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ABSTRACT Locomotor injuries in horses are a major cause of underperformance and serious welfare issue. 

Veterinarians typically investigate horses’ lameness through visual examination at separate gaits (walk, trot, 

gallop). To evaluate lameness objectively, Inertial Measurement Units (IMU) based systems have been 

developed. It is necessary to accurately identify the gait of each stride as vertical displacement symmetry is 

assessed at a defined gait, essentially trot. This study aimed to classify gaits into 6 classes and to assess the 

training sample size required to maximize the performance. Unlike previous methods, we used raw IMU data 

without manually preselecting specific signal segments. Seven sensors were strategically placed on the limbs, 

head, withers, and pelvis of horses. 1440 horses were used in our unsupervised model and the gait of 110 

horses was labelled using IMU data for our supervised models. We divided the 6 gaits classification task into 

two subtasks: a four-gaits classification and a gallop-specific classification. In the first subtask, we compared 

the performance of a machine learning (XGBoost), a deep learning (LSTM) and a transfer learning (ENCOD-

CNN) model, depending on the labelled training sample size. Our results show that the transfer learning 

approach outperformed the other models, achieving test accuracy of 91.9%. Our gallop classification task 

achieves 97.1% accuracy and the total pipeline reaches 91.2% accuracy. Beyond improving gait classification 

in a real clinical setting, this research demonstrates the potential of transfer learning for time-series datasets 

and provides a quantitative assessment of the required labeled sample size for effective implementation. 

 

INDEX TERMS Deep learning, gait classification, horse, training sample size, transfer learning 

I. INTRODUCTION 

Locomotor injuries in horses have major impacts on their 

welfare, performance, also impacting the economy of their 

stakeholders [1], [2], [3]. Equine locomotion is commonly 

evaluated by visual observation of a veterinarian looking at 

the horse moving at different gaits (walk, trot, gallop), 

figure (straight line, circles), and on different types of 

ground (hard, soft). However, although widely used, the 

visual assessment of horses' lameness is not always 

consistently reliable [4]. To aid veterinarians in lameness 

assessment and objectify gait analysis, Inertial 

Measurement Unit (IMU) based systems have been 

developed with a common goal of being robust to a variety 

of horses [5], [6], [7]. These tools are particularly beneficial 

for detecting mild lameness, which is more challenging to 

identify than severe lameness [8]. They also are relevant as 

non-invasive tools for the longitudinal follow-up of horses 

and for injury prevention [9]. Though markerless video 

analysis tools are emerging as promising alternative, IMU 

sensors remain today a more reliable tool for accurately 

detecting symmetry indices [10], [11]. Timmerman et al. 

[12] suggest that there is a good inter-operator 
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reproducibility when repositioning these systems and 

repeating the same measurements at a succession of time 

intervals. 

IMU-based systems for horses generate time-series data, 

often addressed in recent years with machine learning or 

deep learning methods. However, the number of horses 

used varies a lot from one study to the other: 6 horses were 

used in [13], [14], 65 in [15], 111 in [16], and 120 in [17]. 

To our knowledge, no rationale exists in the field to size the 

number of horses required to train machine learning or deep 

learning models with this kind of data. 

Most of these systems compute symmetry indices of 

vertical displacements. However, these indices must be 

computed within a constant gait, necessitating precise 

identification of the gait for each stride. From symmetry 

indices, vertical displacement thresholds [18], [19], [20], 

[21] have been suggested to differentiate between sound 

and lame horses. Trot is the focus gait of these systems. 

However, other gaits, such as walk and gallop, have been 

shown to significantly influence locomotion variables [15], 

and some disorders are primarily detectable only at specific 

gaits [19]. As a result, multi-gait classification becomes 

essential to analyze and build indices for these additional 

gaits. Moreover, gait classification can serve as a 

foundational step toward achieving more advanced tasks, such 

as limb pose estimation [13]. 

In this study, we implemented deep learning and transfer 

learning approaches based on raw IMU signals, evaluating 

their performance as a function of the available labeled 

sample size.  

 
II. RELATED WORKS 

Applying neural network models on the same kind of IMU 

data, other works focused on ground type classification [16], 

gait recognition in humans [23], [24], [25], [26], [27] or 

behavior classification in animals [28]. Gait classification can 

be performed by rule-based methods such as the limb stance 

sequence [22]. However, it is not robust to horses with specific 

locomotion or types of lameness. Therefore, some works use 

machine learning models for gait classification.  

Aggregated features can be built to assess horses’ locomotion 

[14], [15], [16], [17], [29]. They typically are:  

• temporal: stride duration or frequency, stance duration, 

suspension duration, duty factor (ratio of the stance 

duration over the stride duration)  

• spatial: minimum, maximum, mean, median, standard 

deviation (std), variance, percentiles, kurtosis, skewness, 

Fast Fourier Transform (FFT) magnitude and phase  

• spatio-temporal: diagonal dissociation, lateral 

dissociation  

They were used as input of Support Vector Machine (SVM), 

Quadratic Discriminant Analysis (QDA), Decision Tree, or 

simple Neural Networks (NN). 

More recently, raw IMUs data have been used as model’s 

input [13], [17] along with Convolutional Neural Network 

(CNN) or Long Short Time Memory network (LSTM). Time-

series datasets often lead to high-dimensionality data for 

which the LSTM model is known to be adapted [25], [27], 

[30]. Yet, Ismail Fawaz et al. [30] found that an additional data 

transformation phase was used in the most successful time-

series classification algorithms. This phase maps the original 

time-series into a new feature domain. In addition, collecting 

large amounts of labeled data in real-word field applications is 

typically more challenging than gathering unlabeled data due 

to factors such as cost, time, and quality constraints. From 

these two observations, unsupervised feature extractor models 

based on autoencoder have been developed [31], [32]. Such 

autoencoder are trained to learn efficient feature 

representation from the base unlabeled dataset, before 

reconstructing the signal. Fatima et al. [33] showed that 

extracting features from IMU data for human gait recognition 

yield higher performance than other state-of-the-art methods.  

