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Abstract—The increasing adoption of legged robots for applica-
tions such as search and rescue, environmental monitoring, and
planetary exploration presents unique challenges in navigating
diverse and complex terrains. Accurate terrain classification is
crucial for adaptive locomotion and reliable performance, yet
existing approaches often suffer from limited generalizability
and accuracy due to the inherent variability of terrains and
sensor noise. This study proposes a multi-terrain classification
framework leveraging the HistGradient Boosting (HGB) machine
learning technique to address these challenges. The system
utilizes a force sensor and IMU data from a quadruped robot
to extract meaningful features for robust classification. The
HistGradient Boosting model achieved the highest accuracy of
0.9931, highlighting its superior classification performance com-
pared to k-Nearest Neighbors (KNN), Support Vector Machine
(SVM), and Random Forest (RF) with accuracy of 0.9410,
0.9878, and 0.9729, demonstrating its effectiveness in handling
the complexities of multi-terrain environments.

Index Terms—terrain classification, legged robots, HistGradi-
ent Boosting, sensor data, machine learning

I. INTRODUCTION

Legged robots have transformed exploration and interven-
tion capabilities under challenging environments where con-
ventional wheeled or tracked vehicles face operational limita-
tions [1]. These robots prove invaluable in various scenarios,
from disaster response to extraterrestrial terrain navigation,
offering superior mobility and adaptability [2], [3]. Their
unique advantage lies in navigating challenging landscapes, in-
cluding debris, steep slopes, and uneven surfaces, making them
essential for operations requiring sophisticated locomotion and
terrain management. The biological inspiration behind legged
robot design enables exceptional agility and durability across
diverse environments [2], [4]. Additionally, these platforms
show promising applications in military reconnaissance, en-
vironmental surveillance, and humanitarian operations where
terrain diversity presents navigational obstacles [5].

Various machine learning methodologies have proven ef-
fective for terrain classification in robotic systems, each with
distinct strengths and weaknesses [6]. Researchers have exten-
sively applied supervised learning approaches, including Sup-
port Vector Machines (SVMs), Random Forests, and Neural

Networks for terrain identification [7]. While decision trees
provide clear classification logic, ensemble techniques such as
bagging and boosting enhance prediction accuracy by combin-
ing multiple simple models [8]. In the deep learning domain,
Convolutional Neural Networks (CNNs) have demonstrated
exceptional capability in extracting complex spatial patterns
from sensor inputs [9]. Gaussian Processes offer probabilistic
classifications with uncertainty estimates, enhancing robot
decision-making capabilities [10]. Further, transfer learning
approaches facilitate model generalization across different
robot platforms and sensor configurations [11]. Combined
classification strategies integrating multiple techniques have
shown enhanced performance compared to single-model ap-
proaches [12]. This range of classification models addresses
the complex challenge of accurately identifying terrain types
from sensor data.

Prior terrain classification research has primarily explored
different sensor types, including force sensors, Inertial Mea-
surement Units (IMUs), visual systems, and tactile sensors
[7]. Initial research relied on hand-crafted features and rule-
based approaches, which showed limited transferability be-
tween robotic platforms. Some studies utilized force sensor
measurements to identify terrain properties by examining
ground reaction forces and pressure patterns [13]. Approaches
based on IMU data analyze angular velocities and linear accel-
erations to determine terrain characteristics, showing moderate
effectiveness in controlled settings [7]. Visual classification
methods employing texture analysis with machine learning
have been investigated, though they face challenges with com-
putational demands and lighting sensitivity [14]. Traditional
classification models encounter several key challenges: dimin-
ished accuracy in complex environments, poor cross-platform
generalization, and substantial computational requirements [6].
Effective terrain interaction classification requires adaptive
techniques capable of real-time sensor fusion and robust
feature extraction [5]. Moreover, most existing methods lack
thorough testing across varied terrain types, restricting their
practical deployment in critical operations [8]. The natural
variability in sensor readings and terrain properties creates sig-



nificant obstacles in developing universally applicable terrain
classification frameworks.

