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I

Abstract

The objectives of this thesis were to develop a machine learning tool-chain and to in-
vestigate the relationship between heart rate and trigger squeeze and shooting accuracy
when firing a handgun in a simulated environment. There are several aspects that af-
fects the accuracy of a shooter. To accelerate the learning process and to complement
the instructors, different sensors can be used by the shooter. By extracting sensor data
and presenting this to the shooter in real-time the rate of improvement can potentially
be accelerated.

An experiment which replicated precision shooting was conducted at SAAB AB using
their GC-IDT simulator. 14 participants with experience ranging from zero to over 30
years participated. The participants were randomly divided into two groups where one
group started the experiment with a heart rate of at least 150 beats per minute. The
iTouchGlove 2.3 was used to measure trigger squeeze and Polar H10 heart rate belt was
used to measure heart rate. Random forest regression was then used to predict accuracy
on the data collected from the experiment.

A machine learning tool-chain was successfully developed to process raw sensor data
which was then used by a random forest regression algorithm to form a prediction. This
thesis provides insights and guidance for further experimental explorations of handgun
exercises and shooting performance.

Keywords:
Machine Learning - Random Forest - Pre-processing - Tool-chain - Precision shooting
- Simulated environment - GC-IDT



II

Sammanfattning

Målen med rapporten var att utveckla en maskininlärnings verktygskedja och att un-
dersöka förhållandet mellan puls, kraft på avtryckaren och träffsäkerhet hos en skytt vid
avfyrning av en pistol i en simulerad miljö. Det finns många faktorer som påverkar
träffsäkerheten hos en skytt. För att effektivisera inlärningsprocessen och komple-
mentera skytteinstruktörer, kan sensorer användas av skytten. Genom att extrahera data
från sensorer och visa den i realtid kan inlärningsprocessen potentiellt accelereras.

Ett experiment som återskapade precisionsskytte genomfördes hos SAAB AB där en
GC-IDT simulator användes. 14 deltagare, med erfarenhet som sträckte sig från ingen
till över 30 års erfarenhet, deltog i experimentet. Deltagarna blev slumpmässigt inde-
lade i två grupper där den ena gruppen genomförde experimentet med puls över 150.
En iTouchGlove 2.3 användes för att mäta kraften utövad på avtryckaren och en Polar
H10 pulssensor med tillhörande bälte användes för att mäta pulsen. Random Forest re-
gression användes sedan för att prediktera träffsäkerheten från den data som samlats in
från experimentet.

En maskininlärnings verktygskedja utvecklades med framgång för att behandla sensor-
data som sedan användes av en random forest regressions algoritm för skapa en predik-
tion. Rapporten bidrar med insikter och vägledning inför vidare forskning inom skytte
med handeldvapen samt skytteprestanda hos skyttar.

Nyckelord:
Maskininlärning - Random Forest - Databehandling - Verktygskedja - Precisionsskytte
- Simulerad miljö - GC-IDT
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1 Introduction

Marksmanship is a complex task with many factors affecting the performance of a
shooter. Numerous studies have been done trying to identify which factors impact a
shooter’s performance. Heart rate is one of the factors which affects stability and the
breathing pattern of a shooter. Ortega and Wang (2018) conducted an experiment where
they investigated the performance of shooters by looking at changes to the heart rate
and concluded that heart rate is strongly correlated to the score of the shooter. Further-
more, trigger squeeze is another important factor when shooting. If the trigger is not
squeezed properly the firearm will be misaligned with the target when discharging the
firearm (United States Army, 2008). Something that affects both heart rate and trig-
ger squeeze is physical activity. Jaworski, Jensen, Niederberger, Congalton, and Kelly
(2015) investigated the relationship between physical activity and shooting score.

