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Featured Application: This research describes a methodology for identifying the moment when a
goalkeeper initiates their save attempt in the frontal plane, providing a way to benchmark the
timing component of a save attempt.

Abstract: This study explores how open-source pose estimation can be utilized to identify goalkeeper
dive initiation during soccer penalty kicks. The purpose of this study is to provide an accessible, low-
cost heuristic methodology for identifying goalkeeper dive initiation. This study uses single-camera
broadcast footage (1080 p resolution, 50 frames per second) of all 41 penalty shootout kicks attempted
during the 2022 FIFA Men’s World Cup. We isolated each penalty kick and recorded the frames of
goalkeeper dive initiation and flight. We then identified goalposts to create a homography matrix
to account for camera movement and identified the goalkeeper’s skeletal keypoints through pose
estimation. From these keypoints, we derived frontal plane kinematics for the torso and legs. We
identified local extrema for each kinematic variable and isolated the last observed extrema prior to
goalkeeper flight for each variable. Using OLS regression, we found that the last local extremum of
the goalkeeper centroid’s y-value was the strongest predictor of labeled commitment to the dive side,
with an R2 of 0.998 and a p-value of 0.00. The results of this research are preliminary but demonstrate
the promise of pose estimation in identifying sport-specific action timing during live game play using
a single camera.

Keywords: pose estimation; sports analytics; movement timing; penalty kicks

1. Introduction

Markerless human pose estimation has the potential to revolutionize sports analytics
by providing detailed insights into athlete movement. Pose estimation provides biomechan-
ical data on athlete movement by accurately detecting and tracking the spatial positions of
key body joints in video frames [1]. This serves as a valuable tool for training, performance
optimization, injury prevention, and rehabilitation [1–3]. Coaches can analyze an athlete’s
posture and movement in real-time or recorded footage, identify areas for improvement in
technique, and tailor training strategies to individual athletes [2,4].

Currently, marker-based motion capture and force plate analysis are the most common
methods used for athlete movement analysis [5–7]. While these conventional methods
provide valuable data on athlete movement and biomechanics, they require specialized
equipment and controlled environments, making them impractical for use during live
game play. This creates a gap in information between what occurs in training sessions
and what happens in live game play, where conditions are dynamic and unpredictable,
resulting in low ecological validity. Pose estimation offers a practical alternative for the
capture and analysis of player movement in live game play [8].
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In recent years, markerless motion capture systems using pose estimation have gained
popularity in professional sports due to their ability to accurately track and analyze player
movement without the need for physical markers placed on the body [9]. For example,
during the 2022 FIFA World Cup, Hawk-Eye Innovations unveiled a new Video Assistant
Referee (VAR) system to assist referees in making accurate offsides calls [10]. Pose estima-
tion has also found applications among MLB teams for pitcher and hitter biomechanical
analyses [9] and among NBA teams for the automation of goaltending and out-of-bounds
calls [11]. Despite its benefits, the widespread adoption of markerless motion capture is
limited by its high costs. Estimates for Hawk-Eye markerless motion capture systems range
from EUR 7000–EUR 8000 per match for Gaelic football [12], USD 60,000 for tennis courts,
and GBP 250,000 for soccer stadiums [13]. In addition, these systems do not allow for the
retroactive collection of data [14].

As pose estimation becomes more widespread, there has been growing interest in
exploring more affordable and less invasive alternatives to motion capture systems [9].
Any sports organization or individual with access to footage, a computer for executing
code, and open-source libraries such as MediaPipe and YOLO can utilize and benefit from
markerless pose estimation technology [15].

In this study, we apply markerless human pose estimation to 2022 FIFA World Cup
broadcast footage to identify the initiation of goalkeeper movement during penalty shootout
kicks. Goalkeepers play a critical role in determining match outcomes, and the timing
of dive initiation is a critical component of goalkeeper performance [16]. However, accu-
rately identifying the initiation of goalkeeper movement during live game play remains a
challenging task.

