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Highlights1

Machine Learning techniques for estimating the individual three-dimensional2

ground reaction forces during rugby scrummaging3

Zoé Pomarat, Jean-Charles Passieux, John-Eric Dufour, Bruno Watier4

• Instrumented insoles allow 3D-GRF estimation in flexed and high-horizontal-load5

contexts.6

• Personalized Machine Learning models improve force prediction accuracy.7

• The method shows accurate results across different rugby scrum phases (impact,8

foot repositioning, sustained pushing).9

• The approach is suitable for other sports with high horizontal and flexed-foot loads.10
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Abstract15

Rugby scrummaging represents a critical phase of play, with its outcomes closely as-

sociated with overall match performance. Scrum success is primarily determined by the

forward-directed horizontal force generated by the entire pack. Previous studies have

focused either on the total force produced by the pack or on individual efforts against

a scrum machine. To evaluate the contribution of each player to horizontal force pro-

duction within a live scrum, portable measurement systems are required. Instrumented

insoles offer a field-based solution for measuring ground reaction forces (GRF). However,

they are generally limited to measuring only the perpendicular component of force to

the insole surface, for situations involving mainly vertical GRF, with flat-foot contact.

The objective of this study was to compare the performance of four Machine Learning

algorithms (Random Forest, Multi-Layer Perceptron (MLP), Long-Short-Term Memory,

and a combination of a Long-Short Term Memory and an MLP) for estimating the three-

dimensional GRF during rugby scrummaging using instrumented insoles. Various training

configurations were tested, including dataset expansion through the merging of two ex-

perimental datasets and the application of model personalization. The best results were

obtained using a personalized MLP trained on the reduced dataset, yielding root mean

square error values normalized by body weight of 1.8±0.3 % (Medio-Lateral), 5.6±1.1 %

(Antero-Posterior), and 8.3± 2.2 % (Vertical). The non-personalized MLP model trained

on the extended dataset also demonstrated strong performance, indicating its suitability

for application to new individuals with minimal reduction in accuracy.

Keywords: Biomechanics, Rugby Union, Force Estimation, Wearable Technologies,16

Artificial Intelligence17
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Figure 1: Rugby scrummaging during a rugby game. The two packs of forward players of each team

compete for the ball introduced by the scrum-half (credit: Stade Toulousain Rugby).

1. Introduction18

Rugby scrummaging (Figure 1) constitutes a critical phase of the game, with its out-19

come closely correlated with overall match result (Bennett et al. (2021); Scott et al. (2023);20

Vaz et al. (2019)). The forces generated by the eight players of the entire pack are substan-21

tial, particularly in the forward horizontal direction, and are a key determinant of scrum22

success. Therefore, many researchers have investigated horizontal force production, at the23

level of individual players (Green et al. (2017a); Green et al. (2017b); Lallemand et al.24

(2020); Milburn (1990); Milburn (1993)), the entire pack (Preatoni et al. (2016); Quarrie25

and Wilson (2000)) or specific positions or lines within the pack (Du Toit et al. (2004);26

Du Toit et al. (2005)), primarily using scrum machines. However, such machines often27

overestimate forces due to their rigid structure, and the forces measured may not reflect28

those produced in live scrummaging (Green et al. (2019)). Notably, machine-based scrums29

exclude ball engagement and fail to replicate the instability of an opposing pack. To bet-30

ter replicate match conditions, some researchers have used shoulder-mounted pressure31

sensors to measure individual front-row forces during live scrums (Cazzola et al. (2013);32

Preatoni et al. (2016)). However, these sensors often underestimate force due to limited33

shoulder coverage (Preatoni et al. (2016)). Additionally, no study has yet quantified each34

player’s contribution to total scrum force, highlighting the need for individualized force35

measurements under real-world conditions.36

The gold standard for measuring ground reaction forces (GRF) is the force plate.37
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Instrumenting sixteen moving feet with rigid, costly equipment is impractical. Model-38

based approaches like Inverse Optimal Control have been proposed to estimate GRF by39

identifying optimal cost weights underlying an optimal motion (Weng et al. (2022)), but40

their bi-level formulation is computationally intensive and susceptible to local minima,41

limiting practical application in human motion analysis. To address these limitations and42

enable field measurements, more affordable and portable alternatives have been developed.43

These include Inertial Measurement Units (IMUs) and instrumented insoles equipped44

with pressure or force sensors. However, IMU-based GRF estimation typically requires45

a biomechanical model (Ancillao et al. (2018)), and insoles only measure force normal46

to their surface. Thus, researchers have integrated these tools with Machine Learning47

(ML) techniques to estimate three-dimensional GRF (3D-GRF), using inputs such as48

IMU signals (Alcantara et al. (2022); Lee and Park (2020)), insole data (Bergamo et al.49

(2023); Burch et al. (2023); Fong et al. (2008); Hajizadeh et al. (2023); Kammoun et al.50

(2024); Nagashima et al. (2019)), kinematics (Johnson et al. (2018); Komaris et al. (2019))51

or their combinations (Sabbah et al. (2024)). Most ML models have focused on cyclic52

activities like walking, running, or manual tasks, which mainly involve vertical forces53

and flat-foot contact. In contrast, rugby scrummaging is characterized by significant54

horizontal force generation during different phases (impact, foot repositioning, sustained55

pushing), all involving highly flexed feet. Preliminary observations using the Loadsol56

Pro® insoles (Novel, Germany) suggest they may overestimate forces in this context57

(Figure 2). Although various ML algorithms have been explored (Bergamo et al. (2023);58