Heart rate and trigger squeeze are a few factors someone practising marksmanship must
master, and an instructor can aid the shooter by giving feedback on the performance.
Instructors often have to assist multiple shooters simultaneously and to satisfy everyone,
each shooter is provided a small amount of feedback. A way of assisting the learning
process of a shooter and complement the presence of an instructor is to add sensors to
measure different factors while shooting. By analyzing the information provided from
the sensors statistical analysis can be used as a powerful tool. To automate this process
machine learning can be used to efficiently find patterns in the data. Studies done with
machine learning as a way of finding shooting patterns and identifying impactful factors
based on a set of independent variables have been made (Brown & Mitchell, 2017;
Maier, Meister, Trösch, & Wehrlin, 2018).

What differentiates this work from the previously mentioned studies is that we aim
to find out what impact heart rate and trigger squeeze has on shooting accuracy in a
precision shooting setting. An experiment in a simulator was conducted where the par-
ticipants were equipped with a pressure sensor and heart rate belt. In several studies
experiments in simulators have been done (Karlsson, 2017; Wang, Lin, & Hou, 2015).
Wang et al. (2015) showed that simulation-based marksmanship training can accurately
evaluate a shooters performance and learning behaviours which can lead to improved
learning outcomes. The results and insights from this thesis can be used as a basis
for further studies on automated decision support for firearms training instructors and
trainees. We present a complete machine learning tool-chain from the gathering of data
from sensors to accuracy prediction made by a machine learning model.
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2 Background

Machine learning is a scientific discipline which focuses on how computers learn from
data and stems from the mathematical field of statistics (Deo, 2015). Machine learning
uses algorithms to identify patterns in data and make predictions and can continuously
improve when introduced to new data (Molnar, 2019). There is a variety of problems
where machine learning can be used as a solution. In medicine, for example, a group
of researchers may try to investigate if a set of symptoms can be linked to a specific
disease (Flach, 2012). Spam filtering is another application of machine learning. To
flag a message as spam, Knowledge Engineering (KE) is a general approach, but when
applying KE, however, a set of keywords must be created and regularly needs to be up-
dated (Tretyakov, 2004). An option to KE is machine learning where a set of keywords
not necessarily have to be created but instead a model could learn from previous la-
belled messages and make a prediction, spam or not, when introduced to a new message
(Tretyakov, 2004).

Machine learning is applicable in a wide range of scientific fields and an example of
this is sport analytics, which several studies show. Yates and Holt (1983) conducted
an experiment investigating basketball jump shooting where the goal was to find out
what factors account for the variance in accuracy at both ten and 20 feet away from the
basket and if the accounting factors were the same at each distance. By using multiple
linear regression Yates and Holt (1983) were able to conclude that five of the indepen-
dent variables accounted for a substantial (> 90) percentage of the variance. Johansson,
Konig, Brattberg, Dahlbom, and Riveiro (2016) used random forest models to identify
what separates skilled golfers from poor ones. Miljković, Gajić, Kovačević, and Kon-
jović (2010) used naive Bayes method to predict the outcome of National Basketball
Association (NBA) games. There have also been multiple studies done in the area of
sports this work intends to focus on, namely competitive shooting.

In competitive shooting there are several disciplines such as trap-, bench rest-, practical-,
and precision shooting. In the different disciplines handguns, rifles, action air, and shot-
guns are used (The Firearms Industry Trade Association, 2019). In precision shooting
the shooter stands at a distance of 25 meters from the target, using their dominant hand
to grip the handgun. Each series consists of five shots which must be shot within a five-
minute time limit. In different kinds of competitions, the number of rounds can vary
from four to ten. The targets are international targets with point grading on them where
bulls-eye is worth ten points (Swedish Pistol Shooting Association, 2017), see appendix
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B for international target. There are numerous factors that affect shooting performance.
To shoot properly, the shooter must have a correct posture, trigger squeeze, breathing
control, handgun control and sight alignment. These are all examples of key components
that need to be correct for the best performance (Chung et al., 2011). In a study made
by Ball, Best, and Wrigley (2003) the authors studied the relationships between body
sway, aimpoint fluctuation and performance in a simulated rifle shooting competition
scenario. Konttinen, Lyytinen, and Viitasalo (1998) investigated sharpshooters’ strate-
gies to control their rifle stability during the aiming period and Evans, Scoville, Ito, and
Mello (2003) examined the effect of upper extremity muscle fatigue on shooting perfor-
mance. Chung et al. (2011) explains the phases a shooter learning marksmanship goes
through, it is divided into three phases; the initial phase, the practice phase and finally,
the automaticity phase. If it is possible to aid an instructor using sensors equipped by the
shooter to register and give instant feedback based on the sensor readings, this would be
able to accelerate the initial phase and decrease the need for an instructor to supervise
each individual shooter.

