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A Data-Driven Soft Sensor for Swarm Motion
Speed Prediction using Ensemble Learning
Methods
Belkacem Khaldi, Fouzi Harrou, Member, IEEE, Sidi Mohammed Benslimane and Ying Sun
Abstract— Machine Learning (ML) for swarm motion prediction is a relatively unexplored area that could help sustain and
monitor daily swarm robotics collective tasks. This paper focuses on a specific application of swarm robotics which
is pattern formation, to demonstrate the ability of Ensemble Learning (EL) approaches to predict the motion speed
of swarm robots. Specifically, the boosted trees (BST) and bagged trees (BT) algorithms are introduced to predict the
motion speed of a swarm of miniature two-wheels differential driver mobile robots performing a circle-formation via the
viscoelastic control model. This choice’s motivation is due to EL-based models’ ability to improve the performance of
ML models by combining multiple learners versus single regressors. Both BST and BT algorithms’ performances are
compared to ten commonly known prediction models based on Support Vector Regressors (SVRs) and Gaussian Process
Regressors (GPRs) with different kernel functions. Using simulated measurements recorded every 0.1 second from the
robots’ sensors, we demonstrate the effectiveness of the developed methods over conventional ML models (SVR and
GPR) in a free/non-free obstacles environment. Results showed that the BST and BT regression models reached the
highest prediction performance with fully and partially connected swarms and even when involving different swarm sizes.
Index Terms— Swarm Robotics, Swarm Motion Speed Prediction, Ensemble Learning, boosted trees, bagged trees,
Support Vector Regressors, Gaussian Process Regressors

I. I NTRODUCTION
WARM robotics is considered to be the systematic application of the theory behind the intelligence of natural
swarm systems in controlling a large number of simple autonomous robots [1]–[3]. Therefore, it is a distributed solution
approach to the problems beyond the capabilities of individual
robots. Similar to their counterparts in the biological swarm
ecosystem [4], robot swarm systems are characterized by
a set of key features such as flexibility, robustness, and
scalability [5]. These make them very practical and useful in
many application scenarios that involve warehouse automation,
environmental monitoring, search and rescue, inspection and
exploration, and object transportation and manipulation [6].
Despite the benefits that may be brought when using such
robotics systems; however, the controllers at the microscopic
levels and which led to the desired collective behaviors at
the macroscopic levels are still challenging to design and
predict [7]. Predicting robot swarm behaviors at microscopic
or macroscopic levels plays a vital role in designing pre-
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cise controllers for individual robots and understanding the
swarms’ full behavior leading to their design [8].
Generally speaking, predictive models at the microscopic
level focus practically on capturing the dynamics of swarm
components and their interactions and their environment [2],
[8]. Although with these models, precise behavior predictions
are achievable. However, due to the apparent tracking of
individuals and their interactions, they are not sufficiently
scalable when the size of the swarm is sizeable [9]. On
the other hand, predictive models at the macroscopic level
consider the swarm as a whole and thus provide a high-level
abstraction of the swarm dynamics, resulting in their high
adaptability to swarms with large sizes [8], [10].
Many of the macroscopic predictive models of collective
swarm behaviors are part of a wide range of mathematical
models. Most of them use sets of differential equations to
track swarm properties associated with the swarm collective
behaviour [11], [12]. Despite the valuable insights that these
models have brought to understand swarm behaviors, however,
these models suffer from the likelihood of losing the aptitude
to seizure outliers hidden in the process [11], [13].
Meanwhile, a wide variety of algorithms, particularly appropriate to prediction problems, have been developed by the
computer scientists community. This includes support vector
regressions (SVRs), Gaussian Process Regressions (GPRs) and
Ensemble Learning (EL) models. [14], [15]. These machine
learning (ML) methods have been widely used for monitoring
and learning purposes in many domains of application. For
example, SVR modeling techniques were applied for bearing
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health monitoring of stationary/nonstationary vibration signals
[16] and for monitoring pollutant emissions from a biomass
combustion process [17]. The GPR modelling technique was
successfully applied in an indoor localization framework for
trajectory learning purposes using crowdsourced measurements [18]. When addressing acoustic tomography reconstruction, GPR also provided a significant improvement in the
reconstruction quality of the temperature distribution measurement [19]. In agriculture, EL techniques such as boosting and
bagging algorithms have been used successfully to classify
plants infected with Citrus Tristeza virus from healthy ones
[20]. Despite the successful applications of these ML methods
in other domains of application [21]. However, to the best of
our knowledge, they are less often used in swarm robotics
research field, probably because such ML algorithms are
considered less interpretable in this area of study.
On the other hand, collective motion is one of the collective
tasks that have been widely studied in the swarm robotics
literature [22]–[28]. It is a fundamental operation for the
cohesive movement of swarm robotics systems from one place
to another. Furthermore, the motion speed of a group of robots
can be crucial in such behavior and to be able to accurately
predict the swarm motion speed is even more vital to involve
swarm robotics systems in daily collective tasks sustainably.
In this study, we seek to open a new direction in the application of ML predictive modelling techniques in the swarm
robotics area of research. More precisely, we are interested in
predicting the swarm motion speed of a group of miniature
robots collectively moving in a circle formation task [29].
In particular, we aim to study the prediction accuracy of EL
techniques in enhancing the prediction of the swarm motion
speed. This is mainly motivated by the ability of EL-based
models to improve the performance of ML models by combining multiple learners versus single learners, such as SVRs
and GPRs. Also, prediction error variances can be reduced
using EL-based models while achieving a weak bias. The EL
algorithms chosen to be used in this study are the boosted
trees (BST) and the bagged Trees (BT) algorithms. These
regression approaches can reach high regression performance
and minimize overall prediction error by merging multiple
single trees. Moreover, they allow optimizing computation
time and prediction accuracy when compared to individual
learners. For the best of our knowledge, these EL algorithms
have not yet been applied by the swarm robotics community.
In this work, the swarm motion speed is driven by an
artificial physical-based circle formation controller [29] implemented on a group of 8 differential driver mobile robots
(See Subsection III-A and III-B). The EL-based models,
specifically BST and the BT algorithms, proposed in this study
in Subsection III-D are based only on two factors: the length
and the angle of the total virtual physical force governing the
motion of each robot in the swarm and which leading to the
accomplishment of the circle formation task. To testify the
robustness of the EL prediction strategies, three experimental
simulations that incorporates: a fully connected swarm (See
Subsection IV-C), a partially connected swarm (See Subsection
IV-D), as well as the robustness of the approaches towards
swarm scalability (See Subsection IV-E) are conducted. The

