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Behavior-Based Navigation Algorithm of a Self-Balancing Bicycle in the Presence of
Obstacles Using Deep Reinforcement Learning

Arash Karimi 1, Ma_]ld Sadedel 2

1 Mechatronic Engineering Department, Tarbiat Modares University, Tehran, Iran
2 Mechanical Engineering Department, Tarbiat Modares University, Tehran, Iran

Abstract:

Two-wheeled vehicles, such as autonomous bicycles and motorcycles, are widely utilized due to their compact dimensions, low
inertia, and high maneuverability. These characteristics make them highly suitable for efficient navigation in confined spaces.
However, maintaining their dynamic balance, particularly at speeds below five meters per second, remains a significant challenge.
At such low velocities, the natural stabilizing effects of gyroscopic precession and caster geometry diminish, rendering the vehicle
highly unstable. To address this instability, this study presents the dynamic modeling of an autonomous self-balancing bicycle
equipped with a reaction wheel. The nonlinear equations of motion were developed based on the Lagrangian formulation within
the MATLAB/Simulink environment. The derived state-space representation was thoroughly validated against a Simscape
multibody simulation under identical pulse torque excitation, confirming the accuracy of the mathematical framework. To
enhance dynamic stability at low speeds, two deep reinforcement learning (DRL) algorithms were implemented: the Deep
Deterministic Policy Gradient (DDPG) and the Twin Delayed Deep Deterministic Policy Gradient (TD3). These intelligent,
model-free controllers were designed to continuously optimize the reaction wheel's restorative torque commands. Furthermore,
a behavior-based navigation algorithm, capable of goal-reaching and obstacle-avoidance, was integrated with the primary balance
loop utilizing a Proportional-Integral-Derivative (PID) steering controller. An extensive comparative evaluation was conducted
against a classical Linear Quadratic Regulator (LQR) across three operational scenarios: straight-path balance, curved-path
navigation involving obstacles, and disturbance rejection over a speed-bump. The simulation results demonstrated that the TD3
algorithm outperformed conventional methods by effectively handling the system's nonlinear dynamics. Benefiting from its twin-
critic architecture, the TD3 controller exhibited smoother torque profiles and fewer oscillations than the classical LQR. During
curved-path obstacle navigation, the TD3 algorithm successfully reduced the root mean square error (RMSE) of the roll angle to
1.23 degrees. These findings confirm that the proposed DRL-based framework provides a highly efficient and adaptable solution
for the control and autonomous navigation of self-balancing two-wheeled vehicles.

Keywords: Balance Control, Self-Balancing Bicycle, Behavior-Based Navigation Algorithm, Reaction Wheel,
Reinforcement Learning.



L oaem sloLblazil jpim o Ll il 5 oole az 5]
30 oL g g S50 Sladdllae jo aijlas S cds s e
Sy polie diadsnr (gosS Jius o (b LYY L
S 5 ks JS a5 5 sl i S 507
0 [4] aes pals Fe B, il asgly slas Ailgs o polie
S S5l S 55 T TY Jlo o s 5 Lo s
5 ol e 55 a5 4l Wl Sl 4k mss ol pslie
P HE sul bitagy ol [S] oS e xSl 9555
233,5 olml adedisn g polia (sloosisS ]S garmg sy
JAS 9 Sl iludse lol o Gilie slaiagy
LYYe Jho o ohSes 5 glSim ol oad plol Sl
14290 (Jld s pdypled 5 weSae Jouily Jow 5l eslinul
[6] 5g Jols Laa> a0 ;0B aubites oo ,0 45 55,5 >b
Slme (B gl S 5 VoYY Jlo o ohlSes 5 )92
wlg lga by JAST LB ws S (2hb 4 2gs sl (S0 S
5 LS peizmen [7] 05wy Ss5ly jsletS ille (550
@ 20 S0 S sailols >lb LY-YE Jlo )5 o) Sen
5 Gyl Wlg o yun e S 1 eolanul aST wssls las
[8] aos iol58l lejen 1) (s b s