In a study made by Plotskaya and Zakharova (2015) the use of a shooting simulator sys-
tem called SCATT was investigated to see if the tutoring of marksmanship for beginners
could be facilitated. In the study twelve young biathletes with three to five years of ex-
perience trained three times a week using the SCATT-simulator. The study showed that
the trainees improved their average aiming trajectory over the course of the study. The
authors also concluded that the aiming trajectory was individual and very dependent on
the trainee’s fatigue degree.

Brown and Mitchell (2017) evaluated new stability measures from aiming data gathered
in a simulator made by Fabrique National. The measured parameters were horizontal
stability, vertical stability, overall stability, and trigger control. The experiment had 16
participants who all were active duty soldiers in the range of 19 to 31 years old. The
participants shot from three different positions; prone, kneeling, and standing from 75
meters away. 25 shots were fired from each position and the participants completed the
task both in a rested state and a fatigued state. Brown and Mitchell (2017) concluded
that horizontal stability and trigger control best predicted precision and accounted for
80% of the variance, and that fatigue had a large impact on trigger control.

Furthermore, Deng, Liu, and Hsieh (2011) investigated the correlation between human
factors and the accuracy when shooting a T-75 assault pistol. In the study eleven shoot-
ers fired 30 rounds each. The authors measured the force with which the shooter pulls
the pistol trigger using the index finger, the force with which the shooter grips the pis-
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tol in the left palm and the force with which the shooter grips the pistol in the right
palm. Performance evaluation was measured as the score of the shot impact point, the
angle between the shot impact point and the horizontal line on the target as well as
the distance between the shot impact point and the bulls-eye. The data was measured
with a glove force sensor system and when the data had been gathered three machine
learning models were applied to the data. The models used were Least Squares Support
Vector Machine (LS-SVM), Back-Propagation Neural Network (BPNN) and Response
Surface Methodology (RSM). The study concluded that the force of the shooters right
index finger abdomen when pulling the trigger and the force of the shooters left palm
for gripping the weapon greatly affect the shooting performance (Deng et al., 2011).

3 Aim and Scope

The aim of this thesis is to contribute to the development of a decision support frame-
work for handgun target practice. The objectives are to develop a machine learning tool-
chain and data collection tool for handgun precision shooting exercises and to evaluate
the feasibility of the approach by performing a small scale human-subject experiment.
The experiment is designed to investigate the impact of physical activity on shooting
performance. From the aim the following research question is formed:

- What is the impact of physical activity on precision shooting accuracy?

4 Method

Creswell (2014) defines quantitative research as an approach for testing objective theo-
ries by examining the relationship among variables. The variables can be gathered from
sensors to be analyzed using statistics. We will collect our data from an experiment and
aim to find relationships between the independent and the dependent variable with the
aim to find a causal relation, the approach taken in this thesis is therefore quantitative.
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4.1 Experiment

The experiment conducted in this thesis replicated precision shooting with the standard-
ized distance from the target, time limit, and the amount of shots within the given time
limit. The motivation for this is that future work should be able to replicate or draw
conclusions from the already standardized conditions.

The participants fired five sets of five rounds each 25 meters away from the target in
a Ground Combat Indoor Trainer (GC-IDT) simulator. Using their dominant hand, the
participants were given five minutes to fire the five shots. The participants were ran-
domly divided into two groups, one control group, A, which did not undergo any phys-
ical stress except for the natural stress from being a participant in an experiment. The
other group, B, rode an exercise bike until their heart rate reached 150 beats per minute.