Some authors highlighted the role of data augmentation in the 

robustness of the models [34], [35], [36]. Data augmentation 

is achieved by transformation of the existing data or by new 

samples generation [37], [38]. Transformation techniques, 

such as jittering, scaling, rotation, time warping, are less 

complex than generative methods [34] but are known to be 

efficient with time-series data [35], [36].  

Others [13], [14], [29] focused on binary (walk, trot) gait 

classification, achieving up to 99% accuracy by training the 

model on data collected on horses moving on a treadmill [29]. 

Another work performed multi-class (walk, trot, right-gallop, 

left-gallop, pace, tolt, paso, trocha) [17] gait classification and 

achieved an accuracy of 97%. The models used are NN such 

as LSTM [13], [17], CNN [13], [14] or machine learning 

models such as SVM [14], [17], Discriminant Analysis [17], 

[22], [29]. However, all these studies rely on the manual 

selection of specific signal segments before gait detection, 

resulting in the signal being necessarily one of the defined 

gaits. This approach is not realistic in typical veterinary 

practice settings, where no operator is available to precisely 

mark the start and stop points of each region of interest. 

Additionally, horses in unfamiliar environments may 

experience fear or excitement, further complicating the 

accuracy of such manual segmentation. 

The aim of this study is to propose a new approach to classify 

gaits (walk, trot, left-gallop, right-gallop, disunited gallop) 

from the entire signal by adding a class ’other’ and with two 

subtasks: four-gaits classification (walk, trot, gallop, other) 

followed by gallop classification (left-gallop, right-gallop, 

disunited gallop) with aggregated features. The ‘other’ class 

contains horses’ halt, kicks, shakes, gait transitions and other 

artifacts. It enables live use of gait classification in standard 

veterinary practice without manual action and therefore opens 

the way for extensive data collection. To leverage the 

constraint of possible few annotated data, an autoencoder 

approach is presented. 

 
III. METHODOLOGY  
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A. DATA COLLECTION 

A total of 1440 horses were examined either during standard 

veterinarian locomotor assessments at a clinic specialized in 

equine locomotion between 2021 and 2024 or during weekly 

checkups in elite horses stables between 2023 and 2024. 

Horses were presented in-hand at various gaits (walk, trot, 

gallop), figures (straight line, right and left circles, straight line 

after flexion), and on two types of ground-surfaces (hard and 

soft). The dataset gathers 8273 conditions (triplet {gait, figure, 

ground}). Data collection employed the EQUISYM system 

(Arioneo, LIM France, Nouvelle-Aquitaine, France) equipped 

with seven IMUs placed on the four cannons, head, withers, 

and pelvis (Fig. 1). A dedicated fixture system was used to 

ensure the correct positioning of the IMU at the attachment 

site, with trained operators handling its placement. Each IMU 

was sampled at 200 Hz, synchronized with the other six, and 

equipped with a three-dimensional accelerometer (measuring 

acceleration within a full-scale range of ±8 gravitational force 

equivalence) and a gyroscope (measuring angular velocity 

within a range of ±1000 degrees per second) in three 

dimensions. The entire raw time-series signals were used 

without any manual selection. 

 

FIGURE 1. Horse equipped with the EQUISYM system. 

B. DATA LABELING  

Gait labeling was performed manually using the proximo-

distal (vertical) axis of the gyroscopes on the four limbs for 

110 horses across 1142 conditions. Samples of the time-series 

for walk, trot, gallop, and ‘other’ are shown in Fig. 2. Among 

the 110 horses, all had walk and trot conditions and 92 had at 

least one condition with gallop. Live videos were recorded 

during all the conditions to assist in the labeling process. The 

six classes consisted of five gait classes, namely walk, trot, 

right gallop, left gallop, and disunited gallop, as well as one 

additional class labeled 'other.' The later covers all non-

constant gait signal parts. It resulted in 36500 seconds of IMU 

signals recorded at 200 Hz, categorized into 6 classes. The data 

were distributed into 18.6% walk, 48.1% trot, 4.6% left-hand 

gallop, 4.9% right-hand gallop, 0.6% disunited gallop and 

23.2% other classes. The horse population from the labelled 

data was represented by gender (52 geldings, 32 females, 15 

males, 11 unknown), age (ranging from 3 to 17 years old, and 

mean value of 9.5 ± 3.1), breed (52 Selle Français, 6 Origine 

Constatée, 6 Zangersheide, and 46 from 18 other breeds), and 

activity (59 in show jumping including 8 at international 

level,11 in dressage including 4 at international level, 11 in 

eventing including 3 at international level, 5 for leisure, and 

24 from 5 other activities).   

C. DATA PRE-PROCESSING 

The time-series data from the sensors have 42 dimensions (7 

sensors, 2 measures, 3 axis). The pre-processing involved the 

following steps:  

1) Down-sampling: the time-series data were down-sampled 

to 100 Hz as recommended in [16]. This recommendation was 

based on a comparative study evaluating data quality across 

different sampling frequencies ranging from 10 to 200 Hz. 

2) Standardization of each feature independently. The mean 

and standard deviation were taken from the training set. 

Standardization was preferred to minimum-maximum 

normalization as the data contain outliers due to the “other” 

class. 

3) In the case of four-gaits classification (section E.1), data 

augmentation with time-warping (sigma=0.2 & knots=3) and 

scaling (sigma=0.01). These transformations were selected 

among basic methods for time-series augmentation [38]: 

jittering, axis rotation and random guided warping. Their 

parameters were set by fine-tuning. 