Kammoun et al. (2024); Sabbah et al. (2024); Slijepcevic et al. (2024); Yamaguchi et al.59

(2023)), few studies have examined the effects of insole flexion or model personalization60

(Honert et al. (2022)), especially during rugby scrummaging.61

Preliminary research (Pomarat et al. (2024)) assessed the performance of a specific ML62

model to accurately predict the 3D-GRF during rugby scrummaging on subjects with no63

specific experience. The objective of the present study was to expand the research by in-64

cluding elite development rugby players, and comparing several ML algorithms (Random65

Forest (RF), Multi-Layer Perceptron (MLP), Long-Short-Term-Memory (LSTM), and a66

combination of an LSTM and an MLP (LSTM-MLP)), with and without model person-67

alization, to identify the best trade-off between performance and computational cost for68

estimating 3D-GRF with instrumented insoles during rugby scrummaging. RF was cho-69
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Figure 2: Overestimation of the force measured by the insoles during high flexion. The purple line

represents the raw force measured by the insoles. The resultant force measured by the force plates is

represented in black. When the foot remains flat (red dashed line), the force measured by the insoles is

close to the resultant measured by the force plates. However, when the insole is bent within the shoe

when the feet are flexed (blue dashed line), the force measured by the insoles is overestimated.

sen for its robustness to overfitting and strong generalization on small datasets, thanks to70

random feature selection and bootstrap aggregation (Breiman (2001)). MLP was included71

for its ability to capture nonlinear input-output relationships (Hornik (1991)), and LSTM72

for modeling temporal dependencies in sequential data (Hajizadeh et al. (2023)). It was73

hypothesized that the method from the preliminary study would remain effective, and that74

both dataset expansion and personalization would improve the ML models’ performance75

in predicting 3D-GRF during rugby scrummaging.76

2. Material and methods77

2.1. Participants and data collection78

Two experimental sessions were conducted. The first session involved thirteen healthy79

participants without specific experience in rugby scrummaging (3 females, 10 males; age:80

26±6 years; height: 174±6.2 cm; weight: 71.6±11.7 kg), referred to as group 1. The81

second session included twelve elite development front-row rugby players from the Stade82

Toulousain Rugby club, experienced in performing pushing trials against a scrum ma-83

chine (12 males; age: 20±1 years; height: 191±7 cm; weight: 116±13 kg), referred to84
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(a) (b)

Figure 3: Experimental setup (a) and instrumented insoles (b) used for this study.

as group 2. All participants were free from injuries and wore rugby shoes during test-85

ing. The experimental protocol was identical for both sessions and was approved by the86

Ethical Committee of the University of Toulouse (IRB No. 00011835-2024-0904-828). All87

participants provided written informed consent before participation.88

After a self-directed warm-up, participants performed three pushing trials, each lasting89

15 to 30 seconds, against a fixed scrum machine, with a five-minute rest between pushes.90

Participants wore commercial instrumented insoles (Loadsol Pro®, Novel, Germany)91

inside their rugby shoes, with each foot placed on a force plate (Sensix®, Poitiers, France)92

covered with artificial turf (Figure 3 (a)). The instrumented insoles comprised capacitive93

force sensors distributed across the insole surface, and an IMU providing 3D gyroscope and94

3D accelerometer data. The insoles output three resultant normal forces, perpendicular95

to the insole surface, on three predefined areas: heel, medial, and lateral (Figure 3 (b)).96

Before each trial, the insoles were calibrated according to the instructions provided by97

the manufacturer. Data from the force sensors and IMU were synchronously recorded at98

200 Hz using the application Loadapp (Novel, Munich, Germany). Force plate data were99

recorded at 1000 Hz and served as the reference for 3D-GRF measurements. Participants100

were instructed to perform a jump before and after each pushing trial to enable post-101

experiment synchronization of insole and force plate data.102

2.2. Data preprocessing103

Force plate and insole data were synchronized by performing a cross-correlation around104

the peak of vertical GRF in both signals corresponding to the first jump phase. Missing105

insole and IMU data, due to bluetooth connection issues and less than 0.05 s, were gap-106

filled using cubic interpolation. Force plate data were resampled at 200 Hz. Data were107
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Figure 4: Overview of the hyperparameters optimization process.

filtered using a fourth-order zero-delay low-pass Butterworth filter with a cut-off frequency108

of 6 Hz (Cerrito et al. (2017), Fioretti (1996), Swaminathan et al. (2016), Winter (1990)).109

Data outside the interval between the two jumps were removed, retaining only the data110

related to the pushing phase.111

2.3. Model architecture112

Among the four supervised ML models used, the MLP, LSTM, and LSTM-MLP were113

implemented using Pytorch (Paszke et al. (2019)), while the RF was implemented with114

Scikit-Learn (Pedregosa et al. (2011)). All models used mean square error between the115

predicted and reference GRF as the loss function. For the MLP and LSTM models, a116

one-cycle cosine annealing learning rate scheduler was applied (Smith and Topin (2019)).117

The architecture of the LSTM-MLP model was based on that defined in a preliminary118

study (Pomarat et al. (2024)). For the other models, certain parameters were considered119

as hyperparameters for optimization. The RF hyperparameters included the number of120

trees (n_estimators), the maximal depth of the trees (max_depth), and the minimum121

number of samples required to split a node (min_samples_split). For the MLP, the122

hyperparameters included the number of layers (hidden_layers), the number of nodes123

per layer (hidden_dim), the dropout rate, the maximum learning rate for the one-cycle124

learning rate scheduler (LR_max), the optimizer, the weight decay, and the batch size.125