The participants in the experiment were handed out the experiment instructions to sign
and give their consent to participate, see Appendix A. The information that was saved
for each participant were their skill level, age, and gender. The participants could not
have any medical problems (e.g. heart related issues) to ensure that no one would be
distressed during or after the experiment.

4.2 Measurements and Equipment

Figure 1. Visualization of the differences between precision and accuracy, adapted from

(Brown & Mitchell, 2017, p. 2)

This experiment measured accuracy, which is the dependent variable, as opposed to
precision. Precision is how well the shots are grouped together, no matter how far from
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origin (centre of the target) they are, whereas accuracy is directly measured in how far
each shot is from origin, see figure 1.

The experiment measured accuracy as the Distance from Centre Mass (DCM) for the
current Shot Group (SG). The formulae for calculating the accuracy was the following:

DCMSG =
√
(x)2 +(y)2 (1)

Where the mean of x (x) and the mean of y (y) are the horizontal and vertical sides of a
right sided triangle, and DCMSG is the hypotenuse (Johnson, 2001).

GC-IDT is a simulator system which allows for various configurations to cover small
arms weapons and anti-tank weapons (SAAB AB, 2019). This simulator is equipped
with sophisticated sensors, for example a laser on the handgun which continuously
tracks the angle and movement with a high speed camera (SAAB AB, 2019). The
handgun used in this experiment was a replica Glock 19 where the only difference from
a real Glock was that the recoil mechanism was not as pronounced since it is powered
by a carbon dioxide magazine. In the simulated scenario used for this thesis, an issue
was that if a shot is outside the rings of the target or a shot completely misses a target
the distance from origin will not be recorded. Instead a placeholder value was created
which shows that the shot was either a target hit but without any points or a complete
miss. Because of this we decided to replace these placeholder values created by the
GC-IDT simulator with a value of 30cm for the x-position and y-position respectively,
which is on the edge of the top right corner of the target, see Appendix 2. This approach
was deemed reasonable because a shot missing by several meters is unlikely.

Figure 2. Arrangement of the pressure and bend sensors in the TouchGlove1.

The glove used in the experiment was the TouchGlove 2.3 which has integrated sensors
for measuring pressure and finger bend, see figure 2. The sensor this work used was the

1TouchGlove 2.3 manual: https://infusionsystems.com/catalog/info pages.php/pages id/112
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index finger pressure sensor2 which records pressure from 0.2N to approximately 98N.
This sensor was used to calculate the trigger squeeze with the formulae (2).

Triggersqueeze (J) =
∫ t2

t1
Faverage dt (2)

Trigger squeeze is expressed as impulse which is the resultant force (F) with respect to
time. The unit is expressed as Newton seconds (N · s).

F was derived from the Newton value from the pressure sensor when the index finger
was placed on the trigger (Nmin). When the value then was at its highest point, Nmax,
will be recorded and added to Nmin then finally divided by two to get the average.

Faverage =
Nmin +Nmax

2
(3)

The interval between t1 and t2 was derived by recording the Newton value when the
index finger was placed on the trigger (Nmin). When the value began to increase, t1 was
saved. When the trigger was pulled to the point where the bullet was discharged the
Newton value (Nmax) was saved and the time stamp for this threshold was t2.

Figure 3. Visualization of the Newton force related to the movement of the firearm.

2Datasheet: https://infusionsystems.com/support/MF01-N-220-A04.pdf
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To find these values in the data we compared accelerometer data from the Orient3D, 3.23

which was attached under the trigger guard, with the force from the pressure sensor, see
Appendix C for sensor placement. This was to make sure that the force registered was
linked to an actual shot. By looking at how the firearm moved, see figure 3, (illustrated
in blue) in relation to the force (orange) it was possible to see when an actual bullet was
discharged. In the figure it is possible to make out five unique shots with varying force.

