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Abstract: Batsmen are the backbone of any cricket team and their selection is very critical to the team’s success. A good batsman not only scores run but also provides stability to the team’s innings. The most important factor in selecting a batsman is their ability to score runs. It is a generally accepted notion that the future performance of a batsman can be predicted by observing and analyzing their past record. This hypothesis is based on the fact that a player’s batting average is generally considered to be a good indicator of their future performance. We proposed a data-driven probabilistic system for batsman performance prediction in the game of cricket. It captures the dependencies between the runs scored by a batsman in consecutive balls. The system is evaluated using a dataset extracted from the Cricinfo website. The system is based on a Hidden Markov model (HMM). HMM is used to generate the prediction model to foresee players’ upcoming performances. The first-order Markov chain assumes that the probability of a batsman scoring runs in the next ball is only dependent on how many runs he scored in the current ball. We use a data-driven approach to learn the parameters of the HMM from data. A probabilistic matrix is made that predicts what scores the batter can do on the upcoming balls. The results show that the system can accurately predict the runs scored by a batsman in a ball.
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1  Introduction

Cricket is a bat-and-ball game played on a cricket field between two teams of eleven players each. Each side tries to score as many runs as possible. The opponent team tries to dismiss the batsmen and thus limits the target score. If the game is tied at the end of regulation, ten-minute overtime is played. The team that scores the most runs in the overtime period is the winner. The batsman plays a significant role in making runs. The batsman’s primary role is to score runs. They do this by hitting the ball with their bat and running between the wickets. The batsman can also score runs by hitting the ball over the boundary for a six or a four. A batsman’s ability to score huge is determined by the player’s ability to hit the ball with precision. Many factors can affect a batsman’s performance, such as the quality of the opposition, the pitch conditions, the weather, etc. Batsmen are the backbone of any cricket team. They are the ones who score the runs and provide the team with the momentum it needs to win. A good batsman can single-handedly win a match for his team. That is why the selection of batsmen is very crucial. The selection purpose of the batter is to score the maximum runs. The batsman performance prediction is a supervised learning problem, where we are given the past performance data of batsmen, and we need to predict their future performance. So, it is important to consider all these factors when training the model. The target variable will be the runs scored by the batsman in the next ball.

Cricket batsman score prediction is a difficult task, as many factors can affect a batsman’s score. Although umpire biased decisions may completely change the results [1]. However, machine learning can be used to create a model that can predict a batsman’s score based on past data. This model can then be used to predict the score of a batsman in future matches. This prediction can be used to make strategic decisions, such as selecting a batsman for a particular match.

Researchers have majorly [2–7] focused on a match’s overall outcome. They have used different machine learning classifiers such as the Support vector machine [8,9], k-nearest neighbors’ algorithm (k-NN) [10], Decision tree [11], and Random Forest [12] and predicted the overall match performance in different ways. A Data Envelopment Analysis (DEA) model [13] was developed having batting-bowling parameters for estimating the cricket player’s efficiency. A genetic algorithm-based framework [14] was suggested for thirty players from the Bangladesh crew to choose the best squad. This research utilizes numerical investigation along with a genetic algorithm for selecting talented performers. Statistical techniques are applied for the evaluation and rating of the players. Bailey et al. [15] examined the current game and did not use the previous output of the past matches. They forecasted the first batting team’s score, and the prediction accuracy was 71%. They predicted the output of One Day International (ODI) cricket during the match using statistical models. Sparks et al. [16] used Machine learning to predict the winning prize for cricketers. He predicted the best man of the match by using the previous record. He used random forest, decision trees, KNN, and logistic regression to build the model. Muthuswamy et al. [17] examined the performance of the Indian team in various matches. He also examined the capability of bowlers against seven international teams. It also predicted the performance of bowlers and how many wickets they would take. Wickramasinghe [18] used a hierarchical linear model, to predict the performance of the batter. Barr et al. [19] used graphical representation along with the new measure of probability. This procedure is used for the selection of eligible batters in matches. Lyer et al. [20] divided the performance of batter into three orders, performer, moderate, and failure. Besides conventional contextual factors such as home ground and winning toss, strong motivation and financial aspects also play vital roles in individual performance [21]. Lemmer [22] in his study, analyzed the bowler’s performance by combining the bowling rate method. Three bowling factors; bowling average, strike rate, and economy were combined to get the desired result. Bhattacharjee et al. [23] used the collective bowling percentage of players to predict the player’s performance in the Indian Premier League (IPL). Using this research, other factors are checked which could affect the bowler’s performance, and to find those factors they used a multiple regression model which was responsible for the performance of the bowler. Bukiet et al. [24] used a mathematical method for batting orders in One Day International matches. Haghighat et al. [25] explained the mining system which is used in sports for prediction and also added the pros and cons of those systems. Mukharjee [26] used social network analysis to give rank to the batter and bowler. He used players’ performance and introduced weighted work. Shah [27] presented new measures to examine the performance of players and proved that the quality of players could affect the bowler’s performance. Parkash et al. [28] presented a batting rank index and a bowling rank index for player ranking. Using this information, the study predicted the results of IPL matches. Sankaranarayanan et al. [29] used six factors and their accuracy prediction was 68.1% to 70.3%. Lemmer [30] used one-day data for the T20 series and developed a ranking to find the performance of the player. Nimmagadda et al. [31] introduced a model by using statistical techniques for reliable outcomes. He applied these techniques to predict the T-20 matches. He applied multiple regression models. These techniques are used in matches to gain the correct outcome.