4) Sequence length (len_sequence) was chosen to contain at 

least one stride of each gait. In the case of four-gaits 

classification, walk is the slowest gait and has an average 

stride duration at 100 Hz of 131 (±14) timestamps. In the case 

of gallop classification, only gallop is considered and has an 

average stride duration at 100 Hz of 59 (±4) timestamps. 

Sequences were created by overlapping sliding windows of 

FIGURE 2. Walk, trot, gallop and ‘other’ samples of gyroscope 
dorso-ventral axis of each limb: left front limb (LF), right front limb 
(RF), left hindlimb (LH), right hindlimb (RH) 
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length len_sequence, every k_train timestamps. For four-gaits 

classification (section E.1), len_sequence=256 and 

k_train=10. For gallop classification (section E.2), 

len_sequence=64 and k_train=32. k_train values were 

selected with fine tuning. 

5) To ensure continuous temporal signals, only sequences on 

one condition are retained. 

D. FEATURE EXTRACTION AND SELECTION 

Two different types of features were used as input of our 

models. First, raw features of size (len_sequence, n_features). 

Second, aggregated features of size (n_features*n_metrics). 

The aggregated features metrics, both temporal and spatial, are 

described in Table I. In the case of aggregated features, a final 

preprocessing step is added to perform the aggregation of raw 

signals using the defined metrics. 

The data dimensionality was reduced to retain n_features and 

n_metrics with the following process. First, as correlation is 

often identified as a source of unreliable feature ranking [39], 

the feature set was filtered to keep only one feature in a set of 

correlated features [40]. A threshold of |0.7| was applied to 

identify strong correlations [41], with pairs of features 

exhibiting a correlation coefficient equal to or greater than this 

threshold considered correlated. 

Features were then selected based on their contribution to 

classification model performance. Since we developed three 

models, namely a machine learning model (XGBoost), a deep 

learning model (LSTM), and a transfer learning model 

(ENCOD-CNN), we used feature selection method 

appropriate for each model. For aggregated features, the 

feature importance method of the XGBoost model was used.  

For raw features, a forward feature selection process was 

applied using a standard CNN. The forward selection method 

was sequential [42] and described iteratively as follows: 1) the 

model was trained using one feature at a time; 2) the feature 

y_best_1 associated with the best model performance was 

retained, and the model was then trained using a combination 

of this feature with each of the remaining features; 3) at step i, 

the feature set (y_best_1 , ..., y_best_i ) was retained, and the 

model was trained using a combination of this subset with 

each additional feature and 4) the process was stopped when 

the performance improvement when adding another feature 

fell within the 95% confidence interval of the 5-fold cross-

validation.  

The optimized CNN hyperparameters can vary with the 

feature set used, however we retained the optimized 

hyperparameter set found when training the models with all 

features for homogeneity reasons. 

For consistency in the comparisons, the feature set retained for 

training of all models compared in each task was the 

concatenation of the optimized sets found for aggregated and 

raw features cases.  It therefore combined accelerometer and 

gyroscope data from upper-body and limb sensors, the exact 

set is detailed in annex Table VIII for four-gaits classification 

task and in annex Table IX for gallop classification task. 

TABLE I 

AGGREGATED FEATURES DESCRIPTION 

E. CLASSIFICATION MODELS 

The six classes classification task was divided to account for 

the small proportion of gallop samples by splitting it into two 

subtasks (Fig. 3): a four-gaits (walk, trot, gallop, other) 

Feature Description Type 

min Minimum value of the window Spatial 

max Maximum values of the window Spatial 

amplitude max-min Spatial 

std Standard deviation of the window Spatial 

mean Mean value of the window Spatial 

median Median value of the window Spatial 

FFT magnitude Six first FFT coefficient 

magnitudes 

Temporal 

FFT phase Six first FFT coefficient phases Temporal 

nb 0 crossings Number of times the signal 

crosses 0 in the window 

Temporal 

mean stride 

frequency 

Mean stride frequency in the 

window 

Temporal 

std stride 

frequency 

Standard deviation of the stride 

frequency in the window 

Temporal 

shift between 

peaks 

Shift between maximum peaks of 

two sensors (lateral limbs, 

diagonal limbs, front limbs, 

hindlimbs, withers & pelvis) in 

the window 

Temporal 

phase shift Phase shift between signals 

(lateral limbs, diagonal limbs, 

withers & pelvis) of the window 

Temporal 

FIGURE 3. The six gaits task is divided into two consecutives subtasks: four-gaits classification and gallop classification. The machine learning 
model takes as input aggregated features (yellow path) whereas deep learning models takes raw features as input (red path). 
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classification task followed by a gallop classification task 

(right-hand, left-hand or disunited). At inference time, gallop 

classification is achieved for all samples classified as gallop. 

The classification models tested include a machine learning 

model (XGBoost) and two deep learning models (LSTM and 

ENCOD-CNN) with hyperparameters optimized through 

preliminary experiments. Hyperparameters not detailed in the 

model descriptions are either described for each experiment 

(optimized hyperparameter depending on the settings) or 

defaulted to library values. The seed was fixed, and random 

initialization was used for all neural networks. 

 

1) FOUR-GAITS CLASSIFICATION 

The models in this section classify the signal into 4 classes: 

walk, trot, gallop, and other. As a machine learning approach, 

XGBoost takes aggregated features as input. The LSTM 

network processes raw features as input and follows this 

architecture: 2 LSTM layers with batch normalization, tanh 

activation, and output size of 64 and 32 respectively. They are 

followed by a fully connected layer with batch normalization, 

ReLU activation, and an output size of 16. The output layer is 

a dense time-distributed layer with an output size of 

n_classes=4 and sigmoid activation. The return sequence 

parameter was set to True. It results in a network with 32692 

trainable parameters.  