Figure 4. The Polar H10 heart rate sensor with chest strap placement4.

The sensor for recording the heart rate of the participants in the experiment was the
Polar H10 heart rate sensor, see figure 4. The recording of the heart rate started when
the participant was ready to discharge the firearm. For group B, it was possible that
the heart rate of the participant went below the threshold of 150 but it could not be
lower before discharging the first bullet for each set. The H10 sensor was connected via
Bluetooth to the Polar Beat mobile application5 and the heart rate was sampled every
second and uploaded to Polars database6.

3Datasheet: http://www.robot-electronics.co.uk/htm/cmps11doc.htm
4Datasheet: https://support.polar.com/e manuals/H10 HR sensor/Polar H10 user manual English/manual.pdf
5Polar Beat: https://www.polar.com/sv/produkter/polar beat
6Polar Flow: https://flow.polar.com/
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4.3 Data preparation

Figure 5. Visualization of the graph after imputation.

Because of the placement of the pressure sensor within the glove, it did not suit each
participants hand as intended, this caused the sensors to be misplaced for some of the
shots, see Figure 3.

To compensate for this we imputed these shots, see figure 5. The imputation method
takes non-missing values from the data set and calculates an average value for the miss-
ing ones based upon the non-missing. Note that the slope is more of a plateau in figure
5 rather than a slope but this is irrelevant in our case and only to give a visualization
on when the slope started, the important values are the peak and the slope start for the
calculations to be correct. Figure 5 also visualize how the developed algorithm works,
it identifies the peaks for each shot t2 and then reverses the slope going through each
index and checks whether the value of index− 1 > index. If this is true the algorithm
stops checks that the value of the index is less than the average force for all shots, else
it continues until both requirements are true, and marks the index as t1, see Appendix D
for the complete source code.
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4.4 Random Forest

By this point, the data has been collected and structured properly to be used as features
for a machine learning algorithm. The chosen model for this work is Random Forest
Regression with the motivation that we are interested in the correlation (and possibly
causation) between the independent variables and dependent variable. With the Ran-
dom Forest regressor it is also possible to see which independent feature carry the most
weight in the decision. Random Forest is a collection of a large number of decision
trees which make their own predictions, the mean prediction value is then the prediction
returned (Breiman, 2001).

The most efficient way to solve this problem was to use the Scikit-learn library for the
machine learning part of the code. Scikit-learn is an open source code library for ma-
chine learning written in Python. It includes different machine learning models and is
built on NumPy, SciPy, and matplotlib (Pedregosa et al., 2011). The development envi-
ronment that was used was Jupyter Notebook which is an open-source web application
that allows the user to create and share documents that can contain code, text and equa-
tions (Kluyver et al., 2016).

Table 1

RandomizedSearchCV parameter results.

n estimators min samples split min samples leaf max depth bootstrap

600 10 2 100 True

Before the random forest model was trained, RandomizedSearchCV was used to find
the best parameters for the model. This is done to find out which parameters best suit
the model based on the features to produce the best results, i.e a higher accuracy. The
cross validation was done with a value of k=5 and the results from the cross validation
can be seen in table 1.
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5 Results

14 shooters participated in the experiment which resulted in 350 datapoints. Out of
those 350 datapoints 50 of them were outliers that were deleted which resulted in a total
of 300 usable datapoints. These 50 datapoints were from participant 6 and 9 where the
pressure sensor data was corrupted, the values were unreadable, could not be imputed,
and are therefore not used by the algorithms. In the following chapters participant 6 and
9 have been removed from the results and are not included in the tables.

Table 2

Average impulse, heart rate and DCM for the two groups

Group A

Participant Impulse(N · s) Heart rate DCM(cm)

4 59 70 6.69
12 188 75 11.22
1 420 107 5.26
3 326 99 4.99

14 105 79 7.24
13 257 67 5.74

Group average 255 83 6.85

Group B

Participant Impulse(N · s) Heart rate DCM(cm)

7 260 145 5.34
10 107 159 3.91
2 102 147 5.42

11 118 147 3.96
8 147 149 5.91
5 188 150 5.14

Group average 154 150 4.94

The average values from all five series for each participant for group A and B are listed
in Table 2.
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Figure 6. Random forest prediction.

