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This study presents a comprehensive comparative evaluation of three routing
algorithms in static network environments with complex obstacles. The
algorithms include A* as a deterministic heuristic search method, Q-learning as
a classical reinforcement learning approach, and Double Q-learning as an
improved version designed specifically to reduce overestimation Dbias.
Experiments were conducted in two distinct environments: a simple 25x25 grid
network and a complex 40x40 urban environment. Algorithm performance was
systematically assessed using multi-dimensional criteria including path length,
execution time, success rate, path smoothness measured by number of turns, and
learning stability across multiple episodes. To ensure statistical reliability of the
results, each algorithm underwent 30 repeated independent runs with advanced
statistical analyses including 95% confidence intervals, paired t-tests, and
ANOVA to validate significance of observed differences. Findings revealed that
A* consistently outperformed other algorithms across all quantitative metrics,
generating optimal and smoothest paths with average length of 42 steps,
minimal execution time of 0.0043 seconds, and only 7 turns. Although both
reinforcement learning algorithms achieved 100% success rates in all
experimental conditions, they required substantially longer execution times and
produced lower-quality paths with considerably more turns (19 and 20 turns
respectively). In the complex urban environment, performance disparities
intensified significantly, with Double Q-learning optimality dropping from
91.3% to 90%. The results showed that reinforcement learning-based
algorithms are better suited to unknown, dynamic, and uncertain environments
due to their adaptive capabilities, whereas the A* algorithm achieves superior
performance in static and well-defined environments.
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2. Q-learning based Multipath Routing (QMR)
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1. Ad hoc On-Demand Distance Vector (AODV)



Y Ladlan (gwdioe 5 (5)5t3
¥ 5yled Vv 690 NFe0

7l e boddcolin aen 93 K55 piyeSl o)) K
b ebomtle boddm iy Mg gbya auplej alins J> sl
6l ] Sl o ol S o ) 556 iy oS
=gl lol skl eyl @ cond Gl 205
ol glolime )3 (g2 BB dge Fiod [lslslel 5 M9l
@B g deoly lul o e Pl g 3l (s alols 4
@i miyesll Ghugwjsl W] e dbnl Slulxe
sinole) altws > lp 1) 95 63650k b abldge alay >
4 alugly (ilworlel (slaple; b pdybllanil s yen M55 (L2
o9y jl edlatwl &5 amd e (Ui Simggy S (e By Jlg8
255 wlals 8l S (65:50L g5l 5 (200 Cumdg (2L
A8 o wrl 1) e ggrminn sladg) 9 )eNl slo el
G G @lidy gy & cwl ol Sl o8 @l
93 G 3o N Sl oS o 5 Syt (slapi oS
5 By sugle; Plue 3 65Vl Glinebl coblB 5 S
5 6353k el ol g i [IF ] awd o )] (e gtias
Sle s il daaaiy Gl glawd iledige o
Sirl slagyls Sl gladaly (gluaige
ool 4 timd o i o), Stingsy S e &) piydios
Byetept g55 S gladde g jee 432 a3}l ilygly
I3 18] ditas lagsyglid cpl 5,Ses 2900 5> Jelge (25w
“JlsS—wlpl cubiaas guanadss puysll e
st S SBaSed 3 (651 ol Lo (gl |y Vgl sl
9 95 S5k oS 5 &S e QLS oSy S oo )]
S ) aSud pee sk g 5l @iy ayge SIS silwaine
lopt oSl & Cons gl sl JlgS - ol g Lise o0
LSS el ghlSen 5 (J V] ) 50 2 Shes 35290
295 wigle) eln ) o5 xSl p e lala s
dget Sy 965 63650k gy ol 9 90,8 Sl (o gyl
@l ) ) b Joel) g95 (il g (e onine Ll
sotey 5l silub g 2 Sl oletitn whyeSl ol (L
ol wiugles slp ghlSes 5 gl [IY] cwsl 5y 35290

pipesdl S 8L codgaze b sddmy pllas]

7. Non-dominated Sorting Genetic Algorithm 11 (NSGA-I1)

8. Proximal Policy Optimization (PPO)

9. Multi-Objective Evolutionary Algorithm based on Decomposition
(MOEA/D)

10. IBM ILOG CPLEX Optimization Studio (CPLEX)

11. Stable Fuzzy Clustering with Q-learning based Improved Ant
Colony Optimization (SFC-QL-IACO)
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1. Q-Learning based Hyper-Heuristic (QLHH)