The hyperparameters of the LSTM were the same as those of the MLP, with the addition126

of the sequence length and the direction. Various configurations of these hyperparame-127

ters (Table 1) were explored to determine the optimal architecture for each model using128

Bayesian optimization with Optuna (Akiba et al. (2019)). Only data from group 2 were129

used for the optimization process and were divided into training (80%) and validation130

(20%) datasets. The optimization criterion was the minimization of the validation loss.131

An overview of the hyperparameters optimization process is presented in Figure 4.132
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RF MLP LSTM

n_estimators: 50, 100, 200 hidden_layers: 1, 2, 3 hidden_layers: 1, 2, 3

max_depth: 10, 20, 30 hidden_dim: 10, 15, 50, 100, 150, 200 hidden_dim: 10, 15, 50, 100, 150, 200

min_samples_split: 2, 5, 10 dropout: 0.2 to 0.5 dropout: 0.2 to 0.5

LR_max: 10−6 to 10−1 LR_max: 10−6 to 10−1

optimizer: SGD, Adam, AdamW optimizer: SGD, Adam, AdamW

weigh_decay: 10−6 to 10−2 weigh_decay: 10−6 to 10−2

batch_size: 64, 128, 256 batch_size: 64, 128, 256

sequence_length: 50, 100, 200, 400

direction: unidirectional, bidirectionnal

Table 1: Hyperparameters values explored during the Bayesian optimization for the three models to

optimize.

2.4. Training133

After hyperparameter tuning, several training configurations were explored, varying134

training dataset size (reduced or extended) and testing model personalization. Prior to135

splitting the data into training and test datasets, the trials of one randomly selected136

subject from group 2 (elite rugby players) were set aside for final validation. Among the137

remaining 11 subjects of group 2, one subject was randomly selected , and their three138

trials constituted the test dataset. The composition of the training dataset depended139

on the configuration. In the reduced dataset condition, it included all trials from the140

10 remaining subjects of group 2. In the extended dataset condition, it included these141

same trials together with those of the 13 subjects from group 1. In the personalization142

condition, two of the three trials of the test subject were removed from the test dataset143

and used to fine-tune the last layer of the MLP, LSTM, and LSTM-MLP models with144

the hyperparameters reported in Table 2. For the final validation, the three trials of the145

subject initially excluded were used as the test set, while the data from the previous test146

subject were added to the training set.147

For both optimization and training steps, the inertial data from the IMUs and the148

three output forces from each insole served as input data for the ML models. The target149

data consisted of the three components of the GRF measured by the two force plates. An150

overview of the training pipeline is presented in Figure 5.151
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Figure 5: Overview of the training process in the different explored configurations (reduced or extended

dataset, with or without personalization).

2.5. Evaluation152

Due to computational cost, a partial leave-one-subject-out validation on 5 iterations was153

performed to evaluate the performance of the models. At each iteration, one subject from154

group 2 was randomly selected for validation, while the remaining subjects were used for155

training. Performance was assessed using the Root Mean Square Error (RMSE) between156

the estimated forces and the reference given by the force plates, the RMSE normalized by157

the test subject’s body weight (RMSE%BW), and the Pearson correlation coefficient (r).158

The bias between the predicted and reference values for each GRF component across the159

entire trial was also calculated and normalized by body weight (bias%BW). To further160

evaluate model performance during specific phases of rugby scrummaging, the entire trial161

(global) was divided, when possible, into three phases: during the engagement phase,162

when a peak of horizontal force is observed (impact), when the subjects replace their feet163

to move forward, backward or finding stability (foot repositioning), and finally during the164

sustained pushing phase (sustained). The same metrics were calculated for these distinct165

phases.166
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3. Results167

The optimized hyperparameters for the RF, MLP, and LSTM models are presented in168

Table 2.169

The distribution of RMSE%BW, r, and bias%BW is presented for each ML model170

and condition in Figure 6, focusing on the Antero-Posterior (AP) axis. These results171

represent the average performance across the test folds of the subject-wise cross-validation,172

computed for the entire trial and the specific phases described previously. Detailed values173

on each axis are provided in Tables A.3, A.4, A.5, and A.6 in Appendix A.174

RF MLP LSTM

n_estimators: 200 hidden_layers: 2 hidden_layers: 1

max_depth: 10 hidden_dim: [200, 100] hidden_dim: 15

min_samples_split: 10 dropout: 0.3 dropout: 0.5

LR_max: 0.0006 LR_max: 0.006

optimizer: AdamW optimizer: SGD

weigh_decay: 3x10−5 weigh_decay: 0.0015

batch_size: 256 batch_size: 256

sequence_length: 50

direction: bidirectionnal

Table 2: Hyperparameters values given by the Bayesian optimization for the RF, MLP, and LSTM

models.

The MLP model trained on the reduced dataset with personalization achieved the175

lowest RMSE%BW across most axes and phases. Over the entire trial, RMSE%BW were176

1.8 ± 0.3 % on the Lateral (L) axis, 5.6 ± 1.1 % on the AP axis, and 8.3 ± 2.2 % on177

the Vertical (V) axis. This condition also yielded the highest correlation coefficients with178

values of 0.863±0.020 (L), 0.881±0.044 (AP), and 0.755±0.134 (V). The model exhibited179

a slight underestimation of the AP-GRF and a slight overestimation of the V-GRF, with180

biases normalized by the body weight of 0.1±0.1 % (L), -0.5±0.6 % (AP), and 0.7±0.5 %181

(V). Additionally, the MLP model trained on the reduced dataset showed low variability182

across all phases and metrics, except for the correlation coefficient during the sustained183

phase.184
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Figure 6: Distribution of the average percentage of RMSE%BW, r and bias%BW across the test folds of

the subject-wise cross-validation on the entire test trial (global) and on the foot repositioning, sustained,

and impact phases.