The ENCOD-CNN network takes as input the raw features. It 

combines a feature extractor encoder which was trained as part 

of an autoencoder and a CNN for classification. The 

autoencoder gathers an encoder for feature extraction and a 

decoder for signal reconstruction. The encoder has 4 

convolutional layers, ReLU activation, and maxpooling of 

size 2. Batch normalization was used in the first layer. The 

encoder maps the input data of size (len_sequence, n_features) 

to an extracted feature data of size (16, 4). It is followed by the 

decoder with 4 convolutional layers, ReLU activation, and 

upsampling of size 2. The kernel size was set to 3 and padding 

to ’same’. The decoder, with four convolutional layers, maps 

back the data to the output size of (len_sequence, n_features). 

The classifier CNN has the following architecture: 3 

convolutional layers with batch normalization, ReLU 

activation, and output size of 64, 32, and 16 respectively. The 

first two layers have a maxpooling with size 2. It is followed 

by a flatten layer and a fully connected layer with sigmoid 

activation. Kernel size was set to 3, and padding to ’same’. 

The encoder layers were then used before the CNN network. 

Encoder layers were defined as non-trainable layers, whereas 

the classifier neural network was trained with the labelled 

dataset. It results in a network with 9044 trainable parameters. 

 

2) GALLOP CLASSIFICATION 

The goal of gallop classification is to differentiate between 

various types of gallop: right-hand, left-hand, and disunited 

gallop. The proposed classification model leverages an 

XGBoost algorithm, which uses aggregated features as input.  

The dataset used for gallop classification was imbalanced. To 

address this, class weights were set to 'balanced' in the 

XGBoost model, a common strategy for handling imbalanced 

datasets. This approach adjusts the weights inversely to the 

class frequencies in the input data, ensuring the model gives 

greater importance to the minority class. This approach 

ensures that the model adequately accounts for less frequent 

classes, resulting in improved overall performance and more 

accurate predictions across all classes. 

F. DATA POST-PROCESSING 

Data post-processing steps convert sequence predictions to 

timestamp predictions. It is built to have an equivalence 

between the accuracy seen on sequence classification, which 

is optimized by the classifier training, and the timestamp-wise 

classification accuracy. As displayed in Fig. 4, two types of 

data were obtained as output of our models: raw (LSTM) and 

aggregated (ENCOD-CNN and XGBoost) sequences. The 

post-processing steps were adapted for each of the output 

types. We define k_test the step between two consecutive 

sliding windows at inference time. With k_test<len_sequence, 

the sliding windows overlap. k_test was selected as a trade-off 

between reduced computation time and accuracy. 

Raw outputs are of size (len_sequence, n_classes) and are the 

class prediction of the model for each timestamp in the 

sequence. As we use overlapping sliding windows at inference 

time, each timestamp potentially has several predictions. The 

final timestamp class is the result of majority voting, as it is 

commonly done in [43], [44]. We selected the step 

k_test=len_sequence//3=85 to have an average of 3 votes per 

timestamp, validated by fine-tuning.  

Aggregated outputs are of size (n_classes) and are the class 

prediction of the model for the majority class of the sequence. 

At inference time, each input sequence results in an output 

class for the entire sequence. The predicted label is applied to 

all timestamps in the sequence. As we use overlapping sliding 

windows, each timestamp eventually has several predictions. 

The final timestamp class is the result of majority voting. We 

selected the step k_test=10 by fine-tuning. 

Timestamps at the extremity of every sequence lack the 

context that middle timestamps have. A boundary of 10% of 

the sequence length was applied at the beginning and end of 

every sequence. The boundary represents the timestamps that 

are ignored in the majority voting. The 10% value was selected 

through fine-tuning. 

 

G. MODEL TRAINING AND EVALUATION 

All models were trained using the labelled dataset and 5-fold 

cross-validation on the training horses, while tested on fixed 
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set of horses chosen randomly before the first experiment. 

The number of training horses varied based on fixed sets 

built with a random sampling done once and for all before 

the first experiment. The sampling ensures that samples of 

the set with m horses are included in all sets with more 

horses. 

 Both tasks were therefore evaluated with the 5-fold cross-

validation accuracy and standard deviation, the accuracy on 

the test sequences (before post-processing) and the accuracy 

on the test timestamps (after post-processing). Confusion 

matrices were used to evaluate class accuracy. The four-gaits 

classification task was also compared to a rule-based method 

based on limb stance sequence as described in [22]. 

Beginning with the left front limb, for instance, the walk 

foot-fall contact order is left front limb (LF), right hindlimb 

(RH) right front limb (RF), and left hindlimb (LH). Every 

defined gait (walk, trot, right gallop, left gallop, and 

disunited gallop) has a precise foot-fall contact order. Right, 

left, and disunited gallop are grouped in the same gallop 

class. All samples that did not fit a defined gait stance 

sequence were classified as ‘other’ in the rule-based method. 

 

IV. RESULTS 

The models were implemented in PythonTM (version 3.11.5; 

Python Software Foundation) using scikit-learn (version 

1.3.2) and keras (version 2.14.0) libraries. All models were 

trained using a fixed seed. 

 
A. FOUR-GAITS CLASSIFICATION 

A total of 40 horses were reserved for testing, while the 

number of training horses was incrementally increased in 

steps of 5, ranging from 10 to 70, to analyze the impact of 

adding more horses and to determine the minimum number 

required for a stable model. Upon completion of the 

preprocessing steps, the test set contains 66741 sequences, 

and the training set gathers between 30198 (10 horses for 

training) and 205102 (70 horses for training) sequences. The 

exact number of sequences in the training set for each 

number of training horses is described in Table VI 

(appendix). 