etle 6350b 5 (eoman (hge (B8 Lol slagle ys
St J5S 0 T s (60l sl )5 5l eslin
Jole 3,809, (pl yo Sl i85 18000 a5 0 50 (oSl
b kit Bl Sl 5 b b el gk 3 eaipol
e 380 Joe 5L g ) i (IS Sl 0 Shee
58 6ol @RI YY o jo () Sen 5 S35 05501 o0
w35 4 Sk e j0 Eozes ol J5S sln |,
g Lad Codgumme 99zs b Canl ol w45 wioly lis
30 oLKen g g5 cslsl jo [9] S Lads |y 095 Jolas ¢ plaaé!
el 55 S 5 s sk a8 L YeYY L
Slgeal g (gomie (Slo e ;0 425290 J S sl (Joe (ks
Gagly tas Ol e le aly, a5 wals (5155 5 wo S adl )l
[10] el @il als 0-7 b pale

" PID Controller
¥ Reinforcement Learning

FPRV-PN

OEReR wdelign g ()09 laailel gare; ;o (5 )skd i
@ 3l gladlo jo 1) jlabog> £y2g0 add Jilug o9 5o
03,5 Jood Sig 5o 5 JuS (gmiites Ky Slegdge 5l (S0
9 Vb @35k ol xS ol sy blag cnl ol
S Jig o laaileles (sl cenlin sl 5 0l H5ile <olilé
b 5 bl il o o b (1105 e e s
O A L ol glaceim jo )l B (Lleg et
g 48b SRl (o9Swgn) Sl Gl L) el
o Wi g0 0,238 0 0 el (agose LaSE 0 5SS
5 &30 JpuS lawlola (b s jo . 090 alwy (5955l
Someal 512 290 hilug jll &S > 9 Jolad Gredi sl dieiga

el 10195 5 (glog
Slepita ;o Jolu L gl by, nponlbn 5l S
HosS Jleel b a5 el Y el oS £z 5l oolital o 2 g0
Loy cpl jo il )8 o3l W0 Combg 4 1) e iy 4 Ao
Soalis Jae Ky b b T VYl lglS 5 il
S RS S o sl G5 s 45z 5] 50
g e gals ax 0 EVD sga Ul Liile saygly Ol ool wilgs oo
Jlo 50 Cage 5 )lg50l [1] iz 050 1) i oot e
Sly Tl S g 0 prelSe Ganwg L g VoYY
Sllog caudly as win )5 @l g lele laubogs 4 >4
Lis 8n Sl o 1) yll 9w als VFe Ul e
ool L Y- YE Lo 4o oSem o YISIT JLs «oyizman [2] a8
Sy GRal38l A sl lis s pzgs 5l ln 3 2
Ao ) e Sl el Se 2 ab
590 Gaw 5l A o 39 YO Gl 4 Bolas o ilize
it JLKa] (ol (goaS S (VA YF) o en 5 o3
5 53,5 o3l Joall pSe 02 4 e $45 5290 J S Gl
ax,s VY S pes po |y Gl sansly oo e e b ailes
WSS gla ) S S ols Lt LT s, [3] 5yl o5 el

' Reaction Wheel
" CMG



aS Wil flas Glubogs aiadiss slbdas >0 10 e S o
LS o 8o Wil o el (6 ppd00ley8 g yees (S S S
[14] ams Lzals3l 1YY L1,

Ohles 9 g5 e s pe 28 g polie J3S (5055 50
S Sz (B0 Laas e a5 Wi S &l e o SITY YO Lo o
oo alS ) Hlubogs (ga5 g0 piacn S Slowle
Joe ¥o¥0 Jlo yo o)) Ked g mayg0 500 glaalllas jo [15]
S ol plas 99,5 Jelod ) e punS 3L laas 2g0 55kl
Sk godgame )3 (pulusl (S J& 35 1o SuoaBge g 0y pelais
Jilos @l e Sy sl @le bty ool [16] o)
S ol ly slas oS )5 s