As most of the literature work is related to the prediction of which team will win, our research is exclusive and unique in predicting the batter’s performance. We predicted the batter’s ability to score runs based on his previous records. For this purpose, we have used Markov Model to analyze the data and predict the best possible selection of players for each game. The major goal of using this Markov model is to predict players’ performance based on their previous records. This suggested model aims to estimate how many runs a batter will score in the upcoming match. This paper is structured as follows. Section 2 describes the overall system design. This section explains briefly the methodology of our proposed system. This section also justifies the system mathematically. Section 3 shows the results of our proposed methodology and discusses outcomes. Finally, Section 4 is our conclusion.

2  System Design

Our system comprises of two modules. The data extraction module will extract the data. To extract our required data, we get access to the Cricinfo website and search for the required data. The score of each player is only available in commentary form as shown in Fig. 1. Selenium is a very good tool and is used at a large scale for data extraction from any website. It supports finding elements based on different strategies such as the element id, XPath expressions, or CSS selectors. This required data can be accessed through the scrappy library.
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Figure 1: Cricinfo player’s ball-by-ball data

From the full commentary page, we select the name and score attributes regarding every batter and send the request for full commentary link to the web browser and the browser gives an HTML response. We extract every batter’s data and store the run sequence.

To calculate the probability of observable events, the Markov chain model is much more suitable to use. In the real world, many of the events have hidden meanings that we cannot see directly. In natural language sentences, for instance, we look for the words and letters in a sentence instead of going through the syntax and semantics of the sentence. The occurrence of each event is statistically dependent on the leading one, which is called the Markov chain first order. Predicting the probability of a future state for the states Q = q1 … qn requires only the current observation; all past observations are irrelevant. This first-order Markov chain supposition is expressed in probabilistic terms Eq. (1).


p(qn|q1, …, qn−1)=p(qn|qn−1) 
(1)

To predict the probability of forthcoming observations, require previous observations. For this purpose, we use mth order Markov chain presupposition as shown in Eq. (2).


p(qn|qn−1, …, q1)=p(qn|qn−1, …, qn−m) 
(2)

To construct the combined probability distributions of a set of nth arbitrary random observations, we use Eq. (3) chain rule


p(Q)=p(q1, q2, …, qn)=p(q1)p(q2|q1)p(q3|q2, q1)… p(qn|qn−1, …, q1) =∏i=1n⁡p(qn|qn−1, …, q1) 
(3)

The calculation of combined probability is simplified if the random observation in Q is consecutive in character and follows the generic mth order Markov chain model as shown in Eq. (4).


p(Q)=∏i=1n⁡p(qn|qn−1, …, qn−m)
(4)

