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ABSTRACT  

Legged robots capable of traversing unstructured and unpredictable environments are increasingly vital for 

applications such as disaster response, planetary exploration, precision agriculture, and inspection of hazardous 

zones. Traditional model-based control strategies require precise system identification and assume known, quasistatic 

terrain profiles; as a result, their performance degrades sharply when confronted with unforeseen surface 

irregularities, variable compliance, or dynamic obstacles (Zhao & Li, 2020). In contrast, AI-based terrain adaptation 

algorithms leverage data-driven learning to endow walking robots with the ability to perceive, interpret, and respond 

to diverse terrain features in real time. This manuscript presents a unified framework integrating deep reinforcement 

learning (DRL), sensor fusion, and hybrid model-based/data-driven control for bipeds, quadrupeds, and hexapods. 

We detail the system architecture—comprising a perception module (LIDAR, vision, IMU, and force sensing), a DRL 

policy trained via Proximal Policy Optimization (PPO), and an impedance-based safety layer—that enables robust 

foothold selection, gait modulation, and reflexive fallback behaviors. Experimental validation in high-fidelity MuJoCo 

simulations across flat ground, variable slopes, deformable sand patches, and discrete obstacle fields demonstrates 

that our hybrid controller reduces slip events by 28% and energy consumption by 12%, while increasing average 

locomotion speed by 15% compared to standard model predictive control (MPC) baselines. We conclude by discussing 

practical considerations for real-world deployment, including domain randomization, computational latency, and 

sensor calibration, and outline future directions for extending terrain taxonomy and minimizing sim-to-real gaps 

(Kumar et al., 2021; Patel & Singh, 2021).  

  

  

  

  

  

  

  

18  

https://doi.org/10.63345/wjftcse.v1.i3.203
https://doi.org/10.63345/wjftcse.v1.i3.203
http://www.wjftcse.org/
http://www.wjftcse.org/


    

World Journal of Future Technologies in Computer Science and Engineering (WJFTCSE)  
  

ISSN (Online): request pending  

  

Volume-1 Issue-3 || August 2025 || PP. 18-24  https://wjftcse.org/   

 19  Attribution-NonCommercial-NoDerivatives 4.0 International (CC BY-NC-ND 4.0)  

  

  

KEYWORDS  

Terrain Adaptation, Walking Robots, Deep Reinforcement Learning, Sensor Fusion, Hierarchical Control  

INTRODUCTION  

Walking robots—encompassing bipedal humanoids, quadrupeds inspired by mammals, and multi-legged hexapods—offer 

unmatched mobility in environments where wheels, tracks, or aerial platforms fail. Deploying such robots in disaster zones 

to search through rubble, on planetary surfaces to collect scientific data, or in agricultural fields to perform precision tasks 

demands adaptive locomotion capable of negotiating gravel, sand dunes, rocky outcrops, inclines, and deformable soils. Yet, 

conventional controllers built on inverse dynamics or model predictive control (MPC) rely on accurate identification of robot 

dynamics and precise knowledge of terrain parameters; any mismatch between assumed and actual conditions can lead to 

instability, increased slippage, or catastrophic falls (Zhao & Li, 2020).  

  

Figure-1. AI-Driven Terrain Adaption for Legged Robots  

Recent advances in artificial intelligence have introduced data-driven paradigms that overcome these limitations by learning 

control policies directly from experience. In particular, deep reinforcement learning (DRL) frameworks train agents to map 

high-dimensional sensory observations to joint torque commands through trial and error, guided by reward functions 

balancing objectives such as forward velocity, energy efficiency, and stability (Peng et al., 2015). While purely DRL-based 



    

World Journal of Future Technologies in Computer Science and Engineering (WJFTCSE)  
  

ISSN (Online): request pending  

  

Volume-1 Issue-3 || August 2025 || PP. 18-24  https://wjftcse.org/   

 20  Attribution-NonCommercial-NoDerivatives 4.0 International (CC BY-NC-ND 4.0)  

  

approaches demonstrate impressive generalization in simulation, they often demand extensive training time, exhibit safety 

risks during exploration, and suffer from the sim-to-real gap—i.e., discrepancies between simulated environments and 

realworld physics (Kumar et al., 2021).  

To address these challenges, hybrid architectures combine model-based safety layers with DRL controllers, enabling 

aggressive exploration within safe bounds and leveraging physical priors to accelerate convergence (Patel & Singh, 2021). 

Concurrently, sensor fusion techniques—integrating vision, inertial measurement units (IMUs), proprioceptive foot-force 

sensors, and LIDAR—provide holistic terrain awareness, supporting proactive gait adjustments (Lee & Chung, 2020; Smith 

& Kumar, 2023). Moreover, hierarchical control decomposes locomotion into high-level terrain classification, mid-level gait 

selection, and low-level joint actuation, facilitating modular policy design and interpretability (Wang & Li, 2025). This work 

synthesizes these elements into a comprehensive terrain-adaptation framework. We evaluate performance metrics—slip 

events per meter, average speed, and specific energy consumption—across multiple robot morphologies and terrain types, 

benchmarking against MPC and end-to-end DRL baselines.  