The MLP model trained on the extended dataset produced the second lowest RMSE%BW185

across most axes and phases. Over the entire trial, the RMSE%BW values were 2.0± 0.3186

% (L), 6.4±0.4 % (AP), and 9.4±2.0 % (V). In this condition, the correlation coefficients187

across the entire trial were 0.849± 0.029 (L), 0.847± 0.061 (AP), and 0.723± 0.107 (V).188

The corresponding bias%BW values were 0.1±0.5 % (L), 1.0±1.2 % (AP), and −1.0±4.8189

% (V).190

The LSTM model trained on the extended dataset with personalization, as well as the191

LSTM-MLP model trained on the extended dataset, also exhibited low RMSE%BW, high192

correlation coefficients, and low bias%BW values. Moreover, both models demonstrated193
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lower variability across all metrics during the impact phase on the AP axis compared to194

the two previously described models.195

Extending the training dataset improved RMSE%BW and bias%BW across nearly all196

axes, phases, algorithms, and conditions, while also reducing result variability. A simi-197

lar improvement was observed when personalizing the reduced dataset. For the LSTM and198

LSTM-MLP models, personalizing the extended dataset enhanced RMSE%BW, bias%BW,199

and reduced variability across most axes and phases. However, for the MLP model, per-200

sonalization of the extended dataset had the opposite effect.201

The mean forward-directed horizontal force of the subjects used in cross-validation202

was 502±100 N during the sustained phase. Using the MLP reduced personalized model,203

the RMSE of the estimated force was 44.9± 12.0 N, corresponding to 8.9± 1.0 % of the204

mean pushing force during that phase.205

Figure 7 shows an example of the 3D-GRF predicted by four models (MLP extended,206

MLP reduced personalized, LSTM extended, and LSTM-MLP extended personalized),207

compared to the reference, over an entire trial for the final test subject. The figure also208

shows a close-up of a foot repositioning and a sustained phase.209

4. Discussion210

This study aimed to compare ML algorithms and training strategies for estimating 3D-211

GRF using instrumented insoles during rugby scrummaging. To improve performance,212

two approaches were tested: model personalization when supported by the model, and213

dataset expansion with additional subjects, including individuals without rugby experi-214

ence. Although inference was performed on male subjects, the dataset expansion included215

both female and male participants, as no differences were observed between sexes in the216

horizontal pushing force patterns. This approach was motivated by prior findings, with217

Honert et al. (2022) reporting that subject-specific models yielded significantly improved218

performance, and Halilaj et al. (2018) emphasizing the importance of a sufficiently large219

and diverse subject pool to mitigate overfitting. The results of this study are consistent220

with both previous observations. Expanding the training dataset with the two available221

datasets specific to the movement led to performance improvements across all models. For222

example, on the AP axis over the entire trial, the RMSE%BW for the RF decreased from223

9.2±0.4 % to 8.8±2.3 %. Similar improvements were observed for the other models with224
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a decrease of the RMSE%BW from 8.6±2.5 % to 6.4±0.4 % for the MLP, from 9.7±3.4225

% to 8.9± 2.7 % for the LSTM, and from 8.9± 3.6 % to 7.6± 1.0 % for the LSTM-MLP.226

Additionally, subject-specific model personalization on the reduced dataset yielded im-227

proved performance across all axes and models. For the MLP for example, RMSE%BW228

was reduced from 2.5±0.3 % to 1.8±0.3 % (L), from 8.6±2.5 % to 5.6±1.1 % (AP), and229

from 13.1±6.5 % to 8.3±2.2 % (V) on the entire trial. Although personalization improves230

3D-GRF estimation accuracy, it adds computational cost and requires a dedicated model231

for each subject. In high-performance sports, this is less of a concern due to the small,232

stable athlete pool. However, personalized models are less flexible when assessing new233

athletes. In such cases, a non-personalized model may be preferable, allowing evaluation234

of new individuals with minimal accuracy loss.235

The performance of the four best-performing algorithms in this study was consistent236

with results reported in the literature, even across different types of activities. Kam-237

moun et al. (2024) compared several ML algorithms for estimating the 3D-GRF using238

instrumented insoles across various tasks. During walking, the lowest mean RMSE values239

reported for each foot were obtained with the RF, with values normalized by the average240

body weight of the participants of 1.06 ± 0.52 % on the L axis, 2.96 ± 1.65 % on the241

AP axis, and 6.75 ± 3.65 % on the V axis. The corresponding correlation coefficients242

were 0.864 ± 0.110 (L), 0.875 ± 0.072 (AP), and 0.976 ± 0.033 (V). Similarly, Hajizadeh243

et al. (2023) reported RMSE%BW values of 12.96 ± 4.98 % (L), 6.26 ± 2.52 % (AP),244

and 5.50 ± 2.25 % (V) on both feet for walking, and values of 19.57% ± 10.21 % (L),245

10.42 ± 4.75 % (AP), and 7.72 ± 2.51 % (V) for jogging. Corresponding correlation co-246

efficients were 0.926± 0.062 (L), 0.983± 0.018 (AP), and 0.985± 0.010 (V) for walking,247

and 0.955± 0.021 (L), 0.964± 0.030 (AP), and 0.980± 0.019 (V) for jogging. The higher248