This study aims to advance sports analytics by leveraging markerless human pose
estimation technology to provide valuable insights into athlete movement, particularly the
initiation of goalkeeper movement during penalty shootout kicks in live soccer matches.
Despite substantial research on goalkeeper performance during penalty kicks, several
significant gaps exist. First, existing research predominantly focuses on the spatial and
perceptual aspects of goalkeeping, leaving the temporal aspects of goalkeeper movement
relatively understudied [16]. Second, most studies overlook the environmental factors
present in professional matches, as they typically occur in controlled settings [5,6,17].
Third, frequently cited studies suffer from inappropriate reaction criteria (i.e., keyboard
responses) [18], the use of stationary targets [5,6], or irrelevant stimulus presentation (i.e.,
light flashes) [5,19]. Fourth, the lack of research focused on elite goalkeepers limits the
generalizability of findings to elite populations, with many studies focusing on amateur-
level subjects or subjects with no soccer experience [7,18].

Traditional methods of determining goalkeeper movement initiation during penalties
often rely on subjective observations. For example, in a study by Noël et al., a soccer coach
with 10 years of coaching experience was asked to review footage of 395 penalty kicks and
identify the frame at which he believed the goalkeeper initiated the dive [20]. However,
the coach was not instructed on how to identify dive initiation [20]. Though no criteria
were provided for how to identify dive initiation, one author independently labeled dive
initiation and found inter-rater reliability of labels to be satisfactory [20]. Pinheiro et al.
developed an observational analysis system for penalty kicks based on a questionnaire
focused on variables that were likely to distinguish the characteristics of successful or
unsuccessful penalty kicks [21,22]. The observational system was validated by experts, but
the authors noted that observer perception could be influenced by the viewing angle and
that camera angles behind either the penalty taker or goalkeeper were the most appropriate
for assessing penalty kicks [22].
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Ibrahim et al. analyzed 10 elite Dutch goalkeepers diving off force plates towards
suspended balls in response to an LED flash [5]. The dive initiation time was determined
using ground reaction forces from the force plate data [5]. Similarly, Spratford et al. placed
37 reflective markers on six elite goalkeepers diving off a force plate towards stationary
balls in response to a life-sized image of an outfield player projected on a screen [6].
Dive initiation time was identified by an exponential increase in vertical ground reaction
forces [6]. In a similar study, Di Paolo et al. studied 19 adolescent goalkeepers with
17 sensors performing dives in response to a whistle [7]. The dive initiation time was
marked by the contralateral foot toe-off, identified through a custom Matlab script (v2022a,
The MathWorks, Natick, MA, USA) and video footage review. The stimuli presented in
each of these studies is not reflective of real game play, and the use of markers and force
plates is impractical for live game play.

Some studies have applied pose estimation to broadcast footage to evaluate goalkeeper
strategies [21,23]. However, these studies only analyze selected key frames, rather than
analyzing a continuous video. For example, Pinheiro et al. utilized Open Pose to classify
goalkeeper strategy, a component of their validated observational analysis system [21]. This
study only looked at two key frames and found that orientation and movement between
the two key frames could accurately classify goalkeeper strategy [21]. However, this study
did not attempt to understand the timing component of anticipation, instead opting to use
the distance moved as a measure of goalkeeper anticipation [21]. Wear et al. assembled a
dataset of 590 1v1 and penalty saves from broadcast footage, extracted a single frame at
the moment of the kicker’s contact with the ball, and used an unsupervised classifier to
cluster goalkeeper pose data in the extracted frames [23]. However, it is important to note
that this study assumed the goalkeeper was in a ready position and did not examine the
development of goalkeeper positioning [23].

Markerless human pose estimation applied to broadcast footage presents a promising
avenue to advance sports analytics, offering a non-invasive and cost-effective solution to
capture and analyze athlete movements and bridging the gap between training and live
game play.

This study provides a robust, safer, and more standardized methodology for deter-
mining when a goalkeeper initiates a save attempt. The use of broadcast footage eliminates
the need for markers and platforms, making the process of capturing dives less invasive,
safer, and more affordable. Additionally, this study provides a systematic alternative to
manually reviewing footage to identify the initiation of movement. Furthermore, while
pose estimation has been applied to broadcast footage of goalkeepers in prior studies, it
has not been used to assess the timing of goalkeeper dive initiation [21,23]. By applying
pose estimation to broadcast video, this study provides a basis for practitioners to connect
game results to practice data. With this, coaches and player development professionals can
use match outcomes to inform how a given goalkeeper’s performance in live game play
can inform potential training adjustments and vice versa. Coaches and training staff can
review footage of unsuccessful save attempts in which goalkeepers initiated movement
too early or too late. By providing targeted feedback, they can help players make better
decisions in similar situations in the future.