datasets representing these case studies are used to build and
test the proposed models. All are collected every 0.1 second
from the sensors/actuators of the robots while performing the
assigned task using the ARGoS simulator [30] (See Subsection
III-C). The conducted experiments discussed in Section IV and
which compare the prediction quality of the EL-techniques
against a variety of SVRs and GPRs, clearly testify the
superiority of BST and BT in all case studies. However, in
a non-free obstacles scenario, the prediction performance of
the BT algorithm is slightly better than that of the cubic
Gaussian SVR and the rational quadratic GPR when using
a fully connected swarm.
The remaining sections of the paper are arranged as follows.
Section II highlights literature reviews on the related works
and Section V pointed some concluding remarks and future
works.
II. R ELATED W ORKS
A. Microscopic based predictive models
Predictive behaviors in this type of model are mostly
performed using stochastic events to represent the behavior of
each robot and are therefore not scalable to large systems [11].
For example, a stochastic model based on a Bio-PEPA has
been successfully applied to predict consensus when solving
a collective decision-making problem [31]. Another stochastic
model based on a sequence of probabilistic events was used
in a swarm aggregation mission to predict two aggregation
variables: the largest aggregation ratio and the largest aggregation size [32]. To enable continuous swarm operations
without relying on frequent robot battery recharging, Arvin
et al. [33] applied a probabilistic stochastic model where the
reduction in robot speeds during charging time was correctly
predicted. In another work, Arvin et al. [34] investigated
the aggregation behavior of pheromone-guided swarm robots
using a probabilistic finite state machine to predict the location of aggregation and aggregation time. Lancaster Jr [11]
predicted the location of the swarms using a probabilistic
graph approach, which can capture the local ratio and swarms
movement direction in different dimensions of worlds. While
addressing a collective transport mission, Rubenstein et al. [35]
predicts via a physics-based model several features including
rotation and speed of transported objects, the optimal number
of agents, swarm scalability and swarm performance. In a
swarm inspection mission, Prorok et al. [36] followed a
stochastic Markov chain methodology to accurately predict a
distributed swarm robotics’ spatial distribution over time and
how often such system visit inspected sites.
B. Macroscopic based predictive models
By taking inspiration from a well-known decision-making
process in selecting nest sites in honeybees, Reina et al. [37]
derived a solution to predict the proportion of agents involved
in the collective decision-making behavior within a swarm
agent system. Valentini et al. [38] designed a weighted voting
model to predict consensus time and decision precision using a
set of ordinary differential equations. In other works, Valentini
et al. [39], [40] proposed a new decision-making prediction
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strategy in which they investigated the trade-off between speed
and accuracy using a real robotic swarm platform consisting
of 100 kilobots. Also, Hamann et al. [41] and Goswami and
Hamann [42] successfully predicted the expected swarm collective decision-making behavior using a stochastic differential
based mathematical model.
In a multi-robotics task allocation mission, Zhou et al.
[43] generalized a mathematical model based on a set of
statistical concepts and 2D Markov process to predict the
steady-state division of labor. The authors validated their
model by verifying the generalized mathematical model with
experimental simulations of a large number of robots. For
addressing the same mission, Guerrero et al. [44] used a fuzzy
Markov chain model to predict the incremental steps required
to achieve a steady-state within a multi-robot swarm system.
By using a mathematical model based on birth-death activities, Khaluf et al. [45] estimated the energy consumption,
the expected costs-rewards, and the expected amount of performance work in a swarm robotics area coverage scenario.
Also, in a multi-robotic stigmergic coverage mission, RanjbarSahraei et al. [46] were able to estimate the convergence time
using a Markov chain based macroscopic model.
In other missions scenarios, Brambilla et al. [7] presented
a property-driven methodology based on a continuous-time
Markov chain applied in a framework consisting of prescriptive modeling and model verification steps to predict the number of robots engaged in aggregation and foraging missions.
Hamann et al. [47] proposed a general mathematical model
for predicting swarm robustness and swarm performance in
various swarm robot scenarios, including collective decisionmaking and foraging emerging taxis, and aggregation. Pitonakova et al. [13] suggested in the context of a foraging task
with a swarm robotics system a framework called InformationCost-Reward (ICR). In ICR, the swarm performance is predicted using several measures such as rate of information gain,
scouting effectiveness, and costs of uncertainty, displacement,
and misinformation.
III. M ATERIALS AND M ETHODS
In this section, we introduce the different materials and
methods used in this work. We specifically present the robotics
platform. Then we briefly review the circle formation control
model used in [29], [48]. Next, we explain how we collect
measurements data related to the formation controller and
finally we introduce the main ensemble learning methods
applied for swarm motion prediction.