Based on the previous ball score, we projected the current ball score using the first-order Markov model as shown in Fig. 2. By using the second-order Markov model, we predicted the current ball score based on the last two ball scores.
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Figure 2: Summarizes the Markov assumptions for first and second-order Markov models

We apply the 1st and 2nd order Markov models on the score sequence to get the probability matrix. We generate two types of matrices first order and second order from the score sequence. Let the values are 0, 2, 0, 4, 1. In Fig. 3, the current ball score works horizontally and the last ball score work vertically which is given in the sequence like [(0, 2), (2, 0), (0, 4), (4, 1)]. Here (4, 1) 4 refers to the last ball score and 1 shows the current ball score Every index will be divided by total balls to get the probability matrix. The last index shows the dismissal of the wicket.
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Figure 3: Markov 1st order sequence and probabilistic matrix

The second-order matrix is generated with the last two balls’ scores as shown in Fig. 4. Let the values be 0, 0, 1, 2, 0, 1, 3, 6, 0, 4, 1 and then in the player sequence matrix, every index is divided by the total number of player sequences and generates the probability matrix. 2nd order matrix predictions are generated based on the probability matrix. We check the player’s sequences one by one with a probability matrix. If the probability will be high and accurate according to sequence then it will be considered accurate. In such predictions, we add randomness. Based on the probabilities, we create a random number and through this model, we acquire the predictions and replace them with a random number. To fill this gap, we use randomness probability. Because of the by-chance nature of the cricket game as no one knows what will happen in the next moment that’s why randomness method is used to remove loopholes.
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Figure 4: Markov 2nd order sequence and probabilistic matrix

Fig. 5 shows the overall system diagram.
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Figure 5: System design

3  Results and Discussion

We give the web address in the prediction file of a specific match and get the commentary of one match. According to the match commentary, we check the probability matrix of the batter and then get the accurate and wrong predictions. While predicting we read the first-order and second-order probability matrix files.

We will discuss Muhammad Rizwan and Babar Azam’s score prediction. We get the score sequences from the Cricinfo website. We developed the sequence matrix over the last three years. A sequence matrix is just like a counter that counts the scores of the previous ball score. For instance, if the last ball’s score is (2) which shows the row and the current ball is ‘1’ and ‘1’ shows the column. On the basis of the previous ball, we update it in the current index. We will repeat this step again and again until the score sequence does not end. On the basis of the sequence matrix, we generated a probability matrix and predict the accuracy through the probability matrix. Now we divide the total number of score sequences with every index of the sequence matrix to get the probability matrix which is given below in Tables 1 and 2.
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For 2nd order matrices, we predicted the current ball score on the basis of the previous two balls’ scores. Then we generated three year’s records of Muhammad Rizwan and Babar Azam. For this purpose, we first developed the sequence matrix of the last three years. On the basis of the sequence matrix, we generated a probability matrix and predicted the accuracy through probability matrices which is given below in Tables 3 and 4.
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The First-order and second-order prediction matrix is generated on the basis of a probability matrix, we check each player’s sequence one by one with the probability matrix, and analyze where the probability is high and accurate according to the sequence. It will be considered an accurate prediction if it is high and accurate. Otherwise, it will be considered an incorrect prediction. In the given Table 5 prediction of one match is done on the basis of the probability matrix. Here the accurate prediction is that we compare the batter’s score sequence with the probability matrix which is taken from the player’s score sequence. We check the score sequence of one number and compare it with a specific player’s probability matrix. According to the score sequence if the probability matrix is high the prediction will be considered accurate. According to the score sequence, if the probability matrix is low as compared to other indexes in a specific row, then the prediction will be considered wrong. Now to check the accurate prediction % and wrong prediction %, we find out the ratio between accurate prediction values and wrong prediction values and calculate the percentage between accurate and wrong results.
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4  Conclusion