Figure 6 shows the actual DCM value (x-axis) and the models prediction (y-axis) and
the variance of the predictions. As can be seen the prediction is not very accurate and
we will address this in the discussion section of the thesis. Heart rate is clearly the
most important variable for the model with a weight of 82% and impulse only 18%.
The standard deviation of the predictions made by the random forest regressor was 3.25
centimeters.
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6 Discussion

The aim of this thesis was to investigate the relationship between heart rate and trigger
squeeze and shooting accuracy when firing a Glock 19 pistol in a simulated environ-
ment. In this section we will discuss the results, the validity and reliability of the exper-
iment, possible extensions for future work, and the continued work beyond the scope of
this thesis.

6.1 Experiment outcome and results

Table 3

Participant information

Group A

Participant Age Experience Subjective skill level

4 37 0 Some experience
12 63 22 Some experience
1 50 31 Experienced
3 55 25 Very experienced

14 35 0 Some experience
13 52 1 Some experience

Group B

Participant Age Experience

7 27 2 Some experience
10 38 20 Very experienced and instructor
2 45 25 Experienced

11 54 35 Some experience
8 38 10 Experienced
5 50 1 Some experience

Note. Experience is measured in years.

All of the participants in the experiment were men and the age ranged from 27 to 63 with
varying shooting experience, see table 6. As can be seen, the scale we used to give an
indication of how experienced the participants were is flawed. For example participant
4 which had zero years experience said he had ”some experience”. This participant may
have tried once or a few times and thus he has ”some experience” which is accurate from
his part but becomes misleading in this setting. A more detailed scale would have been
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appropriate to use when not knowing the general skill level of the participants before
the experiment.

Regarding the accuracy of the participants no conclusions can be drawn. We can not
say that heart rate or trigger squeeze affects accuracy from this amount of participants,
in fact, group A had an average accuracy by almost two centimeters more than group
B. We believe the main reason for this was because of the experiment layout, since we
used two different groups and only one group conducted the experiment with a heart
rate of 150. If both groups would undergo both scenarios we believe that the results
would have been more accurate to the reality we aimed to model.

In addition to this, the way the pressure sensor was sown into the finger of the iTouch-
Glove, the sensor could move around as the participant discharged the firearm and slide
over the trigger. This could have affected some participants more than others since it
was important that the sensor was properly aligned and caused some participants to grip
the firearm awkwardly which may have contributed to the result. To solve this we had
to use electric tape around the finger to hold the sensor in place.

However it is possible to see tendencies of shooting experience affecting the way the
participants discharged the firearm.

Figure 7. Comparisons between trigger squeeze curves.

As shown above, see Figure 7, two different participants trigger squeeze curves are
shown. The left one is from an inexperienced participant and as can be seen the time
between t1 and t2 is very short, which means that the shot is rapidly taken. The right
figure is from an experienced participant and the curve is smooth and it is possible to
see when the trigger point is reached (this is where the slope angle decreases, just before
the firearm is discharged).
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Because of the number of participants which participated and the fact that two of them
had to be removed due to corrupt data there were relatively few datapoints for the algo-
rithm to learn from. In addition to this, because of the way the experiment was setup
the data provided to the algorithm did not have any clear indicator of what features
contribute to a specific DCM value. Since group B had a lower average accuracy and
participant 10 who had the highest average heart rate and the lowest DCM we quickly
realized that the machine learning algorithm would have a hard time predicting when
introduced to new data. We believe it is because of this that heart rate had a 82% impor-
tance and impulse only 18% and also why the predictions were incorrect.