This study shows that pose estimation can be applied to single-camera broadcast
footage, and the resultant data can aid in the detection and analysis of goalkeeper movement
initiation during penalty kicks by using frontal plane kinematics.

2. Materials and Methods

To create a heuristic methodology for identifying goalkeeper movement initiation,
this study relies on broadcast footage of all penalty kicks attempted during the 2022 FIFA
World Cup. Using this footage, the following framework was utilized:

1. Collect a dataset of penalty kicks from the broadcast footage.
2. Annotate the dataset with ground truth labels for goalkeeper movement and save

outcomes.
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3. Train and validate a pose estimation model using the annotated dataset.
4. Evaluate the accuracy of the pose estimation model for detecting goalkeeper move-

ment during penalty kicks.

The primary data source for this study was broadcast video footage of all penalty
shootouts from the 2022 FIFA World Cup. Typical soccer matches can end in a draw [24].
However, elimination games, such as the post-group stage matches at the World Cup,
require a winner [24]. Penalty shootouts, which consist of a series of penalty kicks by both
teams, occur when the match remains tied after regulation and extra time periods have
expired [24]. We identified a total of 41 penalty kicks and collected broadcast footage of
each kick from publicly available sources. All footage in the dataset has a resolution of
1080 p and a frame rate of 50 frames per second.

We cut the footage from each match to isolate the footage of each penalty kick attempt,
starting from the kicker’s run-up and ending with the kick outcome. For each penalty
kick attempt, we identified two frames of interest: the frame of movement initiation and
the frame of flight. These frames will be referenced as f0 and f1, respectively. Due to the
interplay of goalkeeper and kicker strategies, there is no single definition of movement
initiation. Movement initiation, in the context of this problem, is defined as the frame in
which the goalkeeper initiates their save attempt, disregarding any extraneous motion
prior to committing to the dive side. For example, if a goalkeeper jumps or shuffles on the
line prior to the dive attempt, this is ignored when labeling. This serves to validate and
understand the accuracy of automated movement detection. We marked f0 using Noël
et al.’s subjective methodology of manually marking the frame and based our subjective
observation on Ibrahim et al.’s findings that goalkeepers initiate a dive by pushing off with
their contralateral leg, or the leg opposite of the dive side [5,20].

Ibrahim et al. described three strategies that goalkeepers use to start their dives:
“(1) Exerting horizontal forces for horizontal displacement towards the ball, (2) Exerting
vertical forces for a pre-push-off jump and (3) Exerting vertical forces with the contralateral
leg for stepping sideward with the ipsilateral leg towards the ball” [5]. Ibrahim et al.
identified “pushing off” using ground reaction force data collected from force plates [5].
This approach provided precise kinetic and kinematic data that allowed for an objective
determination of dive initiation. However, given the constraints of our study, specifically
the use of broadcast footage without access to ground reaction force data, we adapted this
methodology for visual observation.

To mark f0 accurately, the first author visually observed the contralateral knee and
ankle movement of the goalkeeper. This observation aligns with Ibrahim et al.’s findings,
as the contralateral leg’s motion is a critical indicator of the initiation of the dive. Specif-
ically, the first author observed contralateral knee abduction and adduction, as well as
contralateral ankle inversion and eversion in the mediolateral plane. By focusing on the
contralateral knee and ankle, one can identify the moment when the goalkeeper committed
to the dive. This method, while subjective, provides a practical solution for the limitations
posed by the use of single-camera pose estimation applied to broadcast footage.

All data processing and analysis was conducted using Python version 3.9. The follow-
ing dependencies were used: OpenCV 4.9.0.80 for image processing and feature extraction;
YOLOv7 for pose estimation; and NumPy 1.23.5, pandas 2.2.0, and Statsmodels 0.14.1 for
statistical analysis. All code was run on a Mac Studio with an M2 Ultra chipset and 192 GB
of RAM.

The collected footage was filmed from a consistent vantage point, but the camera
was not static. Therefore, we had to account for the pan, tilt, and zoom present in each
video clip to properly track the pose estimation data’s real-world coordinates from frame
to frame. Because the goalposts are fixed dimensions, we were able to identify the corners
of the goalposts and use these pixel coordinates to scale goalkeeper pose appropriately in
each frame. Although there are “off-the-shelf” computer vision solutions to identify soccer
field markings from broadcast footage, these models were not trained on the angles used in
this research [25]. Therefore, we opted to identify the goalposts through a more traditional
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color isolation method by identifying green pixels to mask the grass and white pixels to
identify the goal.

