italy’s most popular card games, played all around the Mediterranean (Italy, Spain, France, Greece, Slovenia,
Croatia). Despite that, the possibility of making an artificial intelligence player for the game is poorly researched, with no papers
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on the topic found. We propose a system that can not only play the game on a computer, but can actually play against human
players in the real world using a robotic arm. To do so, we developed three separate modules. First, we used a combination of
heuristics, card probabilities and min-max algorithm to plan agent’s moves. Second, we used computer vision (CV) algorithms
to determine which cards the AI agent has and which cards are being played by the (human) opponent. Finally, we proposed a
robotic arm that is capable of picking up a card from a predetermined spot using suction at the arm’s end.

1.1 Briscula - Rules Overview
The game is played with a special deck, containing 40 cards divided equally into 4 colors - Spade, Coppe, Bastoni, Denari [Figure
1]. One card is selected at random at the beginning of the game and is placed face up under the deck. Its color is called “Briscola”,
giving the game its name. In this paper we consider the 2-player variant of the game. Both players start with three cards. Every
turn both players play a card and at the end of the turn draw a card from the deck. After both players play their cards, the second
player wins if his card shares the color with the Briscola card or shares the color with the rst card and has greater strength, which
is based on the card number. The winning player gets points corresponding to the played cards value. After 20 rounds, whoever
gets more than 60 points wins (a 60-60 score results in a draw).

Figure 1. The 4 aces of Briscola

2. Playing the Game

First task was to develop an artificial agent that would be able to play the game in a virtual environment. Due to the lack of
external opponents, we developed several progressively stronger AI agents and matched them against each other to determine
their strengths. Final version was also matched against five human opponents to further evaluate its performance.

Mr. Random
The rst agent plays cards completely at random. While this strategy seems inadequate, it both provides a basic baseline, and
demonstrates an interesting property of the game: the game’s variance is so high, that even this agent wins more than 5% of the
games against the best agent (and significantly more against others), simply by having superior cards. High degree of chance,
explains why progressively better agents have diminishing returns in their win rate.

Mr. Greedy
This agent tries to maximizes the score after the current round. It opens the round with the lowest card, while taking with the
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strongest card, if possible, when second. While this provides the biggest boost in performance, its liberal spending of strongest
cards does not lead to optimal play.

Mr. Heuristics
Agent implements author’s expert knowledge using if-else rules. The wide set of rules includes holding strong cards until a
valuable card is played, trying to start each round second if possible (as seeing your opponent play lets you know how to best
respond) and being careful in which situations to open the round with a valuable card.

Mr. Probable
The use of heuristics can be amplified by predicting the likelihood of cards the opponent might be holding. Predicting that the
opponent has a strong card of one color, might lead the agent to open the round with another. This was done by weighting the
influence of each conflicting if-else rule, by the probability that it applies. The play was then determined by the “strongest” rule.

The prediction of card probabilities however, is not trivial. By counting the cards already played, we can determine cards left in
the deck and calculate the base probability that any of them is in the opponent’s hand, given his hand size. This probability can
be further modified by two factors. First, we can exclude some types of cards from their hand, given their past plays. This step
assumes that the opponent has an elementary knowledge of the game, and will play the obviously good play, given opportunity.
For each card in opponent’s hand, we track when was it drawn, and what plays were made since then. This allows us to predict
more precisely what kind of card it is. Second, cards of high strength or Briscula color tend to get “stuck” in player’s hand, as
players wait for a good opportunity to play them. This means that their likelihood of being in a hand is greater than the base
probability would suggest, especially in the later game. Their probability was weighted with an empirically determined weight,
that moved from 1 to 1.5 as the game progressed.

Mr. Calculator
To avoid the if-else behavior, an agent can try to calculate different game branches and then decide for one that most likely leads
to the desired outcome. There are two popular frameworks for this task: variants of the min-max algorithm and the Monte-Carlo
tree search. We decided to try the former and leave the latter for future work.

The base version of the min-max algorithm [8] works with perfect information and thus had to be adapted for this probabilistic
case. Instead of using the probabilistic variant of min-max, that would have a huge branching factor, we tried to transform the
problem into a perfect information one. Three cases were considered. 1.) In the last three rounds, all cards are drawn and thus we
have the case with perfect information. 2.) When only a few cards remain in the deck, we can do an exhaustive search of all
possible orders of cards in the deck and all subsets of cards that can be in the opponent’s hand, and do a simple min-max search
for each possibility, averaging the results. 3.) In remainder of the game we sampled 100 dierent hands the opponent could have
each round, with regards to the probability described in the previous subsection. For each of the possibilities the min-max
search is performed and the results were averaged. In all cases, the search depth was set to three rounds, as reliability of our
information on the opponent decreases with time. The heuristic used at the end nodes was simply the number of points
accumulated in those rounds.