Our research will expand the knowledge within the existing literature with the addition of new variables and results. Unique factors have been studied to produce outcomes that would help people play cricket at various levels. The results will allow teams to form strategies that give them a competitive advantage over their rivals. This research work can be used by policymakers before the start of the game to determine which batters are more accurate and skilled than the opposing player. The player’s performance for each match is essential for the success of the team. An exact prediction that how many runs will be scored by a batter in an upcoming ball is the main aim of team management. This research shows a way of the best selection of players on the basis of their performance and also the best selection procedure. Due to the shortage of data, some other factors which can affect players’ performance, for instance, weather and nature of the wicket, the performance of the opposing team, the crowd in the stadium, and the venue of the game, were not included in this study. This method will minimize biases in the player’s selection process while also assisting our cricket team to choose the best player from the squad.
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16.5 1w Playing with that off-side tramline again. Full, not quite a yorker, left alone, and it's called wide. Seemed to nip
away off the pitch and end up just outside the tramline

Bhuvneshwar to Rizwan, 1 run

16.4
. Full outside off, driven to long-off with a bottom-handed flourish

Harish: "Indians will be thinking: It had to end one day "

Bhuvneshwar to Rizwan, 1 wide

16.4
& Slower ball wide of off stump. Rizwan has a massive swing at it and misses, and this time it's adjudged wide
163 = Bhuvneshwar to Rizwan, no run
' Wide yorker, and Rizwan misses the reach-out-and-slash
162 1 Bhuvneshwar to Babar Azam, 1 run
Stays back to a length ball on off stump, clears his front leg, and flat-bats towards long-on
161 1 Bhuvneshwar to Rizwan, 1run

Shortish outside off, reaches out and slaps it towards sweeper cover, who's quite square

Bhuvneshwar back in the attack. Fine leg and short third in the circle.

DBSS : "On a positive note, India have 1 week to omit this match from their memories and start afresh. Just not their day. Have to
appreciate the exceptional cricket played by Pakistan today. "

Ashish: "@KK - nothing wicket taking in India's arsenal, seriously? | will attribute it to dew and good batting equally. The dew made its
presence in the powerplay itself. And the pak batters made good use of it. | will still give credit to Pakistan. Shaheen bowled well but
then fact is the ball was dry and there was a bit of swing and he placed it in good areas. His last over was a contradiction to his first
three. So two sides of the coin."
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Table 1: Muhammad Rizwan probabilistic matrix using 1°* order Markov
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Table 3: Muhammad Rizwan probabilistic matrix using 2nd order Markov
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Table 4: Babar Azam probabilistic matrix using 2"® order Markov
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Table 2: Babar Azam probabilistic matrix using 1™ order Markov
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Table 5: 1™ order prediction table on the basis of the probability matrix

Batters 15 order prediction 24 order prediction
P P

Accurate Wrong Accurate Wrong Accurate Wrong Accurate Wrong
prediction prediction prediction %  prediction % prediction prediction prediction %  prediction %

Kamunhukamwe 32 08 80 20 28 12 70 30
Taylor 5 2 71.428 28.871 6 1 85.714285 14.28
Marurnani 14 73.68 26.315 15 4 78.947368 21.05
Madhevere 9 5 64.28 35.714 9 5 64.285714 35.71
Burl 9 1 90 10 3 2 60 40
Chakabva 11 03 78.57 21.42 10 4 71.428571 28.57
Musakanda 6 03 66.66 33.33 7 3 70 30
Jongwe 6 75 25 5 3 62.5 37.5
Masakadza 1 100 0 1 0 100 0
Muzarabani 2 100 0 2 0 100 0
Ngarava 1 100 0 1 0 100 27
Rizwan 10 08 55.55 44.44 13 06 68.42 31.57
Babar Azam 27 18 60 40 33 12 73.33 26.66
Zaman 5 2 71 29 7 2 77.77 22.22
Hafeez 7 3 70 30 6 2 75 25
Danish Aziz 15 9 62.5 37.5 10 3 76.92 23.07
Asif Ali 3 2 60 40 2 1 66.66 33.33
Faheem 5 2 71.42 28.57 5 2 71.42 28.57
Haris Rauf 4 1 80 20 4 1 80 20
Usman Qadir 1 0 100 0 1 0 100 0
Arshad Igbal 1 0 100 0 1 0 100 0
Over_ All Batters 174 74 70.16 29.83 169 63 72.84 27.1
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