The color of each pixel in the collected footage was in RGB format, which identifies
the red, green, and blue values for each pixel. We chose the RGB values (100, 150, 50) and
(220, 220, 220) to represent the grass and goalpost colors, respectively [26]. The RGB format
presents problems in isolating colors because the time of day and weather can influence the
perceived color of a given object. To account for this, we converted each frame to CIELUV
color space to ensure that the perceived color of objects remained consistent across varying
lighting conditions, thereby enhancing the accuracy of color-based object identification [27].
We subtracted the green from the frame and isolated the goalposts. The frame was then
blurred and OpenCV’s contour function was used to identify large shapes within the frame.
We assumed that the largest contour represents the goal area and used that assumption to
create a bounding box, as shown in Figure 1. We then used a Hough line transformation to
identify all lines within the bounding box. These lines were then filtered into horizontal and
vertical lists based on their angles [26]. The endpoints of these lines were then clustered,
and the centroid of the identified cluster was used to create raw values for the goal corners.
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Because the broadcast footage contained camera movement, the estimated goal corners
needed to be mapped in each frame. We did so by using homography. Homography is a
transformation between two planes whereby a given point can be mapped from one image
to another [28]. To do so, a homography matrix must be calculated.x

y
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Prior to creating the homography matrix, we smoothed the points using local polynomial
fitting and overlayed them on the video to do a visual check, as shown in Figures 2 and 3.
The FIFA rulebook stipulates that a regulation soccer goal must measure 732 cm in width
and 244 cm in height. Using these dimensions, we defined a new image with a width of
732 px and a height of 244 px. The dimensions were chosen to have a 1:1 relationship
between the goal dimensions in centimeters and pixels. The smoothed goalpost corners
were then used to compute the homography matrix using OpenCV by mapping the upper
goalpost corners in the original image to the upper corners of the new image and the
bottom goalpost corners in the original image to the bottom corners of the new image. We
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then added a buffer of 100 px to the new image in order to capture goalkeeper movement
that occurs in front of the goal line. The homography matrix was then applied to warp
the identified goal and buffer area to the dimensions of the new image. Examples of this
transformation are shown in Figures 4 and 5.
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After creating the isolated goal area videos, we applied the YOLOv7 pose estimation
algorithm to each video [29]. We chose YOLOv7 because it is open-source, general-purpose,
and does not have licensing restrictions. Pose estimation must be applied at the frame level.
YOLOv7 identifies all possible people in a given image, but identity across images is not
recorded. Therefore, we applied a SORT object tracking algorithm to track the bounding
box of the goalkeeper across frames. The SORT tracker allowed us to assign an integer ID
label to all detected persons in each frame and isolate the pose data of interest. Examples of
the pose estimation person labels are shown in Figures 6 and 7. YOLOv7′s pose estimation
model provides the estimated locations of 17 keypoints (joints), listed in Table 1, as well as
confidence scores for the bounding box of the human and all keypoints [30]. The confidence
score is the probability that a given person or joint in the image has been correctly identified.
This probability is provided on a 0–1 scale, with a higher score implying higher certainty of
identification. By averaging the confidence scores for each joint over a set of frames, we
can interpret the stability of the pose estimation algorithm in that set.



Appl. Sci. 2024, 14, 5961 8 of 15

Appl. Sci. 2024, 14, x FOR PEER REVIEW 8 of 15 
 

3 Left Ear 
4 Right Ear 
5 Left Shoulder 
6 Right Shoulder 
7 Left Elbow 
8 Right Elbow 
9 Left Wrist 

10 Right Wrist 
11 Left Hip 
12 Right Hip 
13 Left Knee 
14 Right Knee 
15 Left Ankle 
16 Right Ankle 

 
Figure 6. Pose estimation at start of run-up. 

 
Figure 7. Pose estimation at goalkeeper flight. 

After applying the pose estimation algorithm, we calculated the centroid of the torso, 
as well as the angle in the frontal plane from the hip to the ankle, the hip to the knee, and 
the knee to theankle of each leg. The centroid of the torso (C) was calculated as the 

Figure 6. Pose estimation at start of run-up.