50 [17] o Bem 5 gigi )l o [2] camse 5 )z g5l laingy,
WS oy Sl (ALl g JedllwSe £z 0l oS 5
Sygeo 50 48 Aol lis oyl aisle |y adly (S0 5d sla Joe s
Vol 28 5o ol 5o s (JodlloSe )sLs (gt ke
Oleals 05 550 Joles a4 azjo Ve Glml gaggly 5l oadl
Sepd e Soocsle bogs YeYY L s (Sl
2 @lPled oS ]S s Slee jlulog> (G4 290
[18] 50,5 (cmyp o2ly Ll

FVVY Jlo e phles 5 ol s nsb 5 e J58S5 Slaie
S stsly S sl Bk oS
238> 53 (Sl sl a5 80,5 (8155 do oy 455290
S5 5 o e [3] o il (BL Y ) S 3l
e o Jolss 580 (g5ke Joe a5 wols HLas YoV Jls jo
el slwoansS ]S s Shoe Wl oo £5790 Jabug po il
S e 51, 00 a4z b oS S g e JIS)
2 OSer 5 Ky s, So0 Gigsy yo [19] wws v (i
LQR 01555 555 stian 755 Jaa oL LT 10 o
[20] o5 coes b > ol s 55lb

Sl Jeoas @3 ,290 5 a3 290wl Eyzgs sadE Joleg
oleiee Rl a3 oS > 6l e Sk Sl 5 sgame

f‘).b RVsLY JL».:O ‘) RV o g oé; &_JL\-\}‘ GE..?LA @‘9.4

¥ Linear Quadratic Regulator (LQR)

63,555, YoV Jlo o ol )5ee 5 D> SBT Ll U
ety 253 e JyuST s (Susl T3k p (e (9 oS S
Aate 514 ()5 (59, adliogeg (wsSae Sisl s (53l )l
w0l g bl Sleal Jlaubogs @2y GLQW L QSMLM
58 p3Y Songlie (LB3a) s oS J S gy ()3 is Sl
5 o5 g ol |, o Sdlins 5 Jie slosabiiote iy
Sooliys eimdal gaY loieds shok (6 S0k adlie a5 >
Ol Come wile oo Gl 1) S @l sly Sl g eaiis Jowe
b eos by as olsl Bebld Jles (@b 5l eans s
olo oyl C"L“’ (0,8 W)Lusl dolas Lyl oy ojlwans
sbar (et ganl s ekt (eSS eSS
e b oS odals aiile ST isla s 5l st B
w3 oo LS eadly (pl 025 oo (S oJoe Gt S5
polie looauiS JyuS b (fusli 550k lahy, plesl a5
CojeihSpe o) Glapiuns @lojlul j3 SeS
LS YoVF Jlo o oea 5 09 [11] ol oSt
>k (o)l sz g0 Joe p0 (gl 6550L 5l s pSe
PO e ) s S99 Sl lejpen 092 50 &S s S
P30l S e wilse by anmme 50 00i S0y Jsle o haghy ol 50
Glasdllas ;o .08 JLoo 7Y Cdo L 1) Bud o 0l 3850 g 00
518 el s 1T TE Lo rpn sl 5 oSV 0
55,5 oolizal Janbogs 5298 LS (ol | ool e Lk
@ ax,0 VF 5l Guale sassly Lbgy cplas ol oylas s [12]
0ealS YOL B 1) w0, Ko ley g 0ols rals a0 V.Y
S5k sy, ) esliiul sln slal g (nl sl ool

9ys0 Jled 4y kst hlug Gaimgn Sy 55 Ges
Sl @l FoVY Jlo o ohles 3 Sl cnl 2 95!
3 0l sleges> Gl |y (Sus 6 pTok p (e 9y95
oegi ol wizye [13] wo s &l S g0 slogblis
Shin Ll was Jlubogs sleas >e0 (g0 by Lendius
Cosii |y gy sladaze ;0 (6550k 5 (AL 2 (e 655 pread
U5 oS5 b 5 YoVE o o ohlSen 5 oY iS5 e

