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Abstract:

Traditional cricket analytics prioritize player statistics and game strategies, often overlooking key environmental factors such
as temperature, humidity, wind speed, and air pressure, which significantly impact match dynamics. In order to examine
historical T20 match data under various meteorological circumstances, this study integrates Deep Learning and Al-driven
methods. Real meteorological data, such as height, rainfall, and dew point, was combined with match statistics to produce an
extensive dataset. Advanced machine learning algorithms evaluated how these parameters affected match results, team
performance, and individual efficiency. Important things like how wind speed affects swing bowling, how dew affects batting
in the second innings, and how humidity affects player endurance were revealed. Our findings demonstrate that incorporating
environmental data significantly enhances the accuracy of match outcome predictions and tactical decision-making. This study
lays the groundwork for Al-powered, real-time weather-based cricket decision-making by offering insightful information for
pitch reports, team tactics, and in-game projections. These discoveries have the potential to transform sports analytics, which
would be advantageous to cricket governing bodies, teams, and analysts.

Index Terms: Cricket Match Trends, Environmental Conditions, Machine Learning, Artificial Intelligence, Sports Analytics,
Predictive Modeling.

Introduction:

One of the most exciting outdoor sports is cricket, where player performance and match results are greatly influenced by the
playing circumstances. Environmental parameters including as temperature, humidity, wind speed, and air pressure have not
received enough attention, despite the extensive analysis of pitch conditions, team strengths, and strategy. These
environmental factors influence key match components such as ball movement, batting effectiveness, player stamina, and the
accuracy of rain-affected match calculations like DLS (Duckworth-Lewis-Stern). However, there is a significant research gap in
cricket analytics as it currently mostly uses conventional statistical techniques rather than Al-driven environmental modeling.

Limited research has systematically incorporated environmental variables into machine learning-based cricket performance
analysis, leaving a significant gap in Al-driven sports modeling. The main research needs are as follows: Inadequate use of Al
and deep learning to environmental effect studies in cricket. In spite of differing match structures, generalized models do not
distinguish across formats (T20, ODI, and Test). There is a lack of integration between meteorological datasets and cricket
performance measures. Predictive algorithms that evaluate how in-game weather decisions (such as bowling first versus
second in humid circumstances) are affected in real-time are lacking.

In order to examine the influence of past weather conditions on cricket match results, this study suggests a deep learning-
based methodology. Developing an Al-powered model that forecasts how weather conditions will affect team and player
performance is one of the main accomplishments. Investigating format-specific patterns, especially in T20 cricket, where game
changes quickly, and figuring out environmental elements that have a big impact on match-winning odds. Giving analysts,
coaches, and captains data-driven insights to help them adjust their plans in light of anticipated weather impacts.

Literature Review:

Numerous research has investigated machine learning-based cricket analytics, mostly concentrating on score prediction, team
selection, and individual performance analysis. Ridge Regression, XGBoost, and Naive Bayes are examples of traditional
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machine learning models that have been used to predict player value, match outcomes, and winning percentages. Deep
learning models for improved forecasting accuracy are not used in most research, despite some attempts to integrate IoT-
based meteorological data for cricket strategy enhancement. Key findings from previous research: Research studies utilizing
XGBoost and Random Forest have demonstrated improved accuracy in forecasting T20 match outcomes [1]. Research studies
utilizing XGBoost and Random Forest have demonstrated improved accuracy in forecasting T20 match outcomes [2]. Score
predicting has been done with reasonable accuracy using Naive Bayes and Gradient Boosting [3]. Weather and IoT data have
been examined for tactical enhancements, but Al-driven insights are absent from the models [9]. Player valuation models,
particularly in IPL auctions, have been enhanced using machine learning approaches like Ridge Regression and XGBoost [10].
Identified Research Gaps in Existing Studies: Restricted Use of Deep Learning: The majority of research uses conventional
machine learning models, which are unable to account for intricate non-linear correlations between match results and
environmental factors [3]. The majority of research uses conventional machine learning models, which are unable to account
for intricate non-linear correlations between match results and environmental factors [6]. Absence of Integration of
Environmental Factors: Although some research has examined the influence of weather, multi-variable impact analysis has not
used deep learning [9]. Lack of Generalized Cricket Analysis: While some studies examine financial factors like player value
without taking format-specific variances into account, many articles only concentrate on T20 matches [2]. Absence of Real-
Time Performance Data: While previous research has relied on past patterns, it omits real match circumstances for in-game
decision-making [5].

How Our Research Fills These Gaps: Environmental Impact Analysis Driven by Deep Learning in order to evaluate the multi-
variable environmental effect on T20 cricket, our work combines CNN and LSTM models, increasing accuracy above
conventional ML techniques. Hybrid Al Model for Optimizing Cricket Strategies: Our study improves match prediction models
with more generalizability across circumstances by integrating real-world weather elements with past match data. Creation of
an Al-Powered Decision Assistance Platform: Our technology, in contrast to earlier research, attempts to offer tactical
alterations in real-time, enabling analysts and captains to make dynamic match decisions based on Al-driven weather
monitoring. Beyond Win Prediction: Perspectives on Individual Player Performance by examining the effects of weather on
individual player performances, we go beyond simple match outcome predictions, making our research relevant to team
selection, fantasy leagues, and auctions.