Appl. Sci. 2024, 14, x FOR PEER REVIEW 8 of 15 
 

3 Left Ear 
4 Right Ear 
5 Left Shoulder 
6 Right Shoulder 
7 Left Elbow 
8 Right Elbow 
9 Left Wrist 

10 Right Wrist 
11 Left Hip 
12 Right Hip 
13 Left Knee 
14 Right Knee 
15 Left Ankle 
16 Right Ankle 

 
Figure 6. Pose estimation at start of run-up. 

 
Figure 7. Pose estimation at goalkeeper flight. 

After applying the pose estimation algorithm, we calculated the centroid of the torso, 
as well as the angle in the frontal plane from the hip to the ankle, the hip to the knee, and 
the knee to theankle of each leg. The centroid of the torso (C) was calculated as the 

Figure 7. Pose estimation at goalkeeper flight.

Table 1. YOLOv7 joint numbers and labels.

Joint # Joint Name

0 Nose
1 Left Eye
2 Right Eye
3 Left Ear
4 Right Ear
5 Left Shoulder
6 Right Shoulder
7 Left Elbow
8 Right Elbow
9 Left Wrist
10 Right Wrist
11 Left Hip
12 Right Hip
13 Left Knee
14 Right Knee
15 Left Ankle
16 Right Ankle

After applying the pose estimation algorithm, we calculated the centroid of the torso,
as well as the angle in the frontal plane from the hip to the ankle, the hip to the knee,
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and the knee to theankle of each leg. The centroid of the torso (C) was calculated as the
mathematical center of the shoulder (LS—Left Shoulder, RS—Right Shoulder) and hip
(LH—Left Hip, RH—Right Hip) coordinates as shown in Equation (2).

C(x, y) = (
LSx + RSx + LHx + RHx

4
,

LSy + RSy + LHy + RHy
4

), (2)

The raw keypoints, centroid, and angles were then smoothed using local polynomial
fitting over a 5-frame (100 ms) window [31]. This window was used in order to reflect
the complexity of human movement. Whereas the smoothing of the goalpost corners was
performed over the span of each video because the camera movement was not sudden,
goalkeeper movement can be sudden. Accordingly, we chose a small window in order to
preserve movement that may have otherwise been smoothed out if applying polynomial
fitting over an entire kick.

After cleaning the pose data, we plotted each variable as a function of frame number
along with vertical lines at f0 and f1. This gave us an isolated visual of how each variable
changed over the course of a given penalty kick in relation to goalkeeper actions. Subse-
quently, we identified local extrema for each variable using a sliding window. This simply
found the minimum and maximum value in a rolling 5-frame window. We identified the
last extrema prior to f1 for each variable. We then used Ordinary Least Squares (OLS)
regression to model f0 as a function of the last extrema of each variable in order to deter-
mine which variables were significant predictors of goalkeeper dive initiation. Using a
significance level of 0.05, we identified the variables with the highest significance level and
conducted a single regression to demonstrate the most parsimonious model.

f0 ∼ x0 + . . . + xn

Equation: Initial Linear Regression

f0 ∼ xi

Equation: Parsimonious Linear Regression

3. Results
3.1. Pose Detection

The goalkeeper pose was detected in 88% of frames. YOLOv7’s pose estimation
algorithm assigned an 85% probability of the goalkeeper being a person in each frame.
The confidence scores for shoulder, hip, knee, and ankle joints remained relatively stable.
The confidence scores for the shoulder, knee, and ankle joints were all 90% or higher.
The confidence scores were significantly lower in the goalkeeper’s flight phase compared
to other segments of the video. This was accompanied by lower confidence scores for
each joint (Table 2). Taken together, these results demonstrate that pose estimation can be
successfully applied to soccer penalty kicks prior to goalkeeper flight, with the torso and
lower limbs providing stable points for analysis.

Table 2. YOLOv7 confidence scores.

Video Segment

Joint Total Sample Standing Crouching Committed Flight

Body 0.85 0.87 0.87 0.82 0.67
Nose 0.85 0.90 0.86 0.70 0.58

Left Eye 0.80 0.86 0.81 0.61 0.40
Right Eye 0.77 0.83 0.78 0.61 0.46
Left Ear 0.61 0.66 0.61 0.50 0.34

Right Ear 0.58 0.60 0.59 0.55 0.51
Left Shoulder 0.97 0.97 0.97 0.96 0.92
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Table 2. Cont.