RMSE%BW observed on the AP axis in the present study compared to the literature249

may be explained by the greater magnitude and variability of AP forces generated during250

rugby scrummaging compared to walking or jogging. Lallemand et al. (2020) measured an251

average individual forward pushing force of 1720±191 N against a scrum machine during252

the sustained phase. These values were higher than those observed in the present study,253

likely due to the fact that the subjects in their setup were able to exert maximal effort254

without slipping. In contrast, substantial foot slippage was frequently observed during the255

trials of the present study, which likely limited the subjects’ ability to generate maximal256
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horizontal force. With the best model of this study, achieving an RMSE of 8.9 ± 1.0 %257

of the mean forward-directed horizontal pushing force, the corresponding absolute error258

would be 153± 2 N.259

Rugby scrummaging is a non-cyclic movement that can nonetheless be divided into260

distinct phases, each playing a specific and critical role in the overall effectiveness of the261

scrum. For this reason, model performance in the present study was evaluated separately262

across different phases: over the entire trial (global), during the engagement phase (im-263

pact), when the subjects replace their feet (foot repositioning), and finally during the264

sustained pushing phase (sustained). Moreover, performance expectations of the models265

to estimate the 3D-GRF vary depending on the phase. For instance, during the im-266

pact and foot repositioning phases, high correlation coefficients indicate the ability of the267

model to accurately capture rapid changes in force, while low RMSE and bias show that268

the magnitude of the forces is well predicted. Across all models, correlation coefficients on269

the AP axis were relatively low and highly variable during the sustained phase. However,270

this is less critical, as force variations are smaller and slower. In this phase, minimizing271

RMSE and bias is more relevant for assessing model performance than achieving high272

correlation.273

Among studies comparing RF, LSTM, and MLP models, no clear consensus has274

emerged regarding the most effective ML algorithm for estimating 3D-GRF. For example,275

Kammoun et al. (2024) reported that the Random Forest (RF) model outperformed the276

LSTM in predicting 3D-GRF from instrumented insoles during walking, particularly in277

static situations. In contrast, Slijepcevic et al. (2024) found that the LSTM model per-278

formed better than both RF and MLP when using kinematic data for GRF estimation279

during walking. In the present study, the best performance was observed for two configu-280

rations of the MLP model: one trained on the reduced dataset with personalization, and281

the other trained on the extended dataset. Nevertheless, the personalized LSTM model282

trained on the extended dataset and the LSTM-MLP model trained on the extended283

dataset showed the lowest variability in both RMSE%BW and correlation coefficient on284

the AP axis during the impact phase. These findings related to the impact phase should,285

however, be interpreted with caution, as only a limited number of test trials included an286

identifiable impact phase. These differences in model performance may also be attributed287

to the nature of the input data, which varied across studies. The results show that ML288
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can be used to estimate all three components of GRF, even in situations where the AP289

force is comparable in magnitude to the vertical force, and under phases of play where290

the insoles are highly flexed.291

This study has some limitations. First, some participants experienced varying de-292

grees of slipping on the artificial turf, likely reducing thrust forces during engagement293

and limiting impact with the scrum machine, particularly among rugby players. How-294

ever, similar slipping can also occur in real scrummaging situations, depending on the295

type and condition of the playing surface. Second, all algorithms were trained on entire296

trials, with performance subsequently assessed across the different phases. However, the297

results indicated that certain algorithms performed better in specific phases. Therefore,298

future work could explore training separate models specific to each phase, or applying the299

most appropriate pre-trained model to each corresponding phase during inference on new300

datasets.301

5. Conclusion302

This study investigated the performance of various ML algorithms and training strate-303

gies for estimating 3D-GRF using instrumented insoles with integrated IMUs during rugby304

scrummaging. Results showed that a simple MLP model performed best, achieving RMSE305

values normalized by body weight under 8.5% across all axes, over the full trial, and306

during foot repositioning and sustained pushing phases. This work effectively extends307

previous findings to conditions involving highly flexed feet and AP forces comparable in308

magnitude to vertical forces. While model personalization improved estimation accuracy,309

it limits generalization. Alternatively, expanding the training dataset to include sub-310

jects unfamiliar with rugby scrummaging proved to be an effective strategy for enhancing311

generalization to new individuals with minimal performance loss. Overall, the proposed312

approach demonstrates that estimating individual 3D-GRF during live scrums is feasible,313

offering new opportunities to assess player-specific contributions to the overall horizontal314

pushing force in rugby scrummaging.315
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Figure 7: 3D-GRF measured by the force plates (dashed black), estimated by the MLP model trained

on the extended dataset (orange), the MLP model trained on the reduced dataset with personalization

(blue), the LSTM trained on the extended dataset with personalization (green), and the LSTM-MLP

trained on the extended dataset (red) for an entire trial for the subject used for final testing. The blue

areas represent the foot repositioning phases, and the green ones the sustained phases. The zoom on the

foot repositioning phase corresponds to the first one over the entire trial, and the zoom on the sustained

phase corresponds to the second one over the entire trial. There is no impact phase for this example.
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Appendix A.322

Global Foot repositioning Sustained Impact

L AP V L AP V L AP V L AP V

RF 28.0± 5.5 103.0± 36.5 151.9± 86.7 31.9± 4.8 94.0± 47.40 137.6± 85.2 22.9± 9.9 92.9± 44.8 144.7± 115.6 26.0± 12.7 110.8± 33.6 178.0± 96.9

RMSE MLP 27.7± 4.8 96.7± 30.3 145.9± 73.6 31.9± 4.4 95.3± 39.5 137.8± 70.8 22.5± 9.0 88.7± 43.4 129.9± 102.2 22.0± 2.2 107.8± 28.6 172.3± 69.0