track. It has a number of infrared (IR) sensors on the main
printed circuits distributed as follows: 24 IRs for obstacles and
proximities detection and 8 IRs for ground detection. The footbot is also equipped with an omnidirectional camera for visualcolored perceiving and 13 RGB LEDs for visual-colored based
communications with other foot-bots. Additionally, It comes
with the range and bearing (RaB) communication module,
which can be used for inter-robot communications purposes.
This module is complemented by an IR/Radio Frequency
(RF) communication technology: a combination of 16 IRs
Leds transmitters and 8 IRs photodetectors. The RaB module
specificity allows relative positioning by measuring the spatial
origin (distance and bearing) of the message being received
from another foot-bot.

Fig. 1: An overview of the foot-bot robot and its
sensors/actuators.

B. Circle Formation Controller with the foot-bots robots
The idea behind this control model is that it follows an
artificial physical approach to emulate inter-robot interactions.
This means that robots exert virtual physical forces on one
another to achieve the desired circle formation. The physical
law used in this study was applied in a number of our previous
studies [?], [29], [49]–[51] is based on a virtual viscoelastic
force, which can be represented as a spring and damping
elements connected in parallel.

A. Robotics Platform
The robotics platform used in this study is the foot-bot platform: a miniature two wheels deferential driver mobile robot,
which was specifically designed to conduct research studies on
swarm robotics in the context of the Swarmanoid Project1 . A
schematic illustration of the foot-bot robot is shown in Fig.1.
The foot-bot can move at a maximum speed of 30 cm/s using
two-wheel motors, each paired with a wheel and a rubber
1 www.e-swarm.org

Fig. 2: A schematic description of the virtual viscoelastic
based circle formation control model.
More formally, given a circle of a desired radius r, to be
formed by N foot-bots distributed randomly inside an indoor
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area surrounded by four walls. Then the controller (See Fig.2)
implemented on each foot-bot started calculating the total
virtual viscoelastic force, Fivvf , exerted by all the sensed
neighbors n (Step 1). Two virtual forces per each sensed robot
are summed together: the elastic force and the viscosity force
to calculate this force. Fivvf will serve then to actuate the footbot’s wheels by calculating first the robot’s angular speed, ωi ,
and its forward speed, vi (Step 2). Then based on the laters,
the controller calculates the foot-bot’s left and right wheels:
vli and vri (Step 3). Further details on the descriptions of
the different parameters and coefficients values used in the
controller can be found in [29].
The main actuators/sensors used to implement the circle formation controller on the foot-bot robot are the IRs RaB sensors
and the two-wheel motors. The RaB communication module
was explicitly used in step 1 to compute each neighbor’s
virtual viscoelastic force and communicate velocities between
robots. The two-wheel motors are used in step 3 to move
the robot. We also incorporate obstacle avoidance controllers
using the IRs proximity sensors that are only activated if a
robot encounters an obstacle (the walls surrounding the arena,
for example).
C. Measurements & Data Collection
Using the open-source ARGoS simulator [30], we implemented the swarm circle formation controller using 8 footbots robots. For both scenarios studies, a final formed circle
of radius 1 m with a robot placed at the center is illustrated
in Fig.3. Also, the corresponding trajectories of the foot-bots
are plotted in the figure.

(a)

TABLE I: Measurements Collected Using the ARGoS Simulator while performing the Swarm Circle Formation Controller
Reading
GS
vri |7i=0
vli |7i=0
vi |7i=0
Fivvf |7i=0
∠Fivvf |7i=0

Description
The Swarm Motion Speed
The Forward Speed of the Foot-bot’s Right Wheel
The Forward Speed Foot-bot’s Left Wheel
The Foot-bot Forward Speed
The Length of the Virtual Viscoelastic Force
The angle formed by Fivvf

of obstacles in the arena. Each dataset contains a total of
1500 rows with 41 features. The exploratory data analysis
results for the two datasets are provided in Fig.4. The figure
shows the overall pairwise correlation matrix between all the
features collected for the two scenarios in Fig.4.a and Fig.4.b
successively. As shown in the figure in both scenarios, GS
is highly positively correlated with Fivvf and vi and slightly
negatively correlated with ∠Fivvf , vli , and vri . Likewise,
Fivvf |7i=0 are almost strongly positively correlated with each
other as well as with GS and softly negatively correlated with
the remaining features. The results also point out that while
there is a high positive correlation between each robot ∠Fivvf
and its vli , the exact opposite correlation is observed between
the robot ∠Fivvf and its vri . However, no linear correlation is
observed among the robots pairwise measurements ∠Fivvf .
Finally, the robot forward velocity vi is slightly positively
correlated with the robot’s wheel speeds: vri and vli , since
it can be computed from vri and vli as shown in Step 3 of
Fig.2.
Measurements data from swarm robotic systems are generally contaminated with noise and uncertainties, and thus
relevant features in the measurements may be hidden. This
could degrade the data analysis process and the swarm motion
speed prediction performance for the chosen ML model.
Consequently, in the next subsection, we present the ensemble
learning methods used to deal with noise and uncertainties in
measurement data.
D. Ensemble Learning Methods

(b)