' Deep Deterministic Policy Gradient (DDPG)



Gyl g S8 dgups g AT Cowl A5 g0 Sy (Soelns Joaw
[22] el 005,57 SeodS” slo g, 40 G (5 >

RFSY g Lo pl sla g «s 50k p (e sloo S5s, LS
Gloluly jo aned ;08 gk slas Sug;y aler I s oals S
So VA Jle 3 K g a5 Ngd oo geie £r790 bl
ghane &8 > 5 JobsS lejen S5 Glp (g owis 0ozl
=z 55 by orl yo e ,S Al kg oz slacly)
4 0b) s @B ez 45 25dge (BISSE T4 P
ks 0ad J ;1S nBISY ol (ot el Jolss el Sy
Dby SRSz 5 Setdae 8 gl CS > SRS Gl oS
o 53 sl 5o Tl cwalil 098 Sl spae (lsiea
2 e o) 8 0,955 S8 5l 5 eads (55l ]ae (SE(2))
[23] Sgud oo 43,5 0 0 05,5 led Dlaie

JraS e 5o soaxie laiaghy oad SS sla by, 2 95!
S slagss, 5l eslanad b Sy Glaptin 6256 5 e
Soeolatll (Jle glge 4 cel sal plil das e
ol gl b e B by, i pslie laoams uS
O Je8 B bl Comhdane )l ol o ouiyy sl
5 Gasb oy laghy, oeizes [24] col ails elies
IR Sl S5 Jeali 4 5 Sy ol )0 (6,0 palds
bt Db & laehas j0 wszy Gl b [25] culasys
3 Sl Jols baas wisils a5 lasboss sleas >0 wile
Wies &lge jea> 3 ol plpes 5wl s
Gros SR8 (553 (slopt o s T Jepg sl Sa)
S Sl bs 5 4 S (0 08 es 5 (6 0y Bk WSl5S o0
IRVER LRSI

e p2l gl 5 soleiiny 9505, (hy) onl b amlie 5o
o) Lol cuze sl (TD3/DDPG) Gos ugd5 5,500

a5 oan S pHlSY Ghg, B a5 el T o 9,

* Wall Following Algorithm

* Bond Graph Method

" MATLAB

"' Simulink

" Intelligent Navigation Algorithms
'™ Special Euclidean Group

' Model-free

Seolys Jobs Laim L 1) 535 gl ol a5 ol 65!
Errss ool s sozp 5o ol sl il 5l isS (S 5
Feof Jlo 0 oLKen g g9 BT diwly uad o .ol 095
50 a5 Wo,S &l lhses as =90 gl aidlogy (Swelns Jow
5 ol g e sl Jold e b pllaas guuiia 31 Gl
S b1 [21] el o Llod "ojlo 3 jemme (59,00 sabold
S 55015 s (25~ 1o b s pod J S o2 )
ol 2 1) dhewg Jolss Lad> g g 0 grae el Uy lojpa
Chiadse ailals glaosls oS5 b wgllae e 05l o
L oas ol sanS S 5 0l sl ontle b 5 Tl
w25 1) B Comms dr b @S o el s (6,5l e
P Syl S e sl oS ols (LS (Lt @l oS
[21] ojls Jlasl 68,5kee o K g5 ol 10 it g 00
2 st g dolas U558 plojen S 5 50 gy (hel sl
s @l e i o Sl i8> ek Joe Sy
S9llen Sy Ey7sd S4B hilug wielien (s nsb sloailels
Fae YOA o o olee 3 S BT uzen [21]
oS J S 5l ookl b g win S @l as >g0 5l Sl
(g nl 5o aidls olgrinn © lge 51 izl (sl oy, T
Tl 50,5 Lo Jolds o )80 s oS 5 L ogllan &8 1> e
M 30 50,5 JLso w650l g " wile 51 ol (gl canlon w53
6593 b @lse 51055 Sjpoh Wlgh 45 5290 U 0l (s
Jowe s Jeol> s s [22] iS5 > Bad Cos 5 9 00,5
3l (s Hloges (b, 5l eoliul L oS a3 258 Saliy
5 a5 et IS sl Jifan b 05 Jlasl oy 0
oS ol i M Sidgenns 5 e I3l 50 (Siludnt mls
Iy oo clin (g ko YL Cdo b sl ol golpainy ailelus
2 ol ol shel sly mles Szt wlse 515 00,8 Jlis
Sl e goanS JyuS b Maiadion (5 p0b slapit 5| S 5