2. Multi-objective Q-Learning based Competitive Particle Swarm
Optimization (MOQLCPSO)

3. Q-learning based Multi-objective Spotted Hyena Optimizer (Q-MSHO)

4. Q-Learning based Multi-objective Hyper-Heuristic Algorithm
(QLMHHA)

5. Q-learning based Multi-Population Co-Evolutionary Algorithm with
Local Search (Q-MPCEA-LS)

6. Q-learning Guided Genetic Algorithm (QGGA)
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5. Priority-based Deep Coordination Learning (PDCL)

6. Q-LIPA

7. Regionally Greedy Optimization - Rapidly-exploring Random Tree
Star (RGO-RRT*)
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1. Q-Learning based Estimation of Distribution Algorithm (QLEDA)
2. Root Mean Square Propagation (RMSprop)

3. Conflict-Based Search (CBS)

4. Simulation-Based Search (SBS)
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E[max Q(s',a")] = max E[Q(s',a")] )
a*= argmax QA(s’,a") (v)

QA(s,a) « QA(s,a) + a x [r +y (")
* QB(s',a*) — QA(s,a)]
a*= argmax QB(s’,a’) @)

QB(s,a) « QB(s,a) + a x [r +y (\)
* QA(s’,ax) — QB(s,a)]

5. Double Q-Learning
6. Overestimation
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1. Q- Learning

2. Reinforcement learning
3. Bellman Equation

4. Temporal Difference
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Fig. 2. Flowchart for Performance Comparison of A*, Q-
Learning, and Double Q-Learning Routing Algorithms.

6oty IS A a0 o 1) ol e v 5 o] dus duaslie (gl

Ladlgn (podiga 5 (5y9l
¥ 5yled Ve Byes AFeD /Y

e @93 5" (6 53b )95l 13 (Sl)jgyas (Vo 9 A) dhole
Ui a1 bl bl S o e Mol S el 132 Jas (gl 55
Cos g odd S JY i <o pd LQB (gan el ) o oy i
95 3l oalitl .09 s 03938 Jud 08 ke @ (5pS0k £y il
&5k g ool il 1y eoglites  hlite spon 55 S
WS oo e 1) Ik
slapn oSl oL g silwerly w0l s Sy jglated;
ox3 L1 (V) JSb )3 Ly oSl cpl S (sl g (ol
1) ol 08d b Lo (g5lwodlel 1 ol Jnlyo 5905 el ]
duglio sladligy V) UK puioren D o LS plaie Ciygoa
Iy 55 450 6, 50L 5 955 6553l eylll oty )sS)] dus 5,Skas

o (gjlweslel
o slag by N x N afod dlayl
o adye gl b
¢ lads gl pasd
)
”
&
> oo :
PRSIl - l

B s St |8 w8y 95 Sk
B : ' s
Ll Jslye Lt Jolpn Ll Uslye
o Afale o g8 Jeas slat * e g oo g0 2l
G g Ui g % i @ ol icta Sde b 3
o fn) s e geAINE
o g e phaiud ® 1o 92 pded 4 e U

® Qn) ¢ hin) 3 him) g
o Db | s (g & 92 7 e gl

L i

* ' ¥
9 g jena ‘__9 2530 e CO xSl aane
[ - | (e 95 0= aiSys g

i)l sl e
o Pl Saai) pomn b
o (e} Lymt o
- \.C« Sam,
L e

Q 6)‘;‘ el
L3

iagudinn 3 S50 P gloal
it

.
.
o 00 Glicabt wlelh
.
.