This variant performed best of all described and matches expert human play. The contribution of each min-max use case was
individually assessed by replacing it with heuristics for that part of the game, and it was determined that all three parts
contribute to the game-play improvement.

3. Recognizing Cards

In order to be able to play the game in real-life, it is essential to detect cards on the table and cards that are picked up from the
deck. In this image recognition problem we assume that the card’s images are constant and that they are placed on a mostly
uniform background - table. The problem gets complicated due to the fact, that the card’s images can be very similar, they
frequently overlap in practical play and they can be sometimes covered by the opposing player’s hands. Here we present several
attempted approaches, ranging from the simplest to the beyond state-of-the art deep learning.

Removing Background
Since the cards are on the table and thus the surface color does not change much, we first tried to remove the back- ground color
from the image and detect cards left on the table. A predetermined threshold, based on the RGB values of pixels was used. This
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approach proved unreliable, as the subtle changes in lightning (lights in the room, clouds over the sun) could change the color
scheme enough for the threshold to fail to remove enough of the background.

Comparing Differences
Similarly, since most of the image is static (table, deck of cards) and the only changes are the two cards being placed on the table,
we looked at the history of images and tracked changes between them. Ideally, when a new card is placed on the table it should
be the only changed part of the image and could easily be detected. Once exact card position is known, any template matching
technique could be used to identify the card. The same approach could solve the overlapping cards problem, as they could be
identified one by one, as they are played. In reality however, this approach did not work either. Due to the camera noise, most of
the image was constantly changing. Second and bigger problem was that when a card was placed on the table, hands and their
shadows went over half of the table, changing pixel values in the image, complicating the use of this approach.

Edge Detection
Another attempt was to detect the edges of the objects on the table using Canny Edge detector [2]. To detect a card from the
edges we used Hough Line Transform [3] in order to detect straight lines that could later be combined into square shapes to form
cards. This improved the results significantly, however due to the camera noise and wood pattern of the table, the edges were
often miss-detected.

SIFT
SIFT [5] is a scale-and-rotation-invariant image-recognition algorithm, which means that the object in the image can be rotated
or scaled and the method should still be able to detect it. SIFT finds so called interesting points (features) in the image, these

Figure 2. Detecting Spade 4 card. Matching features from template image to camera view

are usually shapes of edges, stores all features from the sample images and then compares them with the features found in the
new images, as seen on Figure 2. By comparing features position, the algorithm can also determine the image position, rotation
and scale.

This algorithm proved to work much better than previously described methods. It’s detection rate was high, detecting even
partially obscured (overlapped) cards. However, it has two drawbacks. For each frame in the video (image) it has to compare
image (table) with 40 template cards. Depending on the resolution this can be very slow, ranging from 1 to 15 seconds. Sadly the
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accuracy is correlated with the size of the image, which means that for good predictions high resolution images need to be used,
which slows detection significantly. Second problem was distinguishing between lower “Denari” cards.

Deep Learning
In the last decade deep learning has become the dominant ML approach for multiple domains, with different deep learning
architectures achieving almost human level precision for problems regarding computer vision.

The standard approach is using several layers of convolution, which is similar to what SIFT does, and then combining several
fully connected layers in order to classify the features. This works ne for image classification, but is unable to detect objects on
the image. A naive approach would be to have a small sliding window that goes through the whole image and classifies every
part of it. This would be accurate, but extremely slow. Several approaches have been developed in order to tackle such problems:
YOLO [6], Faster R-CNN [7], SDD [4]. Mentioned papers all go through the image only once (working with 30-60 fps), but still
achieve comparable results to slower window CNN approach.

To test how well deep-learning approach works on our problem we implemented the YOLO architecture. Architecture consists
of roughly 120 layers of convolution, pooling, regularization and fully connected layers. The training started with pretrained
weights, obtained from VOC 2017 object detection. We manually labeled around 1000 card images, using the VOC format, and
then trained the network for 3 days on NVIDIA’s GeForce GTX 1080 graphic card. The trained network performed relatively fast,
achieving around 15 fps, which is more than enough for real time detection. Detection accuracy was high when there were only
1 or 2 non-overlapping cards on the table [Figure 3], however it had problems with overlapped card. After investigating, we
found out that since the network is trained with bounding boxes that are always aligned with the x and y axis, if the card is tilted
at an angle, only half of it will be in the bounding box. Therefore the network is unable to learn to tightly detect a card and when
they overlap the overall error is smaller if it just combines the two cards into one bounding box.