  

Figure-2 .Legged Robot Terrain Adaption  

Our contributions are:  

1. A perception-driven DRL architecture with hybrid safety guarantees that adapts in real time to varied terrains.  

2. Empirical evidence demonstrating significant reductions in slip events (28%) and energy usage (12%), and a 15% 

boost in speed over MPC.  

3. Insights into practical implementation aspects—domain randomization strategies, sensor calibration, and 

computational trade-offs—to guide future real-world deployments.  



    

World Journal of Future Technologies in Computer Science and Engineering (WJFTCSE)  
  

ISSN (Online): request pending  

  

Volume-1 Issue-3 || August 2025 || PP. 18-24  https://wjftcse.org/   

 21  Attribution-NonCommercial-NoDerivatives 4.0 International (CC BY-NC-ND 4.0)  

  

LITERATURE REVIEW  

Deep Reinforcement Learning for Legged Locomotion    

The advent of DRL has revolutionized robotic control by enabling agents to learn complex motor skills without explicit 

modeling. Early works such as DeepLoco used hierarchical DRL to master obstacle traversal in simulation, achieving 

dynamic walking and jumping behaviors on flat and simple obstacle courses (Peng et al., 2015). Subsequent research 

introduced curriculum learning, gradually escalating terrain complexity—e.g., from flat to uneven surfaces—thereby 

improving sample efficiency and robustness (Tidd, Hudson, & Cosgun, 2020). Rapid Motor Adaptation (RMA) proposed a 

two-stage pipeline: a base policy trained on randomized simulators and an adaptation module that refines actions in real time 

based on proprioceptive feedback, demonstrating zero-shot sim-to-real transfer on the Unitree A1 quadruped (Kumar et al., 

2021).  

Sensor Fusion and Terrain Classification   

Vision sensors (stereo cameras, depth cameras) and LIDAR generate dense environmental maps but struggle under poor 

lighting or dust. Proprioceptive and tactile sensors (joint encoders, foot force-torque sensors) complement exteroceptive data 

by directly sensing ground interaction, permitting “blind” gait adaptation under occluded conditions (Smith & Kumar, 2023; 

Johnson, Smith, & Lee, 2022). Multi-modal fusion frameworks—often based on convolutional neural networks (CNNs) for 

spatial data and recurrent networks (LSTMs) for temporal sequences—achieve terrain classification accuracies above 90%, 

enabling anticipatory gait modulation.  

Hybrid Model-Based and Data-Driven Control    

Hybrid control marries the safety and interpretability of model-based controllers with the flexibility and performance of DRL. 

For example, adaptive impedance controllers adjust virtual stiffness and damping parameters online based on estimated 

terrain compliance, while a DRL policy directs high-level foot placements (Zhao & Li, 2020). Patel and Singh (2021) 

integrated MPC for trajectory planning with a DRL-based residual policy that corrects for model mismatches, achieving 

smoother locomotion on rocky terrain.  

Hierarchical Architectures and Curriculum Strategies    

Hierarchical reinforcement learning decouples locomotion tasks into discrete subtasks: terrain recognition, gait pattern 

selection, and low-level joint control. Such modularization reduces action-space dimensionality and facilitates targeted 

retraining of specific layers (Wang & Li, 2025). Curriculum learning further structures training by introducing terrain features 

in ascending complexity—slopes, discrete steps, deformable soils—thereby providing graded learning challenges that 

prevent catastrophic policy failures early in training (Tidd et al., 2020).  

METHODOLOGY  

Overall Framework    

Our framework comprises three interacting modules:  



    

World Journal of Future Technologies in Computer Science and Engineering (WJFTCSE)  
  

ISSN (Online): request pending  

  

Volume-1 Issue-3 || August 2025 || PP. 18-24  https://wjftcse.org/   

 22  Attribution-NonCommercial-NoDerivatives 4.0 International (CC BY-NC-ND 4.0)  

  

• Perception Module: Fuses point-cloud data from LIDAR, RGB-D vision, IMU readings, and foot force-torque 

measurements. A CNN processes height-map patches (64×64) to classify terrain into categories (flat, inclined, 

granular, deformable) with 92% validation accuracy. An LSTM ingests temporal sequences of force and IMU data 

to detect real-time anomalies such as slippage or sinkage.  

• Hybrid Safety Layer: A model-based impedance controller monitors ground reaction forces. If forces exceed 

predefined thresholds or predicted torques exceed safe margins, the controller interpolates between the 

DRLsuggested action and a conservative fallback gait, ensuring stability under unpredicted disturbances.  

Simulation Environment   

We leverage the MuJoCo physics engine to simulate bipeds, quadrupeds, and hexapods on randomized terrain ensembles:  

1. Flat Terrain: Baseline for initial policy convergence.  

2. Inclined Planes: Slopes from 0° to 30° randomized per episode.  

3. Discrete Obstacles: Cubic and spherical protrusions of varying heights.  

4. Deformable Sand: Modeled via height field coupling with soft contacts.  

5. Mixed Obstacles: Composite courses combining all elements.  

Each training episode spans 1,000 simulation steps (~20 s real time). Curriculum progression triggers upon achieving >90% 

success (no falls) over 50 consecutive episodes. Domain randomization perturbs robot inertial parameters ±10% and 

friction coefficients ±20% to enhance real-world generalization.  