Initial Position

Final Position

Robots Trajectories

Fig. 3: ARGoS Simulation Results while performing the
swarm circle formation controller with 8 foot-bots. (a) the
without obstacles scenario and (b) the with obstacles scenario
For a total duration of 150 seconds, we collected measurements every 0.1 second from each foot-bot’s sensors/actuators,
which have a strict relationship with the inputs/outputs measurements of the implemented controller. Also, measurement
that tracks the swarm motion speed, GS, of the entire 8 footbots are collected. Note that 100 ARGoS runs in total are
performed and the average for each measurement is taken
into account. All measurements collected in our study are
summarized in Table I.
We collected two datasets for two scenarios: (1) in the
absence of obstacles in the arena and (2) in the presence

Ensemble learning methods are extensive techniques used
to enhance ML models performances by combining several
learners. In this section, we provide an overview of two
commonly used ensemble learning techniques.
1) Boosted Trees (BST): The BST algorithm is a potent
predictive model that results from boosting techniques to
decision regression/classification tree models [52]. Boosting is
a technique that significantly leads to optimizing the prediction
accuracy of traditional regression/classification methods by
using an adaptive combination of a sequence of relatively
simple models [53], [54]. Compared to similar combined
techniques such as stacking, bagging, and averaging models,
boosting is matchless due to sequentiality [54].
While boosting can be applied to either classification or
regression problems, we are interested in using the technique
of boosting for a regression problem, where the basic models
are regression trees, and the boosting is a form of functional
gradient descent algorithm [53].
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Fig. 4: The Overall Pairwise Correlation Matrixes of all the variables in Table I collected from the ARGoS based Datasets.

To describe the boosted trees algorithm more formally,
we shall first provide a brief overview of regression trees.
Consider y ∈ R is the swarm motion speed and X ∈ S ⊂ Rs
is the input features used for predicting the swarm motion
speed, where s is the input features number of the feature
space S.
Usually in the regression trees algorithm, the feature space
S is divided into a set of m leaves: S1 , S2 , . . . , Sm representing
distinct partitions without overlap. While making predictions
with a given tree, the algorithm learns to associate a weight
value wi for each leaf Si . The prediction result of an input
feature X ∈ S is then wi , if X ∈ Si . Note that the weight wi
is usually defined as the average of the response variable of
X that belongs to Si [15].
Consider now {(Xi , yi )ni=1 } as a given data to be trained
with a regression trees algorithm. The feature space S, in this
case, is recursively divided into sub-partitions such that the
algorithm optimizes an objective function (e.g., the residual
sum of squares (RSS)) while satisfying some stopping criterion. Generally speaking, the stopping criterion in the boosting
technique can be set to a known number of leaves. For
example, a two-leaf regression decision tree implies splitting
the feature space S only once. A more detailed description of
the regression tree algorithm can be found in [55].
Theoretically, the variance of prediction using n learners
can be reduced to 1/n of the original variance (single learner).
Thus, the use of many learners is advantageous because it
generally results in reduced variance compared to prediction
performance obtained small numbers of learners. To understand how the bagging algorithm reduces the mean squared
prediction error, let us consider the following regression problem with base regressors b1 (x), . . . , bn (x).
Assume that an ideal target function of true answers y(x)
obtained from a given set of inputs is known. Also, suppose
that the distribution p(x) is defined. Then, the error is obtained

Algorithm 1: Boosting Trees Algorithm
Input: Data Set:{(Xi , yi )ni=1 }, Trees Number: m, A
step size: Υ
Pm
Output: The regressor f (X) ←− i=1 fi (X)
1 initialize f0 (X)
2 for i = 1..m do
// Negative gradient Computation:
∂
3
∇i ←− − ∂f
L(yi − f ) |f =Pi−1 fj (Xi )
j=1
// Negative gradient fitting using
regression trees:
4
gi (.) ←− F itRegT rees({(Xi , ∇i )ni=1 })
// Updating fi (.)
5
fi (.) ←− fi−1 (.) + Υgi(.)

for each regression function as follows:

εi (x) = bi (x) − y(x),

i = 1, . . . , n

(1)

The mean square prediction error has the following form:





Ex (bi (x) − y(x))2 = Ex ε2i (x) .

(2)

Then, the mean prediction error over all the regression functions is expressed as

E1 =

1  2 
Ex εi (x)
n

(3)

Assume that the errors are unbiased and uncorrelated, then we
can write:

Ex [εi (x)] = 0,
Ex [εi (x)εj (x)] = 0,

i 6= j.

(4)

Using the average of the individual functions, the regression
function is calculated as follows:
n
1X
a(x) =
bi (x).
(5)
n i=1
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Hence, its mean square error is given by

 P
2
En = Ex n1 ni=1 bi (x) − y(x)
2
 P
= Ex n1 h ni=1 εi
i
P
Pn 2
= n12 Ex
(x)
+
ε
(x)ε
(x)
ε
i
j
i6=j
i=1 i
= n1 E1 .
(6)
It has been shown above that averaging the individual answers
allows us to reduce the mean squared error by a factor of n.
The main characteristic of bagging is its ability to significantly
reduce the variance of prediction error by training the model
on different datasets. Hence, bagging has a significant advantage since individual models are trained using different training
data, and their prediction errors are gradually reduced during
the averaging process. Moreover, outliers’ observations are
almost removed in some of the training datasets. Sometimes,
it can be challenging to interpret the derived model when
combining a set of trees in the BTs model. BTs enhances the
quality of prediction at a certain expense of interpretability.
Now to apply the boosting algorithm for predicting the
swarm motion speed y, we consider a function f ∗ (X) such
that the error is optimized,
f ∗ (X) = arg min E (L(y − f (X))) ,

(7)

f (.)