Table 1: Summary of Existing Research Papers

Sr.No | Research Paper Authors Algorithms Datasets Result Research Gap
Cricket Performance Machine Player and | Lacks
Analysis  System  Using | Mishra et al. . Cricket Match | match environmental
1 . . Learning (e
Machine Learning | (2024) Data condition factor
) Models . i .
Techniques analysis integration
Analysis and  Winning . Winning .
2 Prediction in T20 Cricket Priya et al. ML Models T20 Match prediction Limited to T20
: . . (2022) Data format
Using Machine Learning accuracy
Comparative Analysis Of
3 Machine Learning | Vestly et al. | Naive Bayes, | Cricket Score Eg?j:ce%a os l[(; aacr];sin deep
Algorithm  for  Score | (2023) ML Models Data yes g
- model integration
Prediction
4 Performance of the Indian | Tharoor et al. | Statistical Test Match i’reernfgl;mance No  ML-based
Cricket Team in Test Cricket | (2022) Analysis Data . predictions
analysis
Relative  Analysis  and
5 Performance of Machine | Ishwarya et al. | ML Sports Data Comparison of | No specific
Learning Approaches in | (2021) Approaches p ML techniques | focus on cricket
Sports
Cricket Team Selection and ) - Lacks real-time
, . Raajesh et al . Optimized
6 Player Analysis Using Data Data Analytics | Player Data . performance
. (2024) team selection
Analytics data
© 2025,IRJET | ImpactFactorvalue:8.315 | 1S09001:2008 Certified Journal | Page 1155




’,/ International Research Journal of Engineering and Technology (IRJET)  e-ISSN: 2395-0056

JET Volume: 12 Issue: 03 | Mar 2025 www.irjet.net p-ISSN: 2395-0072
Analyzing and Predicting Player Si?;ilf:l for Lacks match
7 the Performance of Players | T etal. (2024) | ML Models Performance gecision- condition
Using Machine Learning Data - impact analysis
making
Score Does not factor
8 Utilizing ML for Sport Data | Suguna et al. ML Models Cricket Match | prediction & | in
Analytics in Cricket (2023) Data player environmental
categorization | conditions
. Weather
[oT  -Weather Integra}tlon Ranganathan Gradient IoT & Weather | impact Lacks. deep
9 for Enhanced Cricket : : learning
. etal. (2024) Boosting Data analysis on | . .
Tactics ; implementation
strategies
Predicting IPL Player Value XGBoost, Player value & | Limited to
10 and Score Using XGBoost & | M etal. (2023) | Ridge IPL Data score financial
Ridge Regression Regression prediction analysis
Methodology:

4.1 Theoretical Analysis:

This study is based on two fundamental theoretical ideas: Artificial Intelligence-Powered Sports Analytics: Modeling individual
and team performance with machine learning and deep learning. Environmental Impact on Cricket: Researching how
meteorological factors, such as temperature, humidity, and air pressure, affect the course of matches. Our work creates a more
data-driven, predictive strategy by combining meteorological data with Al-based performance evaluation, whereas standard
cricket analytics depend on historical statistics.

4.2 Software & Tools Used:

Matplotlib, Seaborn - Data visualization; Pandas and NumPy were utilized for efficient data processing, including structuring
datasets, handling missing values, and feature transformation. Scikit-learn: baseline machine learning models for comparison.

OpenWeather API: Integration of historical weather data; TensorFlow, Keras: Deep learning implementation (CNN, LSTM).
Jupyter Notebook, which enables modular experimentation, model training, and visualization, is used to implement the whole
study.

4.3 Preparation of Datasets

Data from past T20 matches was gathered, including individual and team statistics. Weather data (temperature, humidity,
wind speed, etc.) were combined with it. Feature engineering was used to extract valuable information.

4.4 Model Execution

Baseline Models: XGBoost and Random Forest for comparison. CNN models were employed to capture intricate patterns in
structured cricket and meteorological datasets, enabling more precise predictive modeling. Analyze the successive effects of
weather on innings progression using LSTM. Evaluation metrics include F1-score, RMSE, and accuracy.

The proposed Al-driven cricket analytics architecture is illustrated in Figure X. This framework integrates historical cricket
match data and environmental conditions, processes the data through deep learning models (CNN, LSTM), and generates
predictive insights on match trends.
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Figure X: Al-Based Cricket Analytics Architecture

This diagram represents the workflow of our Al-driven model integrating environmental data for cricket
performance analysis.

4.5 This study integrates weather, artificial intelligence, and sports analytics into a single framework that:
Examines the multifaceted environmental impact on cricket performance; Produces forecasted insights on match tactics.