' Caster Angle

¥ Trail

" Global Positioning System (GPS)
" Overwhelming Controller

® Obstacle Avoidance

" Line F ollowing

¥ Tangent Bug Algorithm



sy (Soolins g5 (lr Job Lab> (ol Jaddl oS 72 e
aS oads b laisS 4 aVaiz Gl pl il eage )
9 WS oe Sente ) JlubogS a2 6,55l 5 285 sl
3ok g Sew plhoes adi hlog dnng slp cenlie 6
S oo molp (8l lalae

oo odls (Lis ) IS8 )0 goleiinn Sy osz )l IS solexe
ol o S5 il 90 L5l Ky ) et oyl e
Opre e a5l5 45 585 (S0l p (e J3o gail>
) deelloSe g gnas (B e saly e s
ssnlin plyiear ) (Dreye ) Ol Slausly <o 5 (Tpeye (1)
Lo (gl 1) (T (1 1)) ategp ,3ltS 55200 5 00,5 2l po
285 9l () Al g 1S 0 w5 43 290 (Sl ol
Sz S (0P )pire) 45255 Samdye sl prsSl o
(D) ot ) S8 Slaises 5l ooliiwl b g 03,5 il ;o saicuas
Olos® sl wiload uye iy 5l a5 (1)) gy ) &lse s €
(eize S oo dslone PID (go0iiss' ] 18 50,k 51 1) cnlie
WS oo el | @S gzgs bt Cese sl pf,sN)
Sy (Blgo 5l Ozl ol aloz I pane ples ;o 4S5 5y
b 4 o 5l o LS g 99800 Lai> 4l p e TS
IRV PR LRI VL SURIPE KV

45 12>90 il . ¥

Sl 290 oadools Jaw by p laubogs as >0 Swlus Juws
ool Gl ey cals o w bkl ) ol a8l axwes
o plol (Sealios Jelow Sggsr g 45299 9 45 290 Gl Lol
Er ool ylia Jas boeoleriny Joo Lol ol
(G Ses glyedy &5 cl By Sl e o JedllnSe
2 518 (oo Sbml |y Al Jobss Lad> (gl p3Y (Sl j5liis
S s b ogSae Joily S aline LSl ol ((Selins
Sl looass JyuS (b ln alie al 5 005 o
IS (0 ol

Slizl s a8 (b S Headdle S8l 5 50 gl (ganan Joe
ol oSe 2z 5 e g olx gy wa el Lol

ol 6l ez 5 oy asile 5l slizl wings 5 g5leJae

G35 Ysles (Ldod gl 5 585 (Seelus Joe el
Jmre oo a5l pen Gus® xSob slapi oSl ol
Silwand bama b Jolss 325k 51 it (J 7S Sl e
L oagzlye o it @piydllasl (Shy onl sl
Grebl Sl 5 e clilazel (Salus og b e

5l oo w2l )
5 SLee 6 sl sl LQR 4 PID wiile Sadls J:5 ol s,
i g syt Lzl b agardgs ,o Lol wi)ls s b5
2951 6 x50k slapt o8l S (o g Susgaze (Sslns
Gallgs oalad cialad (LIS Gres (b ielas wile
o Lol s 4y 5 hob Gl 550k 4 36 5,50