This study, for the first time, presents a gradient-boosting
machine learning framework for multi-terrain classification,
specifically engineered to overcome the above-mentioned lim-
itations in robotic terrain recognition. Specifically, this study
proposes a HistGradient Boosting framework that efficiently
fuses force sensor and IMU data, achieving 99.31% accu-
racy—outperforming conventional models. The HGB model
optimizes computational efficiency using histogram binning,
ensuring robust, adaptive, and real-time multi-terrain classifi-
cation for legged robots in diverse environments. The major
contributions are as follows.

(1) To propose a HistGradient Boosting-based framework for
multi-terrain classification in legged robots in diverse and
dynamic environments.

(i) To utilize force sensor and IMU data fusion to improve

terrain classification accuracy.

To optimize computational efficiency by leveraging his-
togram binning and gradient boosting techniques.

To provide a comparative analysis against conventional
methods (SVM, KNN, and RF models), highlighting the
advantages of ensemble learning for terrain recognition.

(iii)
(iv)

The structure of the paper is as follows. Section II presents
the dataset details and sample data visualization and Section III
mentions the proposed HGB method and performance metrics
to assess its effectiveness. Section IV presents and discusses
the numerical results while comparing them with state-of-the-
art works. Finally, the concluding remarks are in Section V.

II. DATASET DETAILS

The QCAT-legged robot dataset offers a detailed collection
of sensor readings from the quadruped robot DyRET, specif-
ically designed to study terrain interactions and locomotion
efficiency under various conditions [15], [16]. A schematic
representation of this is shown in Fig. 1. The dataset comprises
two key sensor streams: force sensors positioned on each of the
robot’s four feet and an IMU mounted on its body. The force
sensors capture triaxial force data (x, y, and z components) for
each leg, providing insights into the robot-ground interaction.
Meanwhile, the IMU records angular velocities, linear accel-
erations, and quaternion-based orientations, allowing precise
tracking of the robot’s movement in 3D space. The dataset
encompasses six different terrains (such as concrete, gravel,
and sand) and six-speed levels, with ten trials conducted
for each terrain-speed combination. Each trial consists of
eight steps, resulting in 2,880 recorded steps derived from
the combination of terrains, speeds, trials, and steps. This
extensive dataset is a valuable resource for robotic perception,
control strategies, and terrain classification research.

Each trial in the dataset consists of approximately 5,300
samples spanning 8 steps, making it highly useful for machine
learning applications. For visualization, a single step is illus-
trated in Fig. 2 for the IMU Sensor and Fig. 3 for the Force
Sensor. This work used Jupyter notebooks to preprocess data
from CSV files for terrain classification and gait optimization
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Fig. 1. Sensor placement and vector directions: IMU vector (green) shows
body motion; force vectors (red) indicate ground reaction forces at the feet.

applications. The force sensor data captures the dynamic forces
exerted by each leg across different surfaces and speeds,
while the IMU sensor data provides insights into body dy-
namics under various locomotion scenarios. Studies utilizing
this dataset have contributed to a deeper understanding of
quadruped locomotion, including adaptive terrain navigation
and gait stabilization [17]. With its well-structured yet diverse
data, this dataset is crucial in advancing bio-inspired robotics
and applying machine learning to robotic mobility.
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Fig. 2. Sample data visualization of the dataset of Force sensor readings for
one step of the robot. The force sensors’ values measure ground reaction forces
(in N) on each leg (FL: Forward Left, FR: Forward Right, BR: Backward
Right, BL: Backward Left) along X, y, z axes.

The computational resources used in this work include a
multi-core CPU, AMD Ryzen 7 5700u, to train the HistGra-
dient Boosting model efficiently. Since HGB is optimized for
CPU computation, a GPU like an NVIDIA RTX 3060/3090
was unnecessary. The system had 16GB of RAM to handle
the dataset and model training, along with an SSD (512GB)
for fast data access. The implementation was performed in a
Python environment using Jupyter Notebook or Google Colab,
with machine learning libraries such as scikit-learn for model
training, numpy and pandas for data processing, and matplotlib
for visualization. CSV files were used to store and preprocess
sensor data, while parallel processing was leveraged through
OpenMP or joblib to speed up computations.
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Fig. 3. Sample data visualization of the dataset of IMU sensor readings for
one step of the robot. The IMU sensors’ values capture angular velocity, w (in
rad/s), linear acceleration, o (in m/s?), and 3D orientation, g (in quaternion).