(N) LSTM 28.5± 3.7 108.7± 39.4 156.4± 69.9 32.9± 2.3 109.9± 50.5 150.0± 77.8 22.6± 7.6 102.4± 53.5 139.37± 95.3 23.3± 5.7 133.6± 47.9 198.2± 75.3

LSTM-MLP 29.8± 4.7 99.1± 40.3 147.8± 67.3 35.3± 6.0 105.4± 49.0 140.0± 68.3 23.7± 9.1 83.6± 51.2 117.3± 101.5 29.4± 12.2 153.2± 23.0 203.9± 55.8

r

RF 0.849± 0.042 0.853± 0.054 0.735± 0.122 0.890± 0.032 0.885± 0.033 0.887± 0.031 0.537± 0.112 0.507± 0.134 0.514± 0.099 0.434± 0.569 0.834± 0.054 0.692± 0.308

MLP 0.857± 0.031 0.855± 0.056 0.733± 0.086 0.898± 0.039 0.859± 0.024 0.850± 0.027 0.619± 0.095 0.519± 0.049 0.568± 0.127 0.457± 0.649 0.810± 0.040 0.613± 0.139

LSTM 0.842± 0.046 0.828± 0.063 0.684± 0.109 0.878± 0.062 0.830± 0.027 0.801± 0.038 0.608± 0.082 0.498± 0.060 0.436± 0.156 0.444± 0.581 0.738± 0.033 0.362± 0.044

LSTM-MLP 0.841± 0.034 0.826± 0.067 0.686± 0.082 0.872± 0.056 0.815± 0.049 0.809± 0.066 0.616± 0.077 0.458± 0.140 0.475± 0.159 0.464± 0.301 0.687± 0.068 0.416± 0.183

RF 2.5± 0.4 9.2± 0.4 13.6± 7.8 2.9± 0.4 8.4± 4.2 12.3± 7.7 2.0± 0.8 8.3± 4.0 13.0± 10.5 2.4± 1.1 10.6± 2.4 16.8± 8.0

RMSE MLP 2.5± 0.3 8.6± 2.5 13.1± 6.5 2.9± 0.2 8.5± 3.4 12.3± 6.3 2.0± 0.7 7.8± 3.8 11.5± 9.1 2.2± 0.4 10.4± 1.9 16.4± 5.4

%BW LSTM 2.6± 0.2 9.7± 3.4 14.0± 60.2 3.0± 0.2 9.8± 4.5 13.5± 6.9 2.0± 0.5 9.1± 4.7 12.3± 8.4 2.2± 0.8 12.8± 3.6 18.9± 5.8

LSTM-MLP 2.7± 0.2 8.9± 3.6 13.4± 6.2 3.2± 0.5 9.4± 4.4 12.6± 6.2 2.1± 0.6 7.5± 4.7 10.5± 9.2 2.9± 1.4 14.8± 1.1 19.5± 3.8

RF −0.2± 1.7 3.7± 7.2 6.7± 11.9 −0.4± 1.6 4.2± 6.4 6.4± 11.8 −0.3± 2.0 3.2± 8.6 8.6± 14.5 −2.0± 1.1 7.0± 3.5 12.2± 10.5

Bias MLP 0.2± 1.6 2.4± 6.6 3.8± 11.7 −0.1± 1.6 3.4± 6.4 4.5± 11.2 0.3± 1.9 1.4± 8.7 3.8± 14.6 −1.7± 0.8 4.6± 6.6 11.7± 7.4

%BW LSTM 0.1± 1.6 2.5± 7.7 3.9± 11.7 −0.1± 1.4 3.6± 8.0 4.7± 12.4 0.3± 1.8 1.7± 10.1 3.6± 14.6 −1.5± 1.4 5.3± 10.3 10.4± 11.6

LSTM-MLP −0.2± 1.7 3.4± 6.3 4.8± 10.1 −0.3± 1.7 5.3± 6.1 5.8± 9.9 0.1± 1.9 3.4± 7.8 4.1± 13.2 −2.4± 1.8 3.4± 13.6 14.0± 5.7

Table A.3: Results of the cross-validation of the predicted 3D-GRF by each model compared to the reference for the reduced dataset without personalization over

the different phases.

17



Global Foot repositioning Sustained Impact

L AP V L AP V L AP V L AP V

RF 27.6± 5.3 98.2± 26.1 145.3± 72.6 30.5± 6.1 91.7± 39.0 126.4± 75.3 22.5± 9.1 84.1± 37.8 130.8± 104.3 24.8± 11.7 119.2± 15.3 161.0± 90.3

RMSE MLP 22.3± 4.3 72.0± 9.6 105.5± 25.7 25.7± 7.6 69.0± 16.5 88.3± 31.4 15.7± 5.6 43.9± 13.8 67.6± 24.3 14.8± 0.5 92.1± 4.9 109.8± 9.4

(N) LSTM 27.2± 6.6 99.4± 31.7 151.4± 75.1 30.9± 7.0 99.1± 39.1 139.8± 63.0 21.6± 9.7 86.2± 45.7 124.9± 116.7 28.4± 0.3 103.4± 25.0 160.4± 68.7

LSTM-MLP 27.0± 4.9 84.8± 14.3 127.2± 57.3 33.0± 8.3 86.8± 17.9 124.2± 43.4 19.5± 7.6 69.1± 16.3 103.6± 84.9 20.2± 2.9 104.6± 6.0 153.6± 22.7

r

RF 0.831± 0.048 0.848± 0.049 0.681± 0.165 0.889± 0.031 0.868± 0.039 0.887± 0.034 0.477± 0.106 0.530± 0.165 0.591± 0.177 0.402± 0.542 0.750± 0.002 0.654± 0.284