Fig. 5: A Schematic illustration for the concept of BST
Algorithm

To describe the BT algorithm more formally, let
{(Xi , yi )ni=1 } be the entire training data set and m the number
of trees to be constituted. At each iteration, a decision tree
is trained using various bootstrap samples {(Xi∗ , yi∗ )ni=1 }
selected randomly from the original set of training data. A
regression tree is then iteratively fitted to update the final predictor f (X). The main steps of computing the BT algorithm
are highlighted in Algorithm 2 and Fig.6.

where L(.) is a loss function usually in the form of the squared
error loss L(e) = e2 , and arg min represents the minimum
argument minimizing the error on all possible considered
functions. To approximate f ∗ (X), the boosting algorithm (See
Algorithm 1 and 5 for a brief description) uses a summation
function as follows:
m
X
f (X) =
fi (X),
(8)
i=1

such that the m fi (X) stand for regression trees. Note that
since the square error loss function is used in the boosting
algorithm of this paper, the regression trees are iteratively
fitted to the previous fit residuals where the previous errors
are gradually corrected by current fits. In addition, at each
iteration the resulting fit is slowly moved in the function space
by applying a small step size Υ.
2) Bagged Trees (BT): BT is another hybrid algorithm that
combines the bagging technique and decision trees to enhance
prediction accuracy. It has a close relationship with the boosting algorithm in terms of aggregating results of several basic
learners [56]. However, the BT algorithm’s performance is
achieved via building a fixed number m of decision trees, then
averaging their performance results together. This considerably
reduces the variance of the decision trees and substantially
addresses the problem of overfitting a single tree [14], [57].
BT specifically uses bootstrap sampling as an optimization
technique to generate m training decision trees and improve
their input training data [58]. The technique involves randomly
sampling the original training dataset with substitution, which
results in replacing the original dataset with m uniform
samples used to fit each regression tree.

Fig. 6: A Schematic illustration for the concept of BT
Algorithm

IV. P REDICTION RESULTS AND D ISCUSSION
A. Models performance evaluation metrics
To predict the swarm motion speed in our study, we rely on
the set of prediction-based regression models summarized in
the table of Fig.7, and which are run in three steps, as shown
in the left of Fig.7. As a total, thirteen regression models are
used to predict the swarm motion speed: ordinary least squares
(OLS) regression, six SVR models, four GPR models, and
two Ensemble Learning (EL) techniques. SVRs and GPRs are
used here to compare the performance of the EL proposed
regression models.
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Model Approach

Model Name

Model Description

Kernel Function(1)

Support Vector
Regression
(SVR)

SVR
SVR
SVR
SVR
SVR
SVR

SVR
SVR
SVR
SVR
SVR
SVR

xi T xj
(1 + xi T xj )2
(1 +√ xi T xj )3
p
2
e(− 4 kxi −xj k )
√
2
e(− pkxi −xj k )
√
2
e(−4 pkxi −xj k )
−α

r2
σf2 1 + 2ασ
2
  l

Gaussian Process
Regression
(GPR)

Ensemble Learning
(EL)
(1)

r=

L
Q
C
FG
MG
CG

with
with
with
with
with
with

the
the
the
the
the
the

Linear kernel
Quadratic kernel
Cubic Kernel
Fine Gaussian kernel
Medium Gaussian kernel
Cubic Gaussian kernel

GP RQ

GPR with the Rational Quadratic kernel

GP SE

GPR with the Squared Exponential kernel

GP M52

GPR with the Matern 5/2 kernel

GP Exp
BST
BT

GPR with the Exponential kernel
Boosted Trees
Bagged Trees

r2
2

σf2 e 2σl

√
σf2 1 + σ5r
+
 l
r
σf2 e σl

5r 2
3σl2



e

(

√
5r
σl )

p
(xi − xj )T (xi − xj ) in the GPR-based kernel function

Fig. 7: Regression Models General Data Flow Diagram (left), Regression Models used in our study (right).

error, CVerr , as a metric to assess the performance of the built
model as follows:

Algorithm 2: Bagged Trees Algorithm
Input: Data Set:{(Xi , yi )ni=1 }, Trees Number:
m
Pm
1
f
(X)
Output: The regressor f (X) ←− m
i
i=1
1 for i = 1..m do
// Bootstrapped sampling:
2
Select random n samples {(Xi∗ , yi∗ )ni=1 } from the
training data set {(Xi , yi )ni=1 } with replacement
// Regression trees Fitting:
3
Construct a regression tree fi (X) using
{(Xi∗ , yi∗ )ni=1 }.
// Updating fi (.)
4
f (.) ←− f (.) + fi (.)