III. METHODS AND METRICS

This section presents a gradient-boosting model for multi-
terrain classification for the quadruped robot and the perfor-
mance metrics used to assess the model’s effectiveness.

A. HistGradient Boosting Model

The proposed methodology for multi-terrain classification
utilizes the HistGradient Boosting model, a powerful gradient-
boosting technique that efficiently bins continuous feature
values into histograms. This process allows the model to
manage large-scale datasets with improved computational per-
formance. HGB builds decision trees iteratively, minimizing
residual errors from previous iterations to enhance predictive
accuracy. Unlike traditional boosting methods, it does not re-
quire explicit memory storage of all sample gradients, making
it computationally efficient and scalable.

HistGradient Boosting is a gradient boosting method that
optimizes a loss function by sequentially fitting decision trees
to the negative gradients of the loss function. It efficiently
handles large datasets by binning continuous features into
histograms, improving computational speed. The core idea of
gradient boosting is to construct an additive model [18]:

Fin(z) = Fin—1(2) + vhm () (1)

where F,,,(x) is the updated prediction function at iteration m,
hm () is the weak learner (a decision tree) trained to minimize
the residual loss, and +y is the learning rate controlling step size
and scale the weak learner’s contribution to prevent overfitting.
Typical values of y are between 0.01 and 0.2, ensuring gradual
improvements.

At each iteration, the model minimizes a differentiable loss
function L(y, F'(z)), where y is the true target value and F'(z)
is the predicted value. Instead of optimizing L directly, we
compute the pseudo-residuals (negative gradients) for each
sample:

r
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This residual rfm) represents the direction in which the model

should adjust its predictions to reduce the loss.

A weak learner h,,(z), usually a shallow decision tree, is
trained at step ¢ to predict the pseudo-residual rgm), which
effectively approximates the gradient of the loss function [19].

N
hm(x) = arg}rlninz (rgm) —h (aci))2 (3)
i=1

where N is the total number of training samples.

Unlike standard gradient boosting, HistGradient Boosting
groups feature values into discrete bins, reducing memory
consumption and improving efficiency. Instead of computing
exact gradients for all samples, it approximates them using
histogram binning:

gk =Y g He=)Y H 4)
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where g represents the summed gradient in k, Hj is the
summed Hessian (second derivative of the loss function) in
k, and Bj denotes all samples that fall into bin k.

HistGradient Boosting incorporates several regularization
techniques. L1/L2 Regularization is applied to leaf values to
prevent overfitting. Max Depth and Min Samples Split controls
tree complexity to avoid overly deep trees. Early Stopping
stops training when additional iterations do not significantly
improve validation loss.

Finally, after M iterations, the final model prediction is given
by:

M
j=Fuy(x)=Fox)+ Y vhm(z) (5)

m=1

where Fy(z) is the intial prediction.

This approach results in a model that efficiently approxi-
mates the optimal function mapping a to y;, balancing accu-
racy and computational efficiency. A schematic architecture of
the proposed HistGradient Boosting model is shown in Fig. 4.
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Fig. 4. HistGradient Boosting Model Architecture



B. Performance Metrics

Performance metrics are essential to assess the machine
learning models in terrain classification. We evaluate using
accuracy, precision, recall, F1-score, and the confusion matrix
to capture different aspects of performance. While accuracy
reflects the overall correctness, it can be misleading with im-
balanced data. Hence, additional metrics ensure the classifier
performs reliably across all terrain types. Precision shows how
well the model avoids false positives, recall reflects its ability
to minimize false negatives, and the Fl-score balances both.
These metrics are particularly useful for understanding how
well the model distinguishes between terrains with overlapping
features, such as gravel and sand.