All neural networks were trained using an Adam optimizer 

and a batch size of 1024. The autoencoder was trained on 10 

epochs with a Mean Squared Error (MSE) loss and a learning 

rate of 1e-3. The LSTM and the ENCOD-CNN were trained 

on 100 epochs using a Mean Absolute Error (MAE) loss. The 

LSTM used a learning rate of 1e-4 whereas the ENCOD-CNN 

used a learning rate of 1e-3. The XGBoost model was trained 

with a learning rate of 1e-1 and a class weights set to 

‘balanced’. The performance of the classification models for 

each number of horses in the training set are gathered in Table 

II. In the following, we present the results of the testing set for 

timestamp-wise classification, as this is the final goal of our 

classification. Overall, the best classification accuracies were 

above 91.6% and achieved with the ENCOD-CNN trained 

with 55 or more horses, or with the LSTM trained with 65 

horses. The XGBoost yielded the best accuracy (81.2%) for 

training with only 10 horses compared to the LSTM (63.5%) 

and the ENCOD-CNN (66.5%). The XGBoost model did not 

benefit from additional horses in the training set above 35 

horses and reached an accuracy of 89.5%. The LSTM 

accuracy tended to improve with the number of horses in the 

training set. The best accuracy (91.6%) for this model was 

achieved with 65 horses. It was not stable for the other 

numbers of horses in the training set, whereas the ENCOD-

CNN reached accuracies above 91% with 45 or more horses. 

With the ENCOD-CNN all accuracies were above 89.7% with 

25 or more horses whereas the LSTM accuracy needed 55 or 

more horses to be above 89.5%

FIGURE 4. From sequence to timestamp classification. Post-processing steps for raw outputs (a) (pi,j being the predicted class in sequence i for 
timestamp j) and for aggregated outputs (pi being the predicted class for sequence i). 
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TABLE II 

ACCURACY (ACC) FOR EACH NUMBER OF HORSES IN THE TRAINING SET AND FOR EACH CLASSIFICATION MODEL. ACCURACY IS DISPLAYED FOR 5-FOLD 

CROSS VALIDATION WITH STANDARD DEVIATION (STD), TEST SEQUENCES (TEST SEQ) AND TEST TIMESTAMPS (TEST T). BOLD VALUES REPRESENT FOR EACH 

MODEL THE BEST PERFORMING SETTING WITHIN CONFIDENCE INTERVALS OF TEST T ACCURACY. 

Horse 

number 

XGBoost LSTM ENCOD-CNN 

5-cross-val 

Acc (std) 

Acc 

test seq 
Acc test t 

5-cross-val 

Acc (std) 

Acc test 

seq 
Acc test t 

5-cross-val 

Acc (std) 

Acc test 

seq 
Acc test t 

10 91.7 (0.3) 80.7 81.2 83.2 (1.9) 62.4 63.5 87.5 (0.4) 65.7 66.5 

15 91.4 (0.3) 87.5 87.5 87.4 (0.2) 80.2 80.9 88.5 (2.8) 84.9 85.7 

20 90.9 (0.3) 88.3 88.3 88.4 (0.4) 85.5 86.6 88.9 (0.3) 88.5 88.9 

25 90.8 (0.2) 88.6 88.6 89.0 (0.4) 87.8 88.6 89.2 (0.9) 90.2 90.2 

30 90.7 (0.3) 89.1 89.1 89.3 (0.5) 89.7 90.5 89.9 (0.2) 88.7 89.7 

35 90.7 (0.2) 89.3 89.5 89.6 (0.5) 89.1 89.8 89.8 (0.3) 90.6 90.8 

40 91.0 (0.2) 89.1 89.3 90.0 (0.2) 87.9 88.6 90.1 (0.3) 88.7 89.8 

45 91.1 (0.3) 89.3 89.4 89.7 (0.3) 88.1 88.5 90.3 (0.8) 91.3 91.1 

50 90.8 (0.3) 89.2 89.3 89.8 (0.5) 88.3 88.9 90.2 (0.1) 90.9 91.3 

55 90.8 (0.1) 89.4 89.4 90.0 (0.1) 89.0 89.5 90.1 (0.2) 92.1 91.9 

60 90.8 (0.2) 89.2 89.3 90.2 (0.3) 89.3 89.6 90.5 (0.1) 91.9 91.8 

65 90.8 (0.1) 89.3 89.3 90.4 (0.1) 91.0 91.6 90.6 (0.0) 91.6 91.7 

70 90.9 (0.1) 89.4 89.3 90.4 (0.2) 90.3 90.8 90.7 (0.1) 91.7 91.8 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

TABLE IV 

ACCURACY (ACC) DEPENDING ON THE NUMBER OF HORSES IN THE TRAINING SET FOR THE 5-CROSS VALIDATION WITH STANDARD DEVIATION (STD), THE 

TEST SEQUENCES (TEST SEQ) AND THE TEST TIMESTAMPS (TEST T). 

Horse 

number 

Acc (std) 5-cross-val Acc test seq Acc test t 

  Total Left-gallop Right-gallop Disunited gallop 

10 98.8 (1.0) 96.6 96.7 96.2 97.5 93.1 

15 98.8 (0.6) 96.7 96.4 96.5 97.6 86.9 

20 99.2 (0.3) 96.7 96.6 96.3 97.7 89.8 

25 99.1 (0.2) 96.6 96.3 96.4 97.4 88.1 

30 99.1 (0.3) 96.8 96.7 96.3 97.6 91.7 

35 99.0 (0.3) 96.9 96.8 96.7 97.5 92.2 

40 99.1 (0.3) 96.9 96.9 96.7 97.6 92.3 

45 99.1 (0.3) 96.9 97.0 96.5 97.9 93.2 

50 99.1 (0.07) 97.2 97.1 96.2 98.2 94.0 

55 99.0 (0.2) 96.7 96.8 96.0 98.0 93.2 

Predicted 

 True              

. 