(5] et e 5 pintas

(55 o

e Gl ysS gyl slos wigy =Y JSUS

Fig. 1. Flowchart of routing algorithm execution.
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state = start, visited = zeros
For step=1:max_steps:
visited[x,y]++
Q_avg = (Q1+Q2)/2
action = random if rand<e¢ else argmax a
Q_avg(state,a)
next_state, reward = transition(state,action)
If rand<0.5:
best = argmax_a Q1(next_state,a)
Ql = QI + ax[reward + yxQ2(next_state,best) -

Q1]
Else:
best = argmax_a Q2(next_state,a)
Q2 = Q2 + ax[reward + yxQl(next_state,best) -
Q2]

state = next_state, if state==goal break
Decay &, and o every 100 episodes
Extract path: Q avg=(Q1+Q2)/2, start—goal by
argmax_a Q_avg(state,a)

5. Statistical Analysis (30 runs):

For each run: store path_length, time, success, rewards,
convergence

Compute: mean, std, median, min, max, 95% CI

Tests: t-test, ANOVA, Cohen'sd

Quality:  turns  (smoothness),
(optimal_length/found_length)x100

optimality =

6. Visualization:

Plot paths (A*:green, Q:blue, DQ:red), learning curves,
comparative tables

Return: paths, metrics, results
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Algorithm: Comparative Path Planning

Input: grid_size, obstacles, start, goal,
num_episodes=1000, num_runs=30

Output: paths, performance_metrics

1. Environment Setup:

Create grid with
actions=Up,Down, Left,Right
Reward: +1000 (goal), -50 (obstacle), -1 (step with revisit
penalty)

obstacles,

2. A* Algorithm:
Initialize openList with start (g=0, h=Manhattan),
closedList=[]
While openList not empty:
current = node with min f in openList
If current == goal: reconstruct path via parent pointers
For each neighbor: if valid and not in closedList:
g_new = current.g+1, h_new =
Manhattan(neighbor,goal)
Update or add neighbor to openL.ist

3. Q-Learning Algorithm:
Initialize Q = randx0.01, set a=0.3 (decays), y=0.95,
€:1.0—0.01
For episode=1:num_episodes:
state = start, visited = zeros
For step=1:max_steps:
visited[x,y]++
action = random if rand<g else argmax_a Q(state,a)
next_state, reward = transition(state,action)
Q(state,action) = Q(state,action) + ax[reward +
yxmax_a Q(next state,a) - Q(state,action)]
state = next_state, if state==goal break
Decay ¢, and o every 100 episodes
Extract path: start—goal by argmax_a Q(state,a)

4. Double Q-Learning Algorithm:

Initialize Ql=randx0.01, Q2=randx0.01, set 0=0.3
(decays), y=0.95, €:1.0—0.01

For episode=1:num_episodes:



d)ﬁ.b o35 4 J‘};@.n.& uLeu]

7530 sl 93 (o 45 83 00 (L3 (V) Jgdr )3 ol gl
Syl demg (6350 slajlxe o (g)b pme slacgle el
IS Hlxe Bl 5 AAVIYA ol (ol Sl b 08 (6 83L
bl (ke) 55 W9 4Tk A Cand lul 5 Sles
G g b 4SS sl (VFY jlee Blpal L A0S/
Saisiae yobodr 395l VY | & sl alS g 58" (650l ol Sen
Alojlal gy cnl b oad Ko (3950 YA) 95 6 53L 5l Sy
yomno Jobo Ciglas oS dad o (L5 + /00 Joleo (Cohen's d) (y»oS
=YEVIY il ly ials cwl lawgio o 0 0,6 90 cpl o
ol 53 ol iolial saims L 55 Ail8ed (680 D (ghuo

ol iy 5o

wilisee slalasme p3 3,Sles duslio Y Jouo

Table 3. Performance comparison across different
environments.

Path . ..
Environment | Algorithm | length Et)i(ﬁ:::?;;n Optg;a;llty
(steps) °
A* 42 0.0169 100%
Network Q| 42 | 03595 | 100%
environment learning
Double Q-
learning 46 0.3915 91.3%
A* 72 0.0244 100%
Urban Q- 74 | 0.6607 | 97.3%
environment learning
Double Q-
learning 80 0.7652 90%
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Table 1. Comparison of overall algorithm performance in the
network environment.

Performance A* Q- Double Q-
metric Learning learning
Path length
(steps) 42 42 46
Execution time | , ,¢o | 3505 0.3915
(seconds)
Success rate (%) | 100.0 100.0 91.3
Number of turns 7 19 20
Smoothness | ;.0 | 50 0.048
index
Turn-to-path | )0 | (450 0.435
length ratio
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Table 2. Comparison of learning characteristics.