MLP 0.849± 0.029 0.847± 0.061 0.723± 0.107 0.896± 0.036 0.870± 0.025 0.882± 0.030 0.627± 0.091 0.572± 0.076 0.597± 0.099 0.507± 0.293 0.816± 0.032 0.712± 0.098

LSTM 0.837± 0.039 0.841± 0.059 0.664± 0.107 0.863± 0.077 0.833± 0.042 0.789± 0.060 0.577± 0.129 0.600± 0.080 0.610± 0.064 0.530± 0.288 0.819± 0.002 0.592± 0.127

LSTM-MLP 0.827± 0.046 0.854± 0.049 0.686± 0.123 0.856± 0.062 0.838± 0.014 0.773± 0.070 0.559± 0.180 0.557± 0.114 0.546± 0.141 0.572± 0.375 0.724± 0.021 0.365± 0.125

RF 2.5± 0.4 8.8± 2.3 13.0± 6.5 2.7± 0.4 8.2± 3.5 11.3± 6.8 2.0± 0.7 7.5± 3.4 11.7± 9.5 2.4± 0.9 11.5± 0.6 15.2± 7.5

RMSE MLP 2.0± 0.3 6.4± 0.4 9.4± 2.0 2.3± 0.6 6.1± 1.2 7.8± 2.2 1.4± 0.4 3.9± 1.1 6.0± 1.7 1.4± 0.1 9.0± 1.2 10.6± 0.0

%BW LSTM 2.4± 0.5 8.9± 2.7 13.6± 6.8 2.8± 0.5 8.8± 3.4 12.5± 5.6 1.9± 0.8 7.7± 4.1 11.1± 10.6 2.8± 0.2 9.9± 1.6 15.2± 5.4

LSTM-MLP 2.4± 0.4 7.6± 1.0 11.4± 5.2 2.9± 0.7 7.8± 1.5 11.2± 4.0 1.7± 0.6 6.2± 1.5 9.3± 7.7 2.0± 0.1 10.1± 1.4 14.8± 1.0

RF −0.3± 1.4 3.3± 5.7 3.6± 11.2 −0.4± 1.5 3.8± 5.5 4.4± 10.9 −0.1± 2.0 2.2± 7.9 6.3± 13.9 −1.8± 1.1 6.9± 2.0 8.4± 12.2

Bias MLP 0.1± 0.5 1.0± 1.2 −1.0± 4.8 0.1± 0.6 1.1± 2.5 −0.6± 5.3 0.2± 0.9 −0.3± 2.3 0.9± 5.3 0.4± 0.4 −2.7± 1.4 −4.6± 0.5

%BW LSTM −0.6± 1.4 3.2± 6.2 3.8± 11.5 −0.6± 1.3 3.5± 6.7 5.0± 10.1 −0.5± 1.6 2.2± 8.6 5.8± 14.2 −2.4± 0.1 5.6± 2.8 7.9± 11.7

LSTM-MLP −0.4± 1.2 2.0± 4.3 3.2± 8.8 −0.8± 0.9 3.9± 3.3 3.0± 7.9 −0.4± 1.3 2.2± 5.8 4.2± 11.4 −1.5± 0.1 −1.0± 5.2 3.6± 9.6

Table A.4: Results of the cross-validation of the predicted 3D-GRF by each model compared to the reference for the extended dataset without personalization

over the different phases.
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Global Foot repositioning Sustained Impact

L AP V L AP V L AP V L AP V

RMSE

(N)

MLP 20.6± 4.7 63.0± 16.4 92.4± 24.3 24.7± 7.7 66.4± 17.4 86.7± 16.2 15.6± 5.7 44.9± 13.0 49.2± 17.0 12.0± 2.3 107.0± 7.4 115.2± 24.8

LSTM 26.0± 2.1 88.3± 17.5 134.9± 64.6 33.4± 6.4 90.9± 9.6 124.3± 47.1 19.3± 4.1 69.6± 22.8 100.3± 80.7 18.2± 4.1 150.5± 9.5 187.0± 18.0

LSTM-MLP 25.4± 5.0 90.3± 24.0 134.0± 53.3 34.3± 8.7 93.8± 11.3 128.4± 47.9 16.5± 4.5 69.1± 12.6 95.1± 52.4 15.9± 0.8 156.1± 18.5 206.1± 6.8

r

MLP 0.863± 0.020 0.881± 0.044 0.755± 0.134 0.889± 0.051 0.876± 0.030 0.874± 0.033 0.624± 0.098 0.581± 0.051 0.544± 0.125 0.647± 0.378 0.847± 0.040 0.599± 0.325

LSTM 0.830± 0.019 0.843± 0.056 0.698± 0.119 0.881± 0.046 0.846± 0.051 0.795± 0.092 0.632± 0.086 0.635± 0.109 0.538± 0.096 0.414± 0.224 0.868± 0.041 0.292± 0.105

LSTM-MLP 0.823± 0.027 0.804± 0.077 0.686± 0.146 0.855± 0.061 0.811± 0.071 0.813± 0.065 0.623± 0.064 0.520± 0.119 0.531± 0.110 0.424± 0.271 0.724± 0.047 0.382± 0.057