Accuracy = IP+TN (6)
Y= TPYTNtFPtFN
Precision = _rr N
TP+ FP
TP
Recall = ———— 8
A T TPIFN ®)
Flo9x Precision x Recall ©)

Precision 4+ Recall

In the above expressions, TP, TN, FP, and FN represent True
Positives, True Negatives, False Positives, and False Negatives,
respectively. The confusion matrix provides a detailed break-
down of the model’s predictions for each class. It highlights
the TP, TN, FN, and FP for each terrain type, offering a
visual and quantitative understanding of classification errors.
By analyzing the confusion matrix, we can identify specific
terrains where the model may struggle, such as misclassifying
grass as dirt due to similar sensor patterns.

IV. RESULTS AND DISCUSSIONS

Figure 5 revealed several important trends that guided the
selection of an optimal configuration of the HistGradient
Boosting model. When analyzing the effect of the learning rate
(learning_rate), it was observed that very low values (e.g.,
0.01) resulted in slower convergence and lower test accuracy.
As the learning rate increased to 0.1, there was a significant
improvement in test accuracy, indicating a more effective
learning process. Beyond this point, further increases in the
learning rate led to only marginal improvements and intro-
duced the risk of overfitting, as the training accuracy remained
high while test accuracy plateaued or slightly declined. Simi-
larly, the number of boosting iterations (max_iter) played a
key role in refining model performance. Increasing the number
of iterations from 50 to 200 led to steady improvements in both
train and test accuracy. However, the gains in test accuracy
started to diminish beyond 200 iterations, and further increases
up to 300 showed limited additional benefits. This suggests
that while more iterations allow the model to learn more
complex patterns, they also contribute to longer training times
without significantly enhancing generalization. The influence
of the maximum tree depth (max_depth) was also evident
in the tuning results. Increasing depth from 2 to 4 slightly

improved training accuracy but led to a growing disparity
between training and test accuracy. This trend indicates that
deeper trees increased the model’s capacity to memorize
training data but compromised its generalization to unseen
data. Based on the tuning results, the best performance was
obtained with a learning rate of 0.1, a maximum depth of 2,
and 200 boosting iterations. This configuration yielded a test
accuracy of 0.9931, indicating high predictive performance.
Table I shows the classification performance of the HistGra-
dient Boosting model across six different classes. Precision,
recall, and F1-score values are high for all classes, with perfect
scores (1.000) observed for classes 0, 2, and 5. Class 3 has
a slightly lower recall (0.9551), which reduces its Fl-score
to 0.9770. The number of samples per class (support) is
fairly balanced, ranging from 89 to 105, which contributes
to a reliable evaluation of the model’s performance across
different categories. The overall accuracy of the model is
99.31%, indicating that most predictions were correct. Macro
and weighted averages for precision, recall, and Fl-score all
exceed 99%, highlighting consistent performance regardless
of class distribution. The model took approximately 77.82
seconds to train. These results indicate that the HistGradient
Boosting model performs well in multi-class classification,
maintaining consistent accuracy and class-wise balance.

TABLE I
RESULTS OF HISTGRADIENT BOOSTING MODEL

- F1-

Class Precision | Recall Support
Score

0 1.0000 1.0000 | 1.0000 105
1 0.9703 1.0000 | 0.9849 98
2 1.0000 1.0000 | 1.0000 96
3 1.0000 0.9551 | 0.9770 89
4 0.9890 1.0000 | 0.9945 90
5 1.0000 1.0000 | 1.0000 98
Accuracy 0.9931 - - 576
Macro Avg 0.9932 0.9925 | 0.9927 576
Weighted Avg 0.9932 0.9931 | 0.9930 576
Training Time (sec) 77.8218 - - -

Fig. 6 shows a bar chart of Fl scores for six classes
(Concrete, Grass, Gravel, Mulch, Dirt, and Sand), with sup-
port values (number of instances per class) annotated above
each bar. The F1 scores are close to 1.0, indicating high
classification performance across all classes. Slight variations
exist, with Mulch and Grass having slightly lower F1 scores.
Overall, the model demonstrates strong predictive accuracy
across all classes. The classification results indicate that HGB
outperforms conventional tree-based models while maintaining
computational efficiency. The confusion matrix in Fig. 7
highlights high precision across all terrain classes, confirming
its robustness for real-world applications.