Learning . Double Q-
characteristics Q- learning
ATEITEE T 957.38 956.52

Rewarr
Standard
deviation of 0.86 1.41
reward
Con\{ergence 78 74
episodes
Variance . -767.2%
reduction
Effect size
(Cohen's d) - 0.455
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Fig. 3. Network map with complex obstacles.
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Table 4. Key parameters for simulating routing algorithms.

. Double Q-
Parameter A* Q-learning learning
25x25 25%x25 25%25
: (Grid) / (Grid) / (Grid) /
Environment 40x40 40%x40 40%40
(Urban) (Urban) (Urban)
Nur_nber of o 1000 1000
episodes
Number of
independent 30 30 30
runs
Learning rate o 03 0.3
() (decaying) (decaying)
Discount
factor (y) B 09 0%
Expl'oratlon o 1.0 - 0.01 1.0 — 0.01
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Fig. 6. Double Q-learning path.
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Fig. 16. A* urban path.
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Fig. 15. Urban map for path planning.
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Fig. 18. Double Q-learning urban path.

All Paths Comparison in Urban Environment
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Fig. 19. Comparison of all paths in the urban environment.
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Fig. 17. Q-learning urban path.
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Fig. 20. Analysis of average reward convergence in g-learning
and double g-learning algorithms.

55 5 wys g2 Lawgto bl (ol S S, (Y+) S0

Gl a5 03 yisles 395wl Voo Jsb 3 45 4l (550L
5 e buugio 0Ll 02,550 53 o 093 sn o2nlie 8 yolen
1Red jao Cuow & guyli 4 g5 03,5 o (500 .».J)s sl
SyiaS lawgie bl 68" algy (6,30l gl Jolpe 3 Mg o
I A Slge o dade ol g8 xSk & Cud ()
(JBonl bl Sloladl (5,1 5,902 )3 2680 ol by (58 dladlove
22 9035 s o5 5980 93 50 3,Slee dgial Yoo 2930 5l



58 ol 5 oI5 ok Gl

A* Path Density

T T T 1
5| i 0.9
0.8
10 |- 1
0.7
15 - .
0.6
i
®©
£
S 20 F 1 Y
S 0.5
(e}
O
>
o5 L | 104
-10.3
30 - .
H02
35 .
-10.1
40 C 1 1 1 T —0

10 20 30 40
X Coordinate

il e JEs -V IS
Fig. 24. A* path density.
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Fig. 23. Comparison of network environment and urban
environment.
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Fig. 26. Double Q-learning path density.
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Fig. 25. Q-learning path density.

b o gl o Sdas I Jols jne (SIS 4l (V0) JS5

S Sl il ol o plaled 653k sl plesl I
b slaiseiirm 3 1) (et S5)) Yo S L 5 pasedio M8 e
2 I VL 5y cpl S (0 pgeal @ (ol 5)) Yo (JBS
5 gl ealcuibpo ol Sam onimd Ll ol o b3 S )
590l 3l g o Lino il sl gl 5 (oo sl S5 (65500
b alie jue S pslie ©pgon Jlgie slalial )3 Jole ¢ S
e cpl 3 dagr bB &S5 S o Ol Gaa & dwy (gl
9 (Vo)r) lathe )3 ooy e yuld LB 0 yowe JS3
ol A8l ety g SSL ()l gl &S casl (VYY)



58 ol 5 oI5 ok Gl

«104Learning Curves Comparison

0"
-1 L
[}
° 1
S o h
3 §
7]
[h'4 3 i
>k
© b
0 4 i, Q (Grid)
< n DQ (Grid)
5k = = =Q (Urban)
= = =DQ (Urban)
-6 . . L L
0 200 400 600 800 1000

Episodes
d).\f)b dlzzsu;z;a d...uhu —YA ‘Js-ﬁﬁ)

Fig. 28. Comparison of learning curves.
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Fig. 29. Execution time in network vs. urban environment.
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3D Visualization of Urban Path Planning
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Fig. 27. 3D Visualization of urban path planning.
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Path Quality: Turns vs Smoothness
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Fig. 31. Comparison of path planning algorithms based on turn
count and path smoothness criteria.
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Solution Quality: Grid vs Urban
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Fig. 30. Solution quality in network vs. urban environment.
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