Figure 3. Detecting cards with YOLO is fast and reliable if objects do not overlap

To solve this problem we started working on a modified architecture that in addition to bounding box also predicts the angle at
which the bounding box is rotated. The initial results on generated data (photos of cards stitched on top of different backgrounds)
show promising results, where for most of the single cards in the image the network correctly predicts the rotation of the
bounding box. The network works a bit worse where there are two overlapping cards but still manages to recognize a large
percentage of images. We believe that with some more time, larger set of training images, tweaks and optimization of the
architecture we could achieve close to 100% accuracy for the detection using this new architecture.
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3.1 Robotic Arm and Cameras
The last step in bringing the agent to the real world is the presence of sensors and actuators. This component is composed of
two cameras and a simple robotic arm. The robotic arm has 4 Degrees of Freedom created by 4 servo motors, that are controlled
by Wemos D1 mini board. The board acts as a web client, receiving the commands from the main server and executing movement
(controlling servo motors) actions. At the end of the arm there is a suction pump for lifting and dropping the cards. All
movements are predetermined and described with sets of motor’s rotation degrees. Two movement patterns exist: drawing a card
and placing it on one of the three predetermined spots and picking the card from one of the three spots and dropping it at the
center of the table.

The system also has two cameras, first one to overlook the table - tasked with detecting the cards played by the opponent. The
second one is behind the arm, turned from the floor up. Before dropping a card on the table, arm is rotated so the card is over the

Figure 4. Server controls the robot arm. There are two cameras to oversee the table and picked up cards from the deck

R G H P C

R - 26 13 14 6

G 74 - 21 18 15

H 87 79 - 42 34

P 86 82 58 - 40

C 94 85 66 60 -

Table 1. Win percentage (%) of row agent against the column agent. Agents: Mr. Random (R), Mr. Greedy (G), Mr. Heuristic
(H), Mr. Probable (P), Mr. Calculator(C)

second camera and can be identified. The system is schematically presented in Figure 4 and its first prototype is recorded and
can be seen on the web [1].

The main logic for controlling the arm and taking actions is on the server, coupled with CV model and AI in order to take
appropriate actions.

4. Results
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We started by assessing the comparative strength of the different AI variants. Each played 1000 games against each other of
variance in the games, as even random agent got surprisingly many wins and the best agent Mr. Calculator is achieving only
66% win rate against simple ones. In repeated experiments we noted, that win rate fluctuates ± 2% between runs.

Next we compared the play strength against 10 human opponents of different skill levels. Each played 10 games against Mr.
Calculator. Results are listed in Table 2 and show an average 69% win rate of the AI against the human opponents. Volunteers
that played, commented that the skill level of the agent is quite high, with some room for improvement in regards to increasing
the agent’s risk aversion. While the sample size is too small for definitive conclusions, we can assume that the agent is at least
on par with average human players of the game.

1 2 3 4 5 6 7 8 9 10 avg.

80 90 80 90 85 70 60 60 25 50 69

Table 2. Win percentage (%) of Mr. Calculator against 10 human opponents of roughly increasing strength

To test the CV component we recorded several human games from the same angle as the final system uses. We then manually
compared the cards predicted by the CV with the actual ones. The best two approaches were SIFT and YOLO algorithms. The
first worked awlessly in all cases, except differentiating some of the Denari cards. The second could awlessly recognize all cards,
when they were not overlapped. Overlapped cards had roughly 50% accuracy. In the end we decided to use the SIFT algorithm
for our rst system prototype, since second player usually overlaps the first card.

5. Conclusion

In this work we described three dierent components (from different computer science fields) of a system that is able to play the
Briscola card game against the human opponent in a real-life setting. For each component we individually tried different
approaches, creating a strong AI agent and a serviceable CV and robotic component. While the current version should be able
to reliably play the game, all components still have room for improvement - we plan to test the Monte-Carlo search tree and
improve the deep learning architecture. We hope that we will be able to successfully present a live demonstration at the paper’s
presentation.

References

[1] Robot prototype. https://dis.ijs.si/wpcontent/uploads/2018/10/briscola/briscola AI.mp4, 2018.

[2] Canny. J. (1986). A computational approach to edge detection. IEEE Transactions on Pattern Analysis and Machine
Intelligence, (6) 679-698.

[3] Hough, P. V. Method and means for recognizing complex patterns. 18 1962. US Patent 3,069,654. (December).

[4] Liu, W., Anguelov, D., Erhan, D., Szegedy, C., Reed, S., Fu, C.-Y., Berg, A. C. (2016). Ssd: Single shot multibox detector. In:
European Conference on Computer Vision, p. 21-37. Springer.

[5] Lowe, D. G. (1999). Object recognition from local scale-invariant features. In Computer vision, 1999. The proceedings of the
seventh IEEE International Conference on, volume 2, p. 1150-1157. IEEE.

[6] Redmon, J., Divvala, S., Girshick, R., Farhadi, A. (2016). You only look once: Unified, real-time object detection. In: Proceedings
of the IEEE Conference on Computer Vision and Pattern Recognition, p. 779-788.

[7] Ren, S., He, K., Girshick, R., Sun, J. (2015). Faster r-cnn: Towards real-time object detection with region proposal networks. In
Advances in Neural Information Processing Systems, p. 91-99.

[8] Russell, S. J., Norvig, P. (2016). Articial intelligence: a modern approach. Malaysia; Pearson Education Limited.



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /All
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