Training and Hyperparameter Settings    

We train policies for 10 million time steps per robot morphology. PPO hyperparameters follow standard guidelines: clip ratio 

= 0.2, learning rate = 3e-4, batch size = 64, epochs per update = 10. Reward weights are set to w_v = 1.0, w_e = 0.1, w_s =  

2.0 based on preliminary tuning to balance speed and slip avoidance.  

Implementation Details   

The perception CNN comprises four convolutional layers (filters: 32, 64, 128, 256) followed by two fully connected layers. 

The LSTM has 128 hidden units. Both perception and policy networks run on an onboard NVIDIA Jetson Xavier NX, with 

end-to-end inference latency of ~30 ms. Impedance thresholds are empirically determined from static tests on 

representative terrain patches. All code is implemented in PyTorch and integrated with ROS for real-time data handling.  

RESULTS  

We benchmark three controllers—standard MPC, end-to-end DRL without safety layer, and our hybrid framework—on five 

terrain profiles. Each test consists of ten 30 m runs per robot, averaging metrics over runs. Key performance indicators 

include slip events per meter, average speed (m/s), and specific energy consumption (J/kg·m).  

Controller  Slip Events/m ↓  Speed (m/s) ↑  Energy (J/kg·m) ↓  
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MPC  0.45 ± 0.08  0.75 ± 0.04  3.20 ± 0.15  

DRL only  0.32 ± 0.05  0.82 ± 0.03  3.50 ± 0.12  

Hybrid (ours)  0.23 ± 0.04  0.86 ± 0.02  2.80 ± 0.10  

Our hybrid approach reduces slip rates by 28% relative to DRL and 49% relative to MPC, while improving speed by 15% 

over MPC and enhancing energy efficiency by 12% (Davis & Wang, 2022; Brown, Patel, & Nguyen, 2022). Figure 1 

illustrates slip-rate distributions across terrain types: the hybrid controller exhibits the tightest variance, indicating consistent 

performance under heterogeneous conditions. Furthermore, failure analysis shows that hybrid controllers recover from 

unexpected perturbations (e.g., foot sinkage in sand) without falls in 96% of events, compared to 82% for DRL alone.  

CONCLUSION  

This work demonstrates that integrating deep reinforcement learning with sensor-driven terrain classification and a 

modelbased safety layer yields a robust, versatile terrain-adaptation framework for walking robots. Key findings include:  

1. Performance Gains: Hybrid controllers significantly reduce slip incidents and energy expenditure while boosting 

locomotion speed across multiple morphologies.  

2. Modular Architecture: The separation into perception, policy, and safety modules enables targeted 

improvements—e.g., swapping perception networks for alternative sensors without retraining the policy.  

3. Real-World Readiness: Domain randomization and impedance thresholds facilitate transfer to physical platforms, 

as evidenced by prior RMA deployments (Kumar et al., 2021).  

By providing a scalable, generalizable solution, this framework advances the state of the art in legged locomotion, enabling 

reliable operation in previously inaccessible environments. The modular design accommodates future enhancements—such 

as integrating visual servoing for dynamic obstacle avoidance—and supports expansion to novel morphologies like 

snakeinspired robots or amphibious platforms.  

SCOPE AND LIMITATIONS  

Despite promising results in simulation, several limitations must be addressed before field deployment:  

• Sim-to-Real Gap: Although we apply domain randomization to bridge discrepancies, unmodeled real-world 

factors—sensor noise, actuator backlash, and uncharacterized terrain compliance—can degrade performance. 

Future work involves hardware-in-the-loop testing and incremental fine-tuning on physical platforms.  

• Computational Latency: The perception pipeline’s CNN and LSTM introduce ~30 ms of latency, which constrains 

maximum achievable gait frequency and may impair performance in high-speed scenarios. Research into 

lightweight neural architectures (e.g., MobileNet variants) is warranted.  
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• Limited Terrain Taxonomy: Current training covers common natural terrains—flat, inclined, obstacle fields, and 

granular soils—but excludes extreme conditions such as ice, deep snow, or slippery mud. Extending terrain labels 

and reward functions to new categories will enhance operational breadth.  

• Energy-Latency Trade-Offs: The impedance safety layer, while preventing failures, may override aggressive 

policies and reduce average speed under marginal conditions. An adaptive threshold mechanism that balances safety 

with performance could ameliorate this issue.  

• Hardware Constraints: Onboard computation, power, and sensor capabilities vary widely across robot platforms. 

Tailoring network sizes and control frequencies to specific hardware footprints is necessary for broader applicability.  

Addressing these limitations through real-world experiments, algorithmic refinements, and expanded training domains will 

further solidify the proposed framework’s utility in practical deployments.  
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