Video Segment

Joint Total Sample Standing Crouching Committed Flight

Right Shoulder 0.97 0.97 0.97 0.96 0.94
Left Elbow 0.90 0.92 0.92 0.88 0.79

Right Elbow 0.90 0.92 0.90 0.88 0.82
Left Wrist 0.87 0.89 0.89 0.82 0.71

Right Wrist 0.87 0.89 0.87 0.82 0.73
Left Hip 0.97 0.98 0.97 0.96 0.92

Right Hip 0.97 0.98 0.97 0.96 0.92
Left Knee 0.95 0.96 0.95 0.92 0.86

Right Knee 0.95 0.96 0.95 0.92 0.86
Left Ankle 0.90 0.92 0.91 0.88 0.81

Right Ankle 0.90 0.92 0.91 0.88 0.82

3.2. Timing Detection

The initial regression (Table 3) showed that the last extrema for the centroid x com-
ponent, centroid y component, and contralateral knee-to-ankle (lower leg) angle were
the most significant predictors of goalkeeper movement initiation. Figure 8 shows the
correlation between each of these variables and the labeled dive frame. Of these two,
the centroid y component was more significant. Because the centroid is agnostic to the
dive direction and goalkeeper strategy, we chose to create a parsimonious model using
the centroid y component. The parsimonious model results indicated that the centroid y
(β = −0.96, p < 0.001) component accounts for 99.8% of the variance in the labeled initiation
of movement. Figure 9 provides a comparison of predicted and labeled dive initiation for a
selected video.

Table 3. Full regression results. Values with ** denote significant variables.

Variable β t p

Centroid X 0.3646 3.339 0.002 **
Centroid Y 0.5132 4.785 0.000 **

Contralateral Hip-to-Knee Angle −0.0256 −1.103 0.277
Contralateral Knee-to-Ankle Angle 0.1350 3.211 0.003 **
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4. Discussion

This study created a heuristic methodology to identify goalkeeper movement initiation
during penalty kicks by applying pose estimation to a single camera angle of broadcast
footage. This is a novel approach that provides a robust and safe methodology to conduct
analyses of live game performance in elite populations.

From the results of the OLS regressions, it appears that we can estimate goalkeeper
movement initiation by using the centroid’s y value. This demonstrates the potential
applications of pose estimation to identify action timing in sport. It highlights the feasibility
of conducting a descriptive analysis of athlete movement and timing, even outside of the
constraints of a controlled environment, solely by using standard camera footage.

The methodology used in this study provides a way to derive absolute goalkeeper
movement timing, which has the potential to inform more contextual measures such as
timing relative to ball kick or kicker visual cues. The significance of this study should be
viewed through its potential to fill in the gaps that other studies leave. Because this is a
novel approach to measure timing in live game play, there are no direct comparisons to
compare results to. It provides a way to standardize action timing and enables further
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exploration of the timing aspect of a skill that otherwise cannot be studied outside of a
laboratory environment.

Our labeling methodology used labels that sought to assign visual cues from previous
studies. Namely, it used Ibrahim et al.’s description of goalkeeper movement during the
dive and focused on the contralateral leg as a visual cue for dive initiation [5]. We demon-
strated that mediolateral movement in the knee and ankle can be considered a significant
predictor of contralateral leg push-off as defined by Ibrahim et al. [5]. Additionally, the
torso centroid coordinates were significant predictors of goalkeeper movement initiation.
Spratford et al. used center of mass (COM) displacement to estimate timing [6]. The
centroid and COM are fundamentally different, but the centroid of the torso in this study
could be a viable proxy for COM when understanding movement timing. Together, the
results of this study should not be mistaken for measuring ground reaction forces but rather
interpreted as being able to approximate the visual manifestation of these forces. Moreover,
this study provides a more structured methodology for assigning timing labels to soccer
penalty kicks than Noël et al. and allows for a more repeatable and less time-intensive
process [20].