Enhances captains’, analysts', and teams' decision-making. Hybrid Al Framework: Combines weather impact analysis with
match history data. Integration of Deep Learning: CNN and LSTM outperform conventional ML models in terms of prediction.
The multi-variable analysis simultaneously assesses temperature, humidity, air pressure, wind speed, and dew point. Due of
the time-sensitive nature of the game, this analysis only looks at T20 matches.

Results & Discussion:

Our research reveals a substantial relationship between match results and environmental variables. Among the important
findings are:

The advantage of the second inning and dew point:

1) Statistical analysis revealed that teams batting second in matches with significant dew accumulation (dew point > 20°C)
exhibited a 15% increase in average run rate.
2) Pitches with more moisture had less swing movement, which favoured batters.
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Humidity and Performance in Bowling:

1) Because of the enhanced ball movement in humid circumstances (> 70% humidity), swing bowlers fared 22% better.
2) Because of the dry conditions, spin bowlers were able to reach greater dot ball percentages.

Wind Speed and Quick Bowling:

1) More wides and no-balls resulted from ball deviations induced by wind speeds more than 20 km/h.
2) Optimal wind conditions (10-15 km/h) contributed to enhanced fast bowling speeds, as observed in our model's
performance analysis.

Rainfall's Effect on DLS:

1) There was a bias in rain-affected games, as teams pursuing a DLS-adjusted aim had a 63% victory percentage.
2) Because to the loss of momentum, rain interruptions resulted in reduced striking rates.

We evaluated the performance of our deep learning-based prediction model with that of conventional machine learning
models in order to assess it.

Model Accuracy (%) RMSE F1-Score
Logistic Regression 68.5% 14.2 0.71
Random Forest 74.3% 12.8 0.76
XGBoost 78.1% 11.5 0.79
CNN (Our Model) 85.4% 9.3 0.86
LSTM (Our Model) 88.2% 8.6 0.89

Table 1 presents the comparative analysis of various machine learning models, where our proposed LSTM model
outperformed traditional approaches with an accuracy of 88.2%

Using multi-variable environmental data improves the generalization of deep learning models, as the findings show.

1. Random Forest and logistic regression have trouble managing non-linear relationships, which hindered their ability to
analyze environmental influences.

2. Although it lacked sequential pattern recognition, XGBoost performed better.

3. By capturing spatial relationships in data, CNN enhanced forecasts.

4. The ability to handle time-series patterns made LSTM perfect for simulating the course of matches.

Win Percentage Based on Dew Point

As the dew point rises, the graph below illustrates how the victory percentage for second-inning teams increases.
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Impact of Dew on Second Innings Win Probability
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Impact of Dew Point on Win Probability
Considering the Dew Factor When Making Toss Decisions.

1) Insituations with high dew conditions, teams should choose to chase.
2) Batters subsequently gain from bowling initially in situations of heavy dew because it lessens swing action.

Weather-Based Team Selection

1) Inheavy humidity, swing bowling effectiveness is increased by choosing more pacers.
2) For improved control, spin bowlers should be given priority in dry weather.

Adjusting DLS Calculations

1) DLS targets could become more equitable with Al-driven real-time changes.
Enhanced Player Performance Prediction

1) Alis able to predict how the weather will affect individual players before a game.

Conclusion:

This study offers a brand-new Al-powered framework that improves cricket match predictions by combining environmental
data and deep learning. Our method incorporates meteorological elements including temperature, humidity, wind speed, dew

point, and air pressure, in contrast to standard models that only use player data and past performance. The study provides
important insights:

1) Teams who bat second benefit from dew conditions, which greatly raises their chances of winning.
2) Spin bowling does well in dry circumstances, whereas swing bowlers do better in humid ones.
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3) The efficacy of quick bowling is influenced by wind speed, which also affects ball speed and seam movement.

4) DLS modifications in rain-affected games lead to bias in favor of pursuing teams.

5) With up to 88.2% accuracy in match outcome prediction, deep learning models (LSTM, CNN) perform better than
conventional machine learning models.

Future Scope:

1. Real-Time API Integration for Live Predictions Future models can integrate live weather APIs to dynamically adjust
strategies based on real-time conditions.

2. Al-based toss and team selection recommendations can be automated.

3. Expansion Beyond T20 Cricket Due to data constraints, current analysis is limited to T20 format; future research can
generalize findings across ODI and Test matches for a broader impact.

4. Player-Specific Impact Models Al models can be refined to predict individual player performances under varying
weather conditions; personalized insights can aid in fantasy league predictions and team auctions.

5. Al-Powered DLS Adjustments Current DLS targets can be biased in games affected by rain. An Al-driven adjustment

system could make more equitable.

Environment-related stress affects player concentration and fatigue.

7. Future models can evaluate players' endurance in harsh environments by incorporating psychological and biometric
analysis.

o

A potential extension of this study involves integrating real-time API-based weather data to make live match predictions.
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