CVerr =

k
1X
M SEi ,
k i=1

(11)

where M SEi is the mean square error computed for of each
fold used as a testing subset.
Generally, the selection for the appropriate number of folds,
k, in the CV technique is based on the available dataset’s size.
Practically, choosing k = 5 or k = 10 is widely used in the
literature for model building [59]. In this study, 5-fold crossvalidation is used to train the investigated models.
B. Models Construction

Generally speaking, in a regression prediction model, the
correlation between the input features,Xi , and the corresponding response, yi , in the training data is first explored by
constructing a regression model. Then to test the model for
a given new input data, X̂i , the built model will be used
to provide the predicted value, yˆi . Finally, to check the
model performance prediction quality, we use two commonly
performance metrics: the root mean squared error, RM SE,
and the mean absolute error, M AE, which can be obtained as
follows:
v
u n
u1 X
RM SE = t
(yi − yˆi )2
(9)
n i=1
n

M AE =

1X
| yi − yˆi |
n i=1

(10)

Note that the RM SE and M AE values should be minimized for more accurate regression performance, meaning that
the lowest values indicate better models. Also, for a proper
estimate of the regression prediction error, a frequent technique
called the k-fold cross-validation (CV) is used while building
the regression models [59]. The CV technique is based on
a random division of the training dataset into k equal parts
(folds). Then, with each iteration, each foldi,i=1..k serves as
testing data, and the remaining folds serve as a training data
set. With this technique, all folds are guaranteed to be used as
a testing data set, allowing a reliable regression model to be
built. Furthermore, the CV technique uses the cross-validation

The two datasets that are collected from the ARGoS simulator in Subsection III-C are employed to construct the twelve
regression models shown previously in the table of Fig.7.
However, not all of the features listed in Subsection III-C
are considered to feed the models. To this end, to predict the
swarm motion speed, GS, we only used Fivvf and ∠Fivvf
as input features since they are the most important variables
contributing to regression models as described in Fig.4 of
Subsection III-C. They also represent the only input variables
responsible for calculating robot speeds, as illustrated in Fig.2.
Note also that Fivvf has a linear relationship with GS while
∠Fivvf has a non-linear relationship with GS. Our models
can then ignore the other features since they provide minimal
contributions.
Both datasets are split and normalized into a training dataset
(80%) and a testing dataset (20%). Training datasets are
utilized for building regression models. As discussed earlier
in this work, twelve regression methods and the OLS method
are used to compare the swarm motion speed prediction. Note
that in this study and to find the parameters of the models, all
the models are fitted based on the CV 5-folds technique.
The studied models’ prediction quality is assessed according
to their indicator metrics, namely RM SE and M AE. The
qualitative results of these metrics when using training datasets
are summarized in Fig.8. Results for both case studies scenarios show that the prediction quality of EL-based methods
dominate OLS, SVRs, and GPRs in terms of any evaluation
metric. Both models score the lowest accuracy in terms of
RM SE and M AE metrics. By reaching an accuracy of
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Fig. 8: Predictors Models Quality with 5 Folds
Cross-Validation when using training datasets.

(0.013, 0.009) and (0.18, 0.14) as a (RM SE, M AE) couple
for the without and with obstacles scenarios successively,
the BST model shows its superiority to the BT prediction
model. The results in Fig.8 also indicate that the regression
performance of OLS and SV R_L provide relatively poorest
performance in both scenarios. These models have only the
capacity to extract linear relationships between data features.
The according results could be improved as indicated in Fig.8
when using SV R with different kernels such as the quadratic
(Q), the medium gaussian, (MG) the cubic (C), and the
cubic gaussian (CG). It is shown that SV R_CE outperforms
OLS and SV R_L. However, better performance results are
obtained with the SV R_Q and the SV R_M G, and the highest
performance results are achieved with the SV R_C. This due
to the ability of the different kernels used in the SVR method
to extract non-linear relationships in data features.
On the other hand, applying GPRs approaches may outperform SVRs regression methods to predict swarm motion speed
in some scenarios due to their capabilities to discover hidden
features relationships better. As shown in Fig.8, the GPR with
the exponential (EXP) kernel provides the best results just
after the EL-based models in the absence of obstacles scenario.
However, using the GPR with the standard exponential (SE)
kernel slightly performs at the same level as the SV R_Q and
SV R_M G. Similarly, using the GPR with Matern 5/2 (M52)
and rational quadratic (RQ) kernels are roughly equal to the
performance of SV R_C. These results slightly differ in the
obstacle scenario where the SVR with the fine gaussian kernel
(FG) provides the best performance compared to the other
GPRs and SVRs models.
To confirm the above results, we illustrate via box-plots in
Fig.9(a-b) the distribution of models predicted errors, which
define the error between the predicted and the true observed
values. The most the median of the box-plot tends to zero, the
most the model is accurate. As a consequence and as it can be
seen from Fig 9, BT and BST provides better performance
than all the other models in both case studies.

Fig. 9: Models Prediction Errors Results using the training
datasets in (a) absence of obstacles and (b) presence of
obstacles scenarios.

C. Prediction Results with a Fully Connected Swarm
Now we test the built regression models using testing
datasets in both scenarios. Figure.10(a-b) illustrates the predicted and measured swarm motion speed using OLS, SVRs,
GPRs, and EL-based models. Performance results of the
designed models previously optimized using 5-folds CV, when
applied to unseen testing samples, are depicted in Fig.11.
It can be seen that for the case study without obstacles,
ensemble learning approaches (BST and BT ) are dominant in
terms of both indicator metrics when compared to the Support
Vector Regression (SVR) and Gaussian Process Regression
(GPR) methods. They both achieve the optimal accuracy in
terms of the couple (RM SE, M AE) of about (0.36, 0.27)
and (0.3, 0.23) successively. This is due to the flexibility of
BST and BT as ensemble learning algorithms to capture
almost all the important features and patterns existing in
the studied dataset and optimize prediction accuracy through
models sequencing. The OLS and the SV R_L models score
the worst performance among the other remained models. This
fact is due to their inability to discover features in data. On
the other hand, using different kernels with SVR provides
better performance. The Quadratic SVR (SV R_Q) reaches an
accuracy of around 0.55 of RMSE, outperforming the Cubic
Gaussian, Cubic, and Fine Gaussian SVRs.
The results from Fig.11 highlight also that the predictive
accuracy of GPRs built models present a slightly superior
performance to SVRs. However, we notice almost an equal
performance between the GPRs models and the Matern 5/2
SVR model.
Similarly, the BST ensemble learning model shows superior performance compared to all the other models for the
scenario with obstacles. Specifically, it achieves a precision
of around 0.35 for RM SE and 0.28 for M AE, which like
in the no-obstacles scenario, supports the ability of BST to
optimizing regression accuracy. The other ensemble learning
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Fig. 10: Comparison of Regression Models Using the Testing Data Sets in both Case Studies Scenarios: (a) without obstacles
and (b) with obstacles.