To conclude this section, it is possible to conduct this type of experiment with an iTouch-
Glove 2.3 and an Polar H10 heart rate sensor (or similar sensors) to collect data in a
precision shooting setting. It is also possible to create the whole tool-chain from analog
sensor data to a prediction by a machine learning model. Although the iTouchGlove and
Polar H10 heart rate monitor was used in this experiment, future research is not limited
to the these sensors. SAAB AB has the opportunity to use this method for collecting
data and use either their own sensors or another manufacturer to continue to evolve the
method.

6.2 Validity and reliability

The internal validity we argue is strengthened since the experiment took place in a
simulated environment indoors. The amount of confounding variables has therefore
been minimized, e.g no consideration of weather conditions or temperature. Although
the iTouchGlove worked for us and we were able to use the data, by modifying the
sensor placement, that is more suitable for the specific movement discharging a firearm
requires, the reliability of the collection of data could be improved. The existing sensor
placement is more suitable for pressure against a flat surface rather than an odd angle
of a trigger squeeze. By adjusting the sensor placement the data would be more reliable
and counteract the risk of moving the sensor from the trigger. Although the sensor
placement within the iTouchGlove may not have been the most suitable for this specific
usage the method of using a glove is still a practical solution for measuring aspects of
shooting. The sensors used to measure the independent variables are also not limited to
handguns and can be transferred to a rifle for example.

Another element of the experiment was the 150 bpm heart rate for group B which was
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used regardless of age. A different approach to the experiment is to calculate the maxi-
mum heart rate for each participant since 150 bpm might be quite high for someone that
is of older age. When analyzing the results it is hard to conclude if heart rate affects
accuracy since increased heart rate also results in an increased rate of breathing making
heart rate a confounding variable.

6.3 Future work

In the experiment we did not measure breathing in any way which is one possible way
of extending this study in the future, because heart rate affects the rhythm of breathing
which in turn increases movement of the body and therefore affects accuracy (Ortega
& Wang, 2018). When we conducted the experiment we observed that the participants
with an increased heart rate had to focus more on controlling their breathing. We sug-
gest that future research investigate this further.
As mentioned in the previous section, if the experiment was to be redone we would
strongly suggest that future research include all participants in both experiment scenar-
ios (resting- and increased heart rate).

If more complex experiments should be conducted, it is important to synchronize the
time between the simulator and the sensors. This is something we suggest future re-
search investigates to be sure that an action in the simulator is directly linked in time
to the sensors used. Other combinations of independent variables could also be studied
such as eye movement using an eye tracker for example. Comparing different machine
learning algorithms to this study is also interesting for future work. Since the exper-
iment also replicated a precision shooting scenario it could be transferred into a gun
range with an actual Glock 19 since the setting has fixed requirements.

By continuing research in this area and as simulators are getting more common and
more realistic the marksman training will become more accessible and effective. This
will have a positive environmental effect where live ammunition will not be used to the
same degree. We think this is important and why more research should be done in this
area.
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6.4 Continued work

The development of the data collection tool and experiment platform continues beyond
the scope of the thesis. The aim is to design and implement an open source software tool
that simplifies data collection from multiple sensors from different domains and brands.
The software, see Figure 8, was created in Qt and communicates via Bluetooth with a

Figure 8. MAPPE software.

STM32 microprocessor. The microprocessor takes analogue and digital data, structures
it, and send the sensor data to the connected PC. Additional functionality for creating
.csv files with many participants was also added as well as live plotting of the data.
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7 Conclusions

This study investigated the relationship between heart rate, trigger squeeze and shooting
accuracy when firing a Glock 19 in a simulated environment using sensors to measure
aspects about the shooter.

The machine learning tool-chain, from raw sensor data to linking that data with the hit
values from the GC-IDT simulator was successful. We can also conclude that the Polar
H10 was a suitable sensor for experiments of this type. The iTouchGlove 2.3, however,
was less suitable when it came to the placement of the pressure sensor and caused us to
impute certain shots which impacted both the reliability and validity of the results.
The experiment outcome show a weak correlation between trigger squeeze and accu-
racy, but nothing more can be said.

