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ABSTRAK 

EVA FITRIYANINGSIH. Pengembangan Modifikasi Algoritma Q-Learning 

melalui Reward Shaping dan Challenge Level untuk Optimasi Jalur Robot. 

Dibimbing oleh MEDRIA KUSUMA DEWI HARDHIENATA dan IRMAN 

HERMADI. 

 

Optimasi jalur robot di lingkungan yang berubah-ubah merupakan tantangan 

signifikan. Penelitian ini mengembangkan algoritma Q-Learning yang dimodifikasi 

menggunakan pendekatan Flow-Based Reinforcement Learning (FBRL) untuk 

meningkatkan efisiensi dan adaptasi agen. Algoritma ini mengintegrasikan 

parameter anxiety dan challenge level yang secara adaptif menyesuaikan tingkat 

kesulitan lingkungan berdasarkan performa agen, yang dipandu oleh reward 

shaping. Pengujian dilakukan pada lingkungan grid 38×28 berdasarkan peta nyata 

(ATP IPB), dengan rintangan statis dan non-stasioner yang disesuaikan melalui 

validasi Breadth-First Search (BFS). Hasil pengujian menunjukkan bahwa pada 

mode non-stasioner, agen melewati rata-rata 58,2–67,0 state, dengan 12,1–13,3 

belokan dan waktu tempuh 70,1–85,3 detik, sesuai tingkat kesulitan lingkungan. 

Hasil ini kemudian diuji ulang pada mode statis. Pada mode statis dengan tingkat 

kesulitan rendah, algoritma modifikasi dengan reward shaping menunjukkan 

tingkat keberhasilan 72,2%–100%, dengan rata-rata 7,2 belokan dan waktu tempuh 

61,2 detik, lebih efisien dibanding Q-Learning dasar (15,7 belokan dan waktu 71,1 

detik). Pada tingkat kesulitan tinggi, algoritma dasar mengalami penurunan 

performa (1,8%–40,4%), sedangkan algoritma modifikasi tetap stabil dengan 

keberhasilan 72,2%–100%. 

 

Kata Kunci:   Challenge level, lingkungan non-stasioner, reinforcement learning, 

reward shaping, q-learning 

 

ABSTRACT 

EVA FITRIYANINGSIH. Development of a Modified Q-Learning 

Algorithm using Reward Shaping and Challenge Level for Robot Path Optimization. 

Supervised by MEDRIA KUSUMA DEWI HARDHIENATA and IRMAN 

HERMADI. 

 

Robot path optimization in changing environments is a significant challenge. 

This study develops a modified Q-Learning algorithm using a Flow-Based 

Reinforcement Learning (FBRL) approach to enhance agent efficiency and 

adaptation. The algorithm integrates anxiety and challenge level parameters, which 

adaptively adjust the environmental difficulty based on the agent's performance, 

guided by reward shaping. Testing was conducted in a 38×28 grid environment 

based on a real-world map (ATP IPB), featuring a non-stationary obstacle layout 

validated by Breadth-First Search (BFS). In the non-stationary mode, the agent 

traversed an average of 58.2–67.0 states, with 12.1–13.3 turns and a travel time of 

70.1–85.3 seconds, corresponding to the environmental difficulty. The agent was 

subsequently tested in static environments. In low-difficulty static mode, the 

modified algorithm with reward shaping achieved a 72.2%–100% success rate, 



averaging 7.2 turns and 61.2 seconds, outperforming the standard Q-Learning 

algorithm (15.7 turns and 71.1 seconds). At high difficulty levels, the standard 

algorithm's performance degraded significantly (1.8%–40.4% success), whereas the 

modified algorithm remained robust with a 72.2%–100% success rate. 

 

Keywords:  Challenge level, non-stationary environment, reinforcement learning, 

reward shaping, q-learning  
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