Walk Trot Gallop Other 

Walk 
204027 

(94.3%) 

259  

(0.1%) 

0  

(0.0%)  

12096 

(5.6%) 

Trot 
0  

(0.0%) 

684336 

(94.1%) 

4746  

(0.7%) 

38071 

(5.2%) 

Gallop 
0  

(0.0%) 

6209  

(4.0%) 

145734 

(92.8%) 

5135  

(3.2%) 

Other 
33179  

(10.5%) 

23782  

(7.5%) 

27890  

(8.9%) 

230820 

(73.1%) 

(c) XGBoost 

Predicted 

 True              

. 

Walk Trot Gallop Other 

Walk 
191170 

(90.4%) 

14 

(0.0%) 

0  

(0.0%)  

20363 

(9.6%) 

Trot 
14  

(0.0%) 

698034 

(97.2%) 

350 

(0.0%) 

20044 

(2.8%) 

Gallop 
2  

(0.0%) 

185  

(0.1%) 

143193 

(92.3%) 

11707 

(7.6%) 

Other 
36122  

(12.1%) 

22170  

(7.5%) 

16490  

(5.5%) 

223381 

(74.9%) 

(b) LSTM 

 

Predicted 

 True              

. 

Walk Trot Gallop Other 

Walk 
209239 

(96.7%) 

112 

(0.0%) 

0 

(0.0%) 

7031 

(3.3%) 

Trot 
3 

(0.0%) 

716700 

(98.6%) 

68 

(0.0%) 

10382 

(1.4%) 

Gallop 
0 

(0.0%) 

360 

(0.2%) 

145347 

(92.5%) 

11371 

(7.3%) 

Other 
39158 

(12.4%) 

36392 

(11.5%) 

10853 

(3.4%) 

229268 

(72.6%) 

(a) ENCOD-CNN 

TABLE III 

CONFUSION MATRIX FOR THE ENCOD-CNN (A), THE LSTM (B), AND THE XGBOOST (C) TRAINED WITH 70 HORSES. 
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Confusion matrices for the three models trained with 70 horses 

are displayed in Table III. For all models, the accuracy of 

prediction of walk, trot and gallop classes were above 90%. 

However, the accuracy of prediction of the class ‘other’ was 

around 73%, the lowest achieved 72.6% with the ENCOD-

CNN and the highest 74.9% with the LSTM. The prediction 

accuracy of trot was notably higher with the ENCOD-CNN 

(98.6%) or the LSTM (97.2%) than with the XGBoost 

(94.1%), whereas the prediction accuracy of walk was 

significantly higher with the ENCOD-CNN (96.7%) than with 

the LSTM (90.4%) and the XGBoost (94.3%). Gallop 

prediction accuracy, between 92.3% and 92.8%, was stable for 

all models. Focusing on out-of-diagonal values, the class 

‘other’ gathered most of the confusion (last column and last 

row).  

 

We compared our best model, the ENCOD-CNN, trained with 

70 horses with a rule-based gait classification algorithm based 

on limb stance sequence. The comparison was done on our set 

of test horses. The ENCOD-CNN based pipeline achieved 

91.7% accuracy while the rule-based method achieved 56.9% 

across all conditions. When only walk, trot and gallop classes 

are kept by removing the ‘other’ class, the ENCOD-CNN 

based method yielded 97.3% accuracy and the rule-based 

method 66.1% accuracy. In both cases, the machine learning 

method performed better than the rule-based method with a 

gain of +34.8% and +31.2%. We gathered in Fig. 5 the 

accuracy comparison for every condition type seen at least 3 

times. For all condition types, the ENCOD-CNN based 

pipeline outperformed the rule-based method on average. 

 

 
FIGURE 5. Accuracy of the four-gaits classification for each method 
(ENCOD-CNN based in blue and rule-based in orange) and each condition 
(seen at least 3 times) defined by a gait (WALK, TROT, GALLOP, 
TROT&GALLOP), a figure (SL for straight line, LC for left circle, RC for right 
circle, SL x flex for a straight line after the flexion of member x) and ground 
(SOFT, HARD). LF: left forelimb; RF: right forelimb; LH: left hindlimb; RH: 
right hindlimb. 

 
B. GALLOP CLASSIFICATION 

The test set represents the horses of the test set of the four-

gaits classification that have at least one condition with 

gallop. The number of test horses is 36 and the number of 

train horses varied incrementally by a 5-step from 10 to 55. 

Upon completion of the preprocessing steps, the test set 

contains 4829 sequences, and the train set gathers between 

1303 (10 horses for training) and 6283 (55 horses for 

training) sequences. The exact number of sequences 

contained in the training set for each number of horses used 

for training is described in Table VII (appendix). 

The XGBoost model was trained with a learning rate of 1e-1 

and class weights set to ‘balanced’. The performances of the 

gallop classification are gathered in Table IV. For timestamp-

wise classification, the best performance was achieved with 50 

horses in the training set, with 97.1% accuracy. The accuracy 

was above 94% for all types of gallops with 96.2% for left-

hand gallop, 98.2% for right-hand gallop and 94.0% for 

disunited gallop. In fact, we see in Table V that most of the 

confusions were made with the disunited gallop. The 5-fold 

cross validation accuracy was stable (range 98.8% to 99.3%) 

for all numbers of horses in the training set and the standard 

deviation below 1% in all cases. The test accuracy on 

timestamps was already 96.7% with 10 horses in the training 

set and achieved 96.8% with 55 horses. The prediction 

accuracy for disunited gallop stabilized over 91.7% with 30 

and more horses in the training set. Prediction accuracies of 

the left and right gallop were stable for 10 and more horses in 

the training set: left-gallop prediction accuracy ranged 

between 96.0% and 96.7% and right-gallop prediction 

accuracy ranged between 97.4% and 98.2%.  

The best model in terms of test accuracy on timestamps, and 

test accuracy on right and disunited gallop was achieved for 

50 horses. We keep this model for the following. 