25500 LS g st ol Ken Lo g 0ol

O,
N
» b, .
Reinforcement
Theact (1 N Learning
A |
- »
(x.y) bike
Velocity
R

00, z
T hike | £

E s PID
=z
(\.'-l'}(:...‘.‘ S
3
L
R
) '§ ::
203
gs
N
Velocity S
—

a,

4> 290 Gl olpiian 9o (J S Cgz )l (S (Seb jlaged N IS
Sllulysg>

Figure 1. Overall block diagram of the proposed dual-loop control
framework for the self-balancing bicycle
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Figure 2. Three-dimensional model of the self-stabilizing bicycle
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Figure 3. Physical model and coordinate system of the self-
balancing bicycle with a reaction wheel in the roll plane

Table 1. Parameters used in the above equations
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No. Symbol Description
1 J a Moment of inertia
2 @ Roll angular acceleration
3 m Motorcycle mass
4 () Roll angle
5 M m Torque applied to the reaction wheel
L Distance between the center of mass and
6 ,
$ the ground
7 X System state vector
8 A System dynamic matrix
9 B Actuator input matrix (vector)
10 C Sensor output (input) matrix
11 Do Maximum roll angle
12 M ,:W Maximum applied torque
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20 Model Validation: Analytical vs. Simscape
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Figure 4. Model validation: open-loop roll angle response
comparison between the analytical Lagrangian model and the

Simscape multibody simulation under identical pulse torque
excitation
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algorithm

Table 2. Components of equations 11-20
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Symbol Description
X Bicycle coordinate in the x direction
Yy Bicycle coordinate in the y direction
Xo Obstacle coordinate in the x direction
Yo Obstacle coordinate in the y direction
X Target coordinate in the x direction
Yo Target coordinate in the y direction
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Table 3. Components of the state space
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Symbol Description
() Roll angle of the bicycle
é%ik . (t) Roll angular velocity
& ( t) Roll angular acceleration for a more detailed
bike analysis of the roll dynamics
@D vt 3] Reaction wheel angular velocity
Rate of change of the reaction-wheel angular
(&Re‘w’ @ velocit
y
- Control input, typically the torque applied to
React the reaction wheel
¢ React,,,,, Torque at the previous time step
Uy prev (f ) Torque.at two previous time steps
z (t) Ground-height disturbance
&t) First derivative of ground height
&Z‘ ) Second derivative of ground height
o (f ) Steering angle for guiding the vehicle’s path
gang g g p
(§€1) Rate of change of the steering angle
%) Steering-angle acceleration
V(1) Linear velocity of the bicycle
&f ) Linear acceleration of the bicycle
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Instantaneous angle between the bicycle and the
Po obstacle
Instantaneous angle between the bicycle and the
qDG target
R Vector distance between the bicycle and the
G target
Vector distance between the bicycle and the
RO
obstacle
Velocity Linear velocity of the bicycle
(9m Steering angle
Bml, Roll angle
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+120 Terminal bonus for successful
success navigation or early stabilization
Terminal penalty for exceeding

overspeed 80 maximum safe angular speed

Table 5. Components of equations 21-33
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Table 6. Physical parameters of the self-stabilizing bicycle system

Sl 45 s (Ko sl 5y

Description Value Unit
Bicycle assembly mass
4 ymasC) 6308 kg
m)
Roll moment of inertia 5
about Y-axis (Ja ) 0.388 kg m
Reaction-wheel moment ; 5
of inertia (J ) el Lage
Height of the center of
0.104 m
mass (/1)
Roll damping coefficient
b 0.05 N-m-s/rad
(b,)
Reaction-wheel damping
coefficient (b, ) 0.00573 N-m/rad
Gravity magnitude ( g ) 9.81 m/ s>