The evaluation of multiple machine learning models for ter-
rain classification revealed varying accuracy, precision, recall,
and Fl-score levels, as shown in Fig. 8. The KNN model
achieved an accuracy of 0.9410 with a quick training time
of 0.0568 seconds, making it a fast but slightly less accurate
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Fig. 5. Results of hyperparameter tuning of the HistGradient Boosting model: accuracy vs learning rate (left), accuracy vs maximum iterations (middle), and
accuracy vs maximum depth (right), where shaded areas represent standard deviation or confidence intervals, across cross-validation folds.
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Fig. 7. Confusion matrix for HistGradient Boosting model

alternative. The SVM model significantly improved accuracy
to 0.9878, with a well-balanced precision and recall, though
at the cost of a longer training time of 24.7803 seconds.
Random Forest performed slightly lower at 0.9792 accuracy,
but its efficiency was notable with a training time of 21.2591
seconds. Gradient Boosting achieved an accuracy of 0.9861

but required an extensive training duration of 6845.5914
seconds, making it computationally expensive. HistGradient
Boosting emerged as the best performer with an accuracy of
0.9931, striking a balance between accuracy and computational
efficiency with a training time of 114.5423 seconds. These
results indicate that while KNN offers the fastest training time
and SVM delivers high accuracy with a trade-off in speed,
HistGradient Boosting outperforms all models by achieving
the highest accuracy while being significantly more efficient
than traditional Gradient Boosting, making it the best overall
choice for both performance and computational efficiency.
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Fig. 8. Comparison of HistGradient Boosting model with different models

Our research findings demonstrated the superior perfor-
mance of gradient-boosting approaches for multi-terrain classi-
fication in legged robotic systems. The HistGradient Boosting
classifier achieved an exceptional accuracy of 0.9931, surpass-
ing individual classification methods, including SVM (0.9878),
KNN (0.9410), and Random Forest (0.9792). This section con-
trasts our results with prior studies that employed the QCAT
dataset for terrain identification. In their research, Zhao et al.
[20] implemented SVM algorithms for terrain classification



in hexapod robots utilizing force-derived features from joint
torques combined with IMU measurements. Their methodol-
ogy facilitated adaptive movement across various surface con-
ditions with a dynamic alternating tripod trotting gait. How-
ever, their SVM implementation reached only 96.7% accuracy,
which falls below our HistGradient Boosting method’s 99.31%
accuracy, underscoring the benefits of ensemble techniques in
enhancing classification results. Kumar et al. [21] investigated
stacked LSTM-based loss regularization approaches for terrain
classification using 89% of the QCAT dataset. While their
methodology improved efficiency by eliminating preprocess-
ing requirements for variable-length sequences, our gradient-
boosting approach delivered superior classification accuracy.
Ahmadi et al. [16] analyzed Gated Recurrent Neural Networks
(GRNNs) and validated their models across both PUTany
and QCAT datasets for terrain classification, determining that
their semi-supervised approach effectively managed real-world
terrain variations but demanded substantial training data for
optimal performance. Compared to their RNN-based tech-
nique, our gradient boosting method achieved higher accuracy
with reduced computational demands, making it more suitable
for real-time robotic implementations.

Overall, this research contributes valuable insights to the ter-
rain classification field by establishing that gradient boosting
techniques can exceed the performance of both deep learning
models and conventional clustering methods.

V. CONCLUSIONS

This research demonstrates the effectiveness of HistGradient
Boosting in multi-terrain classification for legged robots. Its
accuracy of 0.9931 offers a robust alternative to ensemble
learning while significantly reducing training time. The study
highlights that gradient-boosting techniques can achieve near-
optimal classification without the high computational cost
of stacking ensembles. The trade-off between accuracy and
computational efficiency makes HGB an ideal candidate for
deployment in real-time robotic applications. While the model
has shown promising results, future research should focus
on integrating additional sensor modalities, optimizing hy-
perparameter tuning strategies, and adapting the model for
real-time inference in dynamic environments. Incorporating
real-world terrain data and continuously updating the model
using reinforcement learning approaches may further enhance
its robustness and adaptability. By addressing these factors,
HGB can contribute to advancing intelligent robotic mobility
systems, ensuring reliable and adaptive terrain classification in
diverse operational scenarios.
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