The feature importance in XGBoost is presented in Fig. 6 for 

all features with importance greater than 1%. All these features 

are dorso-ventral gyroscope axis with time shift aggregation. 

The hindlimbs and forelimbs time shift are the two features 

with more than 30% accuracy (32.7% and 33.4% 

respectively). 
TABLE V 

CONFUSION MATRIX WITH NUMBER OF SAMPLES AND CLASS ACCURACY 

PERCENTAGE IN PARENTHESIS, FOR XGBOOST TRAINED WITH 50 HORSES IN 

THE TRAINING SET. 

Predicted 

 True                            . Left-gallop Right-gallop 
Disunited 

gallop 

Left-gallop 63935 (96.2%) 609 (0.9%) 1917 (2.9%) 

Right-gallop 143 (0.2%) 75401 (98.2%) 1252 (1.6%) 

Disunited gallop 268 (2.7%) 330 (3.3%) 9357 (94.0%) 

 
C. CLASSIFICATION PIPELINE 

 To achieve 6 classes classification, we combined the two 

subtasks described. All timestamps predicted as gallop in the 

four-gaits classification task become input of the gallop 

classification model. The best model of each subtask was kept, 

namely the ENCOD-CNN for the first and the XGBoost for 

the second, with the maximum number of horses in the 

training set. The pipeline achieved 91.2% accuracy, with 

prediction accuracy of 96.7% for walk, 97.2% for trot, 88.8% 

for left-hand gallop, 90.6% for right-hand gallop, 86.8% for 

disunited gallop, and 74.9% for the class ‘other’.  

 

This article has been accepted for publication in IEEE Access. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/ACCESS.2025.3564324

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/



 

3 VOLUME XX, 2017 

V. DISCUSSION 

 This study is the first to classify gaits into six distinct classes 

(walk, trot, left-hand gallop, right-hand gallop, disunited 

gallop, and other) without any manual preselection. It also 

evaluates the minimum number of horses with labelled gait 

needed to achieve robust classification. We classified gaits 

regardless of the ground, figure, or horse characteristics and in 

standard veterinary practice settings. We divided the 6 gaits 

classification task into two subtasks. First, four-gaits 

classification for which the ENCOD-CNN pipeline achieved 

the best accuracy for every number of horses in the training 

set. The performance is stable from 55 horses used at training 

time. Second, gallop classification with the XGBoost model 

achieving stable accuracy with 10 and more horses in the 

training set but more horses at training time improved the 

minority class (disunited gallop) prediction accuracy. Key 

features for classification were identified. 

 
A. FOUR-GAITS CLASSIFICATION 

The maximum difference between test accuracies on 

sequences and on timestamps is only 0.3%, confirming that 

the predicted accuracy on sequences remains consistent after 

the postprocessing steps. Therefore, the model optimization on 

sequences was efficient for the final goal of timestamp 

classification.  

For all models, the standard deviation in the 5-fold cross-

validation decreased with the number of horses. This 

highlights the individuals’ locomotion diversity. Comparing 

the ENCOD-CNN and the rule-based method, standard 

deviations were higher for the rule-based method compared to 

the ENCOD-CNN pipeline. This emphasizes that the machine 

learning method is more robust to individuals’ diversity than 

the rule-based method. 

The ENCOD-CNN model is both our best performing model 

with up to 91.9% accuracy and the model that becomes robust 

with a smaller number of horses in the training set. The 

transfer learning approach, promising with a reduced number 

(12) of horses with gait labelled [45], proves to be the best 

model with more horses both in the training and in the testing 

sets.  

We added the ‘other’ class to achieve automatic gait 

classification from signal gathered in an uncontrolled 

environment. None of the related works classified gaits with a 

possibility for a sample to be outside all defined gait classes. 

The multi-gait classification developed by [17] presents an 

accuracy of 97%. In comparison, our approach reaches a best 

accuracy of 91.9%. However, confusion matrices reveal that 

most misclassifications occur with the 'other' class. In fact, the 

challenge of this additional class is to gather very different 

samples (for instance, a halt has the opposite signal amplitude 

compared to kicks) Additionally, gait transitions can be 

mistakenly classified as specific gaits, especially given our 

goal of classifying gaits with a precision of 1/100th of a 

second. Another way to achieve the same goal would be to 

consider the ‘other’ class as a non-class by implementing an 

open-set classification model. It could be done by changing 

the activation of our output layer in our neural networks with 

an OpenMax activation [46]. Another approach could be to 

add a Variational Auto-Encoder (VAE) as an unknown-class 

detector to our closed-set classification pipeline [47], [48]. In 

fact, applying a threshold to the VAE reconstruction loss could 

be a good way to detect unknown class samples with the DTW 

distance adapted to time-series data [49], [50]. 
 
B. GALLOP CLASSIFICATION 

The model achieves 97.1% accuracy with 50 horses in the 

training set and prediction accuracy of each class above 94%. 

The standard deviation was below 0.3% with 20 or more 

horses in the training set. This highlights that the training 

process is more robust with 20 or more individuals in the 

training set, resulting in 4 or more horses in every validation 

fold of the 5-fold cross-training.   

To our knowledge, no previous work has classified the 3 

gallop classes. We have identified a small set of features that 

are particularly useful for distinguishing between these gallop 

classes. Feature importance analysis highlights the 

effectiveness of the proximo-distal signal of the limbs 

gyroscope time shifts, as these features exhibit an importance 

greater than 1%. With symmetry, the time shifts between the 

forelimb and hindlimb are the two most important features. 

Forelimb (resp. hindlimb) time shift enables to differentiate 

between forelimb (resp. hindlimb) left and right gallop. 