Fig. 11: Predictors Models Quality with 5 Folds
Cross-Validation when using testing datasets.

algorithm, BT , also provides good results compared to the
other built models. It outperforms the OLS, the SVR with
linear, Cubic, Quadratic, and Fine Gaussian kernels, and
slightly outperforms the GPR models as well as the Medium
Gaussian SVR. The last achieve an RMSE accuracy of around
0.6 and performs almost at the same level as the Matern 5/2
GPR, both having the best performances just below BST and
BT models. Results from Fig.11 also show the superiority of
almost the other GPRs models when compared to the other
SVRs.
This comes down to the inability of these SVRs built-models
to discover pertinent features and non-linearity relationships,
which in this case study are best discovered by the GPRs

models and by the BT model and are even highly discovered
using the BST model. This fact is due to the noise caused
by the force exerted by an obstacle on a robot, which has the
consequence of disturbing the features (Fivvf and ∠Fivvf ) of
the robots encountering the obstacle.
Furthermore, we study via boxplots the models’ prediction
error distribution defined as the difference between the predicted and the observed values cited in equations 9 and 10.
The related results for both studied scenarios are presented in
Fig.12.(a) and Fig.12.(b). From Fig.12.(a), we can see that
the medians (the red lines in the middle of the boxplots)
of the EL models (BST and BT ) are almost zero for
the without obstacle scenario, which means that BST and
BT provide fewer regression errors than GPRs and SVRs.
Consequently, these results reinforce EL models’ dominant
performance over SVRs or GPRs in predicting the swarm
motion speed. Whereas, for the scenario with obstacles shown
in Fig.12.(b), it is the median of the BST algorithm that is
almost zero, which confirms its efficiency compared to the
other regression models. Besides the box-plots prediction error
plots, we also show the error Cumulative Distribution Function
(CDF) of the studies models to test their capacity on different
prediction steps. Figure 12.(c) and Figure 12.(d) show the
according results for both scenarios, and confirm the accurate
prediction performance of ensemble models compared to the
other prediction models.
D. Prediction Results with Partially connected Swarm
In this subsection, we carry out an unusual experiment to
identify swarming behaviors and make predictions for the
case where the swarm is not fully connected. Crucially, it
is essential to see how the proposed prediction approach
performs in a swarm with disconnected robots. In other words,
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Fig. 12: Models Prediction Errors Results via Box-plots and via Empirical Cumulative Distribution Function (CDF): (a) and
(c) are for the without obstacles scenario, (b) and (d) are for the with obstacles scenario.

we are interested in studying the prediction capabilities of
the proposed machine learning techniques when the swarm is
partially connected. To this end, 100 ARGoS-based simulation
runs are conducted for this purpose, and measurements are
collected every 0.1 second for a total duration of 150 seconds.
Figure 13 shows a scenario where a circle of radius 1 m is
being formed by 7 foot-bots out of 8 robots initially randomly
distributed in a non-free obstacles arena. Contrary to the
scenarios used in subsection IV-C, the obstacles here totally
prevent the foot-bots from sensing one another (See the footbot robot enclosed by a red circle in Fig.13 as an example).
This makes the unconnected robot(s) unable to detect all other
robots relative to itself, and therefore cannot calculate the
centroid’s position and state. The measurements collected for
this study are the same as in Table I of subsection III-C. As a
result, the dataset for this scenario, which is used to construct
the regression models as in subsection IV-C, contains a total
of 1500 rows with 2 principal features:Fivvf and ∠Fivvf out
of 41.

Initial Position

Final Position

M AE). Both achieve an accuracy of around (0.21, 0.16) and
(0.45, 0.34) successively. The BST build-model provides the
highest accuracy when compared to the BT model, which supports the optimizing regression accuracy of BST (See Fig.15
for the BST prediction results). In this scenario, although the
two principal features used to feed the models are affected
by the loss of communications between the robots caused
by an obstacle in the robot-robot line-of-sight communication
sensors, the prediction performance of the EL-based models
(i.e., BST and BT ) are still dominant. Results again testify
the flexibility and power of BST and BT ensemble learning
techniques in seizing almost any significant pattern hidden
in data and optimizing prediction accuracy using models
sequencing.

Robots Trajectories

Fig. 13: ARGoS Simulation Results while performing the
swarm circle formation controller with 8 foot-bots in
presence of obstacles preventing robots to sense neighbours.
The testing prediction results of the built regression models
for this scenario, when applied to unseen test samples, are
shown in Figure.14. Note that the performance results of
the designed models are optimized using 5-fold CV. Results
indicate that the ensemble learning approaches BST and
BT utilized in this study outperform the other classical ML
regressors in terms of both indicator metrics (RM SE and

Fig. 14: Predictors Models Quality with Partially Connected
Swarm when using testing dataset.