RMSE

%BW

MLP 1.8± 0.3 5.6± 1.1 8.3± 2.2 2.2± 0.6 5.9± 1.2 7.8± 1.1 1.4± 0.4 4.0± 1.0 4.4± 1.5 1.2± 0.1 10.4± 1.6 11.0± 1.5

LSTM 2.4± 0.2 7.9± 1.3 12.0± 5.1 3.0± 0.5 8.2± 1.1 11.0± 3.3 1.7± 0.2 6.3± 2.0 8.7± 6.3 1.8± 0.6 14.6± 2.1 18.2± 3.2

LSTM-MLP 2.3± 0.4 8.1± 2.0 12.0± 4.4 3.1± 0.7 8.5± 1.2 11.4± 3.6 1.5± 0.3 6.2± 1.4 8.4± 4.0 1.5± 0.2 15.2± 3.0 20.0± 2.3

Bias

%BW

MLP 0.1± 0.1 −0.5± 0.6 0.7± 0.5 −0.1± 0.1 −0.4± 0.8 0.3± 0.8 −0.1± 0.4 −1.8± 1.2 0.2± 1.4 −0.1± 0.4 −6.6± 2.4 −4.0± 2.2

LSTM −0.2± 0.8 −2.2± 4.0 0.4± 9.0 −0.2± 1.0 −1.9± 5.8 0.3± 8.0 −0.3± 1.0 −3.1± 4.3 1.8± 10.3 1.0± 0.6 −11.6± 2.3 −12.8± 1.5

LSTM-MLP 0.2± 0.6 −1.9± 3.8 −0.8± 8.0 0.1± 0.8 −1.9± 5.7 −1.7± 8.3 0.1± 0.6 −3.1± 4.1 −0.1± 7.9 0.6± 0.1 −11.2± 3.1 −15.2± 1.2

Table A.5: Results of the cross-validation of the predicted 3D-GRF by each model compared to the reference for the reduced dataset with personalization over

the different phases.
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Global Foot repositioning Sustained Impact

L AP V L AP V L AP V L AP V

RMSE

(N)

MLP 26.5± 5.2 103.7± 36.1 114.2± 29.2 28.6± 6.8 108.0± 39.9 105.6± 24.4 19.6± 9.0 85.2± 46.8 84.3± 44.6 25.8± 3.7 109.6± 4.7 108.0± 16.3

LSTM 27.1± 4.5 97.4± 20.3 116.8± 21.1 30.8± 8.1 83.1± 17.2 111.1± 12.6 18.0± 6.2 53.2± 15.6 65.7± 31.5 18.2± 3.7 100.4± 13.4 150.5± 0.4

LSTM-MLP 25.3± 5.6 86.6± 9.6 125.3± 21.2 32.9± 9.2 88.7± 8.3 121.4± 16.5 17.3± 6.7 64.3± 12.8 63.1± 10.8 15.4± 0.2 148.4± 42.4 141.9± 48.5

r

MLP 0.841± 0.023 0.848± 0.070 0.701± 0.108 0.894± 0.042 0.817± 0.042 0.870± 0.035 0.610± 0.080 0.532± 0.095 0.480± 0.243 0.541± 0.366 0.797± 0.047 0.756± 0.153

LSTM 0.794± 0.073 0.691± 0.227 0.673± 0.086 0.881± 0.044 0.799± 0.035 0.780± 0.053 0.631± 0.084 0.609± 0.111 0.577± 0.064 0.577± 0.133 0.810± 0.062 0.714± 0.179

LSTM-MLP 0.796± 0.040 0.748± 0.159 0.616± 0.106 0.654± 0.039 0.772± 0.115 0.677± 0.153 0.543± 0.100 0.599± 0.115 0.525± 0.166 0.498± 0.268 0.767± 0.033 0.644± 0.115

RMSE

%BW

MLP 2.4± 0.4 9.2± 2.8 10.3± 2.9 2.6± 0.5 9.6± 3.2 9.5± 2.2 1.7± 0.7 7.6± 3.9 7.6± 4.1 2.5± 0.1 10.6± 0.4 10.4± 0.7

LSTM 2.4± 0.2 8.7± 1.3 10.6± 2.7 2.7± 0.6 7.4± 1.1 10.0± 1.4 1.6± 0.4 4.7± 1.2 6.1± 3.5 1.8± 0.2 9.8± 2.1 14.6± 1.2

LSTM-MLP 2.3± 0.4 7.8± 1.3 11.4± 2.6 2.9± 0.7 7.9± 0.5 10.9± 1.0 1.5± 0.5 5.8± 1.3 5.7± 0.7 1.5± 0.1 14.6± 5.3 13.6± 3.6

Bias

%BW

MLP −0.9± 0.7 5.4± 3.8 4.5± 4.5 −0.9± 0.8 6.3± 4.7 4.9± 3.4 −0.8± 0.7 5.0± 6.0 5.6± 5.6 −2.1± 0.1 2.0± 2.7 1.5± 3.3

LSTM −0.3± 0.6 −0.2± 2.7 0.7± 3.9 −0.3± 0.7 −0.4± 3.4 2.3± 4.8 −0.3± 1.0 −2.6± 2.3 2.5± 5.6 0.8± 1.0 −3.4± 1.3 1.4± 15.9

LSTM-MLP −0.3± 0.4 −1.6± 2.4 −1.3± 5.3 −0.3± 0.5 −1.2± 4.0 −0.7± 6.1 −0.6± 0.6 −3.8± 2.2 −0.6± 4.1 0.5± 0.1 −10.5± 6.9 −7.8± 6.9

Table A.6: Results of the cross-validation of the predicted 3D-GRF by each model compared to the reference for the extended dataset with personalization over

the different phases.
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