Disunited gallop appears when forelimb and hindlimb gallops 

are different. Diagonal time shifts are the third (RH-LF with 

18.8%) and fourth (LH-RF with 7.5%) most important 

features. As seen on Fig. 7, the diagonal RH-LF time shift is 

greater for left gallop (1st and last stance of each stride) than 

for right gallop (2nd and 3rd stance of each stride), and similarly 

for diagonal LH-RF. Finally, the lateral time shift has an 

importance of 2.4% for left gallop and 1.9% for right gallop. 

This feature seems particularly useful for distinguishing 

disunited gallop from left and right gallops. 

 

FIGURE 6. Feature importance for all features with importance > 1% in 
the XGBoost model, all from dorso-ventral gyroscope time shifts. LF: 
left forelimb; RF: right forelimb; LH: left hindlimb; RH: right hindlimb. 
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C. CLASSIFICATION PIPELINE 

For both aggregated and raw features, the selected sets were a 

combination of upper-body and limb sensors. The optimized 

set used for gait classification by [17] also gathered upper-

body and limb sensors for raw features, but not for aggregated 

features. This can be attributed to the complexity of 

developing feature extraction algorithms, which risk being 

tailored to specific factors such as breed, surface type, or the 

age of the horses in the dataset. The features deemed important 

by the XGBoost model differed between our two subtasks. In 

the four gaits classification task, the model focused on spatial 

features (minimum, maximum, amplitude and standard 

deviation of the signal). In contrast, in the gallop classification 

task, the model concentrates on temporal features (time shift 

between limbs). Whereas completing ground classification, 

Parmentier et al. [16] found that using only limb sensors 

achieves the best performance across classifiers, which they 

linked to the fact that vibrations, differentiating grounds, are 

first absorbed by the limbs. All these observations emphasize 

that optimized feature sets vary depending on the task, even 

though the primary data is the same. With equal performances, 

this highlights the advantage of using raw features compared 

to aggregated features relying on specific algorithms. 

 
D. LIMITATIONS AND FUTURE WORK 

Our postprocessing steps are based on majority voting, a 

common approach in time-series segmentation. The results 

demonstrate that it is a good way to maintain the test accuracy 

between sequence classification and timestamp classification. 

Therefore, the model optimization on the sequence is efficient 

for the final goal of time-series segmentation. Additionally, 

other postprocessing approaches could be implemented.  

For aggregated outputs, we tested an alternative 

postprocessing pipeline that did not preserve classification 

accuracy across sequences and timestamps. In this approach, 

rather than predicting the majority class of the entire sequence, 

the model predicts the class for the middle timestamp of the 

sequence. The window provides context for the model to make 

this middle-timestamp prediction. At inference time, 

timestamps are predicted every k_test timestamp. To fill in the 

gaps between predicted timestamps, we applied linear 

interpolation to estimate the class for timestamps without 

direct predictions. 

Other studies incorporate IMUs on the hoof, which we did not 

test in this study. The use of hoof-mounted IMUs is much 

more challenging in a clinical context due to the difficulty of 

attaching them quickly and securely to the hoof. In contrast, 

IMUs on the metacarpal region can be easily integrated into 

standard tack, such as boots. Concerning feature selection and 

extraction, the use of interpretable networks could help make 

an informed choice on the best feature set to use in a particular 

task or understand the feature extracted from the encoder. 

Finally, we performed data augmentation with simple signal 

transformations. More recent methods, based on sample 

generation could be interesting to implement, especially when 

a small number of labelled samples are available. Some 

methods are developed primarily for image data [51], [52] and 

others are optimized for time-series data [53]. 
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APPENDIX 
TABLE VI 

NUMBER OF SEQUENCES FOR EACH NUMBER OF HORSES USED FOR 

TRAINING OF THE FOUR-GAITS CLASSIFICATION PIPELINE 

Horse number Sequence number 

10 30198 

15 41164 

20 54742 

25 71122 

30 85140 

35 105628 

40 118528 

45 130920 

50 148266 

55 161812 

60 173638 

65 188474 

70 205102 

 

TABLE VII 

NUMBER OF SEQUENCES FOR EACH NUMBER OF HORSES USED FOR 

TRAINING OF THE FOUR GALLOP CLASSIFICATION PIPELINE 

Horse number Sequence number 

10 1303 

15 1882 

20 2502 

25 3262 

30 3952 

35 4198 

40 4592 

45 5032 

50 5425 

55 6283 

 

TABLE VIII 

FEATURE SET USED FOR FOUR-GAITS CLASSIFICATION, DESCRIBED BY THE 

SENSOR SET AND THE AGGREGATION METRICS WHEN APPLICABLE 

Sensor set 
Aggregation 

metrics 

Accelerometer head dorso-ventral Minimum 

Maximum 

Amplitude 

Standard 

deviation 

Time shift 

(when 

applicable) 

Accelerometer withers dorso-ventral 

Accelerometer withers cranio-caudal 

Gyroscope withers cranio-caudal 

Accelerometer croup dorso-ventral 

Accelerometer croup medio-lateral 

Gyroscope croup cranio-caudal 

Gyroscope left forelimb dorso-ventral 

Gyroscope right forelimb dorso-ventral 

Accelerometer left hindlimb medio-lateral 

Accelerometer right hindlimb medio-lateral 

 

TABLE IX 

FEATURE SET USED FOR GALLOP CLASSIFICATION, DESCRIBED BY THE 

SENSOR SET AND THE AGGREGATION METRICS WHEN APPLICABLE 

Sensor set 
Aggregation 

metrics 

Accelerometer head dorso-ventral Minimum 

Maximum 

Amplitude 

Standard 

deviation 

Time shift 

(when 

applicable) 

Accelerometer withers dorso-ventral 

Gyroscope withers cranio-caudal 

Accelerometer croup dorso-ventral 

Gyroscope croup cranio-caudal 

Gyroscope left forelimb dorso-ventral 

Gyroscope right forelimb dorso-ventral 

Gyroscope left hindlimb dorso-ventral 

Gyroscope right hindlimb dorso-ventral 
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