E. Prediction Results with swarm Scalability
In this subsection, we are interested in studying the robustness of the proposed prediction approach to Swarm Scalability.
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V. C ONCLUSION AND F UTURE W ORKS

Fig. 15: BST Prediction results with partially connected
swarm.

Following the same settings of the previous sections, 100
ARGoS-based simulation experiments are performed with
different swarm sizes N = {8, 12, 16, 20} in the presence of
obstacles preventing the robots from sensing neighbors. The
data sets resulting from this scenario were collected for each
swarm size case study, then the regression models summarized
previously in Table I (subsection III-C) are constructed. In
Fig.16, we show the prediction quality results with 5-fold
cross-validation when applied the investigated regression models to testing datasets. In this case study, we found that the
BST and BT models are still superior to the other classical
ML built models in terms of RM SE and M AE in almost
all the swarm size case studies (Fig.16). Also, compared to
the classical constructed ML models, we observe that when
the swarm size increases, the proposed built-EL regression
models’ predictive quality increases almost linearly (See the
linear decrease in both performance metrics (RMSE and MAE)
in the embedded plots). Moreover, the BST prediction model
provides the highest accuracy in both performance metrics in
all the swarm size case studies. These suggest that the ELprediction approaches scale linearly with the swarm size. The
prediction quality results with different swarm sizes of the
best EL-model when applied to the unseen observations are
depicted in Fig.17. The results suggest that the BST model
can accurately predict the swarm motion speed GS relative to
the true GS for almost all swarm sizes case studies, confirming
that our regression EL model can be accurate when the size
of the swarm increases.

Fig. 16: Predictors Models Quality with different swarm
sizes (N={8,12,16,20}
) when using the with obstacles testing dataset.

In this work, two ensemble learning-based models: Boosted
Trees and Bagged Trees, are presented to provide a reliable
prediction for a swarm robotics system’s motion speed engaged in a circle formation task. To this end, experimental
data collected from the sensors/actuators of 8 foot-bots moving
to form a circle is applied for model prediction accuracy.
Essentially, two datasets addressing two scenarios: in the
presence and absence of obstacles in the arena are collected
using the ARGoS simulator. In the scenario with obstacles,
the swarm is fully connected, meaning that obstacles allow
robots to sense each other. Another scenario where the swarm
is partially connected was also taken into account. These
datasets are used to train the proposed models assessed by
two commonly known accuracy prediction metrics: RM SE
and M AE. The proposed models were also compared to
OLS results and SVRs and GPRs models using different
kernel functions. Results suggest that the boosted trees and
bagged trees regression models provided the highest prediction
performance in both scenarios. While it was clearly shown that
these two EL-algorithms outperformed all the other models
in the without obstacle scenario. However, in the case study
with both fully and partially connected swarm, the bagged
trees algorithm’s prediction performance was slightly better
than the cubic Gaussian SVR and the rational quadratic GPR.
Moreover, the proposed EL-built predictor approaches’ prediction performance quality has been tested using different swarm
sizes. Results suggested that with both the Boosted Trees
and Bagged Trees models, accurate predictions of the swarm
motion speed are achievable when the swarm size increases
compared to the classical studied ML models. By using the
Boosted Trees and Bagged Trees algorithms as an ensemble
learners, we have taken advantage of their ability to provide
accurate predictions and greatly minimize the variance of
prediction errors to achieve accurate regression performance in
predicting swarm motion speed. In addition we have opened a
new direction in applying EL predictive modelling techniques
as well as other related ML algorithms in the area of swarm
robotics research. We believe that this could be a useful tool
for model-based monitoring of such robotics systems.
Despite the adequate prediction results of swarm motion
speed obtained using ensemble learning techniques, the work
presented in this study guides future work. To this end, given
an initial condition of the swarm, our approach is tested
only to predict the current swarm motion speed. However,
it can be enhanced in future work to cope with minimal
divergence while the swarm evolves over time. Also, since
robot sensor/actuator measurements may contain noisy features that have time and frequency contributions, we plan to
enhance the proposed ensemble learning-based swarm motion
speed prediction models by developing multi-scale models that
combine ensemble learning techniques with statistical quality
control charts [60]. It is very interesting also to see how
well our predictive built models are accurate when training
and testing them in different non-free obstacles environments
scenarios. Furthermore, we are planning to use the transfer
learning in our future work. Transfer learning, which consists
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Fig. 17: Predictors Models Quality with different swarm sizes when using the with obstacles testing dataset.

of using the experience obtained by solving predecessor problems (pre-trained models) to improve the process of learning
new tasks. This line of research will be investigated in future to
improve flexibility of swarm robots. Finally, we plan to design
deep learning-based classifiers to discriminate sensors fault
and process faults in swarm robots, and a comparison with
benchmark classifiers should be investigated. We also aim to
use other machine learning prediction techniques in predicting
other swarm behaviors, such as aggregation, flocking, task
allocation, and collective transportation.
ACKNOWLEDGEMENT
This publication is based upon a collaboration work from
the King Abdullah University of Science and Technology
(KAUST) and the Laboratoire de Recherche en Informatique
de Sidi Bel-Abbes (LabRI-SBA). The work is supported by
KAUST Office of Sponsored Research (OSR) under Award
No: OSR-2019-CRG7-3800.
R EFERENCES
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