Further, this study introduces the use of pose estimation over continuous frames to an-
alyze goalkeeper movement. While previous studies by Pinheiro et al. and Wear et al. used
pose estimation to analyze goalkeeper save attempts, they looked at specific key frames
rather than continuous movement [21,23]. This study expands upon their strategies and al-
lows for a more granular assessment of goalkeeper strategy and performance. In particular,
it opens the possibility of integrating timing into Pinheiro et al.’s evaluation network [21].
Pinheiro et al. measured anticipation by total movement between two frames [21]. Because
anticipation is a measure of timing, this study could provide supplemental or alternative
measures to assess anticipation. Pinheiro et al. and Noël et al. both assess goalkeeper
strategies, with Noël et al. incorporating timing into their assessment of strategy [20,21].
Assigning labels using the methods in this study could add more value to evaluation of
strategy and outcomes.

More globally, human action recognition has largely relied on unsupervised clustering
methods [21,23,32]. The focus of such technologies is sometimes to identify human actions
in real time, but this study demonstrates a simple, descriptive solution for identifying
when a specific action occurs and demonstrates that Wu’s choice to classify actions over
five-frame intervals can be extended to action timing without the use of clustering [32].
This study could be used in conjunction with clustering/classifying algorithms to enhance
the accuracy of each method.

Perhaps the most interesting application of this study is the possibility of evaluating
affordance-based performance as outlined by van der Kamp et al. [16]. In their study, they
created a theoretical framework for assessing the performance of goalkeeper dives within
the context of their physical capabilities. One of the main components of this framework
was the timing of the goalkeeper’s dive relative to the timing of the ball kick. This study is
a step forward in being able to make that framework actionable, as it allows for an absolute
measurement of the dive time and thereby a comparison to the time of the ball kick. Van
der Kamp et al.’s framework is promising in its approach to benchmark a goalkeeper’s
dive time to their physical capabilities and further evaluate their decision making [16].

The two main limitations in this study are the sample size and the information that
can be captured by the pose estimation framework. We limited our sample to the 2022
World Cup to ensure as consistent footage as possible. However, the small sample size of
both attempts and goalkeepers likely limit the statistical takeaways from this study. While
the dataset includes repeated instances of the same goalkeepers, this does not necessarily
introduce bias. The diversity in direction, approach, and strategy within the sample ensures
a wide variety of scenarios, as goalkeepers face different opponents and situations during
each penalty kick. In this study, we used two-dimensional pose estimation and therefore
could only observe motion in the frontal plane. Due to this limitation, we lose information
in other planes. More robust coordinate mapping (i.e., 3D instead of 2D) could help provide
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more accurate pose estimation and enable the analysis of velocities and accelerations.
Additionally, there is currently no feasible way to capture ground reaction forces from
broadcast footage, potentially leading to a lag in the identification of goalkeeper dive
initiation compared to methods that directly measure ground reaction forces. Further, the
methodology used here relies on processed videos and qualitative labeling. The results
cannot be applied to a continuous broadcast without prior annotation or labeling, and
the criteria for labeling are loose. Although we describe movements of interest, the exact
criteria are ambiguous and subject to human evaluation, potentially impacting the accuracy
of a trained model.

The research presented here only presents a methodology to detect when a goalkeeper
initiates their movement but does not explore the context of this timing. This research
provides a stepping stone to better understand timing outside of binary save outcomes.
Future studies may consider analyzing the kinematics of the penalty taker as part of a more
holistic evaluation of the penalty kick. It may be possible to use pose estimation data to
create a probabilistic model based on kicker kinematics that attempts to assign probabilities
of kick direction at each frame leading up to foot-to-ball contact and benchmarks goalkeeper
timing and dive direction to the model’s confidence in kick direction. Future studies
may also look to combine pose estimation predictions of timing with force plate data to
understand how goalkeeper strength and ability interplay with the timing of movement.

5. Conclusions

This study has demonstrated the effectiveness of pose estimation in identifying the
initiation of goalkeeper movement during live game play using single-camera broadcast
footage. Through pose estimation and a heuristic methodology, it is possible to estimate
goalkeeper movement initiation from footage. While pose estimation can reliably be applied
to analyze lower-velocity segments of movement, its accuracy diminishes with motion blur,
particularly during goalkeeper flight. This research presents a reliable methodology to
estimate timing using 2D pose estimation. Future studies may explore how detected timing
can be combined with performance data for a more comprehensive analysis of goalkeeper
movement.
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