When conducting similar studies in the future we hope that this study can provide guid-
ance both collecting data from sensors and synchronizing them with an external plat-
form (simulator) and also which features of a shooter that impacts accuracy, to investi-
gate further.
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Maier, T., Meister, D., Trösch, S., & Wehrlin, J. P. (2018). Predicting biathlon shooting
performance using machine learning. Journal of Sport Sciences, 36(20), 2333-2339.
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Appendices



 

 

Experiment instructions 
 

 

Introduction 

As a part of our thesis work at Jönköping University an experiment in the GC-IDT simulator 

will be conducted for collecting the data required to carry out our study. The problem this 

project aims to investigate with this data is if there is a relationship between heart rate and 

trigger squeeze and shooting accuracy. The aim is to develop a machine learning tool-chain 

with the possibility to aid instructors and shooters in marksmanship training.  
 

General information 

The experiment requires ten participants and as a participant you cannot have any muscle or 

heart-related illnesses, this is to ensure your wellbeing during and after the experiment. The 

experiment will replicate precision shooting with the standardized distance from the target, time 

limit, and the number of shots within a given time limit. As a participant you will be standing 

25m (simulated) from the target using your dominant hand to fire five rounds within five 

minutes, this will then be repeated five times. The experiment is expected to take three hours. 

At the end, 15 minutes will be used for evaluation of the experiment and how you felt during 

it.  
 

Procedure 

You will be divided randomly into two groups. Group A will not undergo any physical stress 

and fire the rounds during a rested state. Group B will ride an exercise bike to increase the heart 

rate before firing the rounds. As a participant in this experiment, you will be required to wear a 

heartrate sensor. The trigger squeeze will be measured from a sensor within a glove which will 

record the pressure on the trigger. A “dry run” of the experiment will be done for each 

participant to wear the equipment and get familiar with the simulator as well as confirming that 

the sensors and data collection works as expected. 
 

The participation in the study is voluntary and you as a participant can at any time, without any 

specific reason, choose to cancel your participation. The data we will collect from you as a 

participant will be heart rate and the trigger squeeze. In addition to this your age, gender and 

marksmanship skill level will be saved and used in the thesis. Your name will only be needed 

during the experiment for us to keep track, you will after the experiment be given a number and 

your name will be removed from the documentation. The results from this experiment will be 

used in the thesis and be available at DiVA for anyone to view, however it will not be possible 

to track your specific performance since your name will not be included.  
 

We thank you for your participation in this experiment and if you have any questions please 

ask any of the responsible for the experiment. 
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Appendix A Experiment instructions



 

 

 

Responsible for the experiment 
 

Gustav Andersson   Anton Berkman 

Student    Student 

Jönköpings University   Jönköpings University 

angu1600@student.ju.se   bean1666@student.ju.se  

 

 
 

Consent of participation 
 

Skill level   

☐ 0 No experience              Years of shooting experience: ______ 

☐ 1 Some experience (have tried)  

☐ 2 Experienced (Practices regularly)             Age: ______ 

☐ 3 Very Experienced (Practices often and/or  

participates in competitions)            Gender: Male ☐ Female ☐  

☐ 4 Expert/instructor                 
 

I have been given the opportunity to read the information above and agree to participate in the 

experiment. I hereby approve of that anonymised raw data from my participation is used in the 

analyses described above. I understand that I can cancel my participation at any time by 

informing any of the responsible of the study. I do not suffer from any health-related issues 

which might be induced from the experiment.  

 

 
 

Printed name: _________________________         
 

 

Signature: ____________________________         

 

 

                            

Date: ________________________________          
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Appendix B Target
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Appendix C Sensor placement
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Appendix D Source code

Visit https://github.com/Brockzter/Predicting-the-impact-of-prior-physical
-activity-on-shooting-performance for the complete source code.

https://github.com/Brockzter/Predicting-the-impact-of-prior-physical-activity-on-shooting-performance
https://github.com/Brockzter/Predicting-the-impact-of-prior-physical-activity-on-shooting-performance
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