Table 7. Design parameters and stability characteristics of the LQR
controller for straight and curved paths
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Figure 9. Simulation results of the system employing
the LQR controller under the fixed-steering scenario. The subplots
illustrate (from top to bottom): lean angle, steering input, reaction-
wheel angular velocity, reaction-wheel torque, and forward
velocity
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Soft-update coefficient 0.05 0.05
Target standard deviation (initial) 0.2 0.2
Target standard deviation 0 0
Clipping bound 1x107° | 1x107
Standard-deviation decay rate 0.02 0.05
Actor learning rate 0.0001 | 0.0001
Critic learning rate 0.0001 0.0003
Successful episodes 6900 1250
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Figure 11. Simulation restlts of the system employing
reinforcement learning with the DDPG algorithm under the fixed-
steering scenario, including roll angle, steering input, forward
velocity, reaction-wheel torque, and reaction-wheel angular
velocity
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Figure 10. Convergence curve of the cumulative episode reward
during the TD3 agent training process

Table 8. Hyperparameters of the reinforcement learning
framework for maintaining balance along a straight path
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Parameter TD3 DDPG
Sampling time 0.02 0.02
Discount factor 0.995 0.995
Replay buffer size 2x10° 2x10°
Actor threshold 1 1
Critic threshold 1 1

' Random Seeds
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Figure 13. The trajectory during balance maintenance along a
straight path
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Figure 14. The self-stabilizing bicycle in the presence of four
obstacles
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Figure 12. Simulation results of the system employing
reinforcement learning with the TD3 algorithm under the fixed-
steering scenario, including roll angle, steering input, forward
velocity, reaction-wheel torque, and reaction-wheel angular
velocity
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Table 9. Hyperparameters of the reinforcement learning
framework for maintaining balance along a curved path
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[

Parameter DDPG TD3
Sampling time 0.02 0.02
Discount factor 1 0.99

Replay buffer size 2x10° 1x10°
Gradient threshold (actor) 0 5
Gradient threshold (critic) 1 5

Target soft-update coefficient 0.05 0.05
Initial standard deviation 0.2 0.3
Minimum standard deviation 0 0
Standard-deviation decay rate | [x107° | 5x107°
Learning rate (actor) 0.0001 | 0.0001
Learning rate (critic) 0.0003 | 0.0001
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Figure 15. Simulation results of the system employing the LQR

controller under the navigation-control scenario (without
disturbance). The subplots illustrate (from top to bottom): lean

angle, steering input, reaction-wheel angular velocity, reaction-
wheel torque
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Figure 17. Simulation results of the system employing
reinforcement learning with the TD3 algorithm under the
navigation-control scenario (without disturbance). The subplots

illustrate (from top to bottom): lean angle, steering input, reaction-
wheel angular velocity, reaction-wheel torque and forward velocity
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Figure 18. The navigation-algorithm simulation environment,
including the trajectory, obstacles (in red), and the target
destination (in green) for the self-stabilizing bicycle
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Figure 16. Simulation results of the system employing
reinforcement learning with the DDPG algorithm under the
navigation-control scenario (without disturbance). The
subplots illustrate (from top to bottom): lean angle, steering

input, reaction-wheel angular velocity, reaction-wheel torque
and forward velocity
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Figure 19. Simulation results of the system employing
reinforcement learning with the DDPG algorithm under the
navigation-control scenario with a speed bump disturbance. The
subplots illustrate (from top to bottom): lean angle, steering
input, reaction-wheel angular velocity, reaction-wheel torque and
forward velocity
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Figure 20. Simulation results of the system employing
reinforcement learning with the TD3 algorithm under the
navigation-control scenario with a speed bump disturbance. The
subplots illustrate (from top to bottom): lean angle, steering
input, reaction-wheel angular velocity, reaction-wheel torque and
forward velocity
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Figure 22. Evaluation of controller robustness against

measurement noise and the successful rejection of sensor
disturbances
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Figure 21. Evaluation of system robustness against mass
uncertainty (16% mass increase) during a continuous sine-wave
steering motion
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