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ffective and compute-efficient navigation is essential for mobile robots to operate 
autonomously in complex environments such as crowded places like airports and 
shopping malls. Sensors mounted on mobile robots play a vital role in decision-making 

by providing information about the surroundings. Among these sensors, depth cameras are a 
type of visual sensor that provides rich depth information of the surroundings, enabling robots 
to comprehend the 3-dimensional structure of the environment, assisting the robot in robust 
obstacle avoidance and navigation. In this paper, we aim to achieve autonomous navigation 
of a differential drive robot using only the depth information of the environment by employing 
a simple Convolutional Neural Network (CNN) architecture. CNN interprets the depth 
images captured by the depth camera and generates corresponding actions for the robot, while 
maintaining computational efficiency due to the limited computational resources of mobile 
robots. We employ Deep Reinforcement Learning (DRL) with curriculum learning paradigm 
to train our CNN in two Gazebo robotic simulation environments with increasing complexity. 
This approach increases the generalization of the model and enhances its adaptability in 
unobserved environments. The CNN learns to navigate autonomously using only depth 
information from the environment. The trained model is then evaluated by deploying it in an 
unseen simulation environment. Results show that the agent converged in 1,100 episodes in 
the primary environment. Furthermore, to demonstrate the model’s adaptability, it is deployed 
in a real-life laboratory environment where it achieved a 70% success rate after training for 
1,000 episodes. 
Keywords: Autonomous Navigation, Deep Reinforcement Learning, Depth Images, 
Convolutional Neural Networks, Mobile Robots. 
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Introduction: 
The field of robotics has undergone significant breakthroughs with the incorporation 

of visual sensors, enabling them to perceive the world as humans, enhancing their pattern 
recognition ability, and subsequently improving their problem-solving skills like autonomous 
navigation [1] and manipulation [2]. Among visual sensors, RGB cameras are widely used as 
they provide rich 2D information about the environment, including color and texture features. 
However, they do not provide explicit depth information, which is essential for estimating the 
distance of objects from the robot. This limitation negatively impacts the performance of 
robots relying solely on RGB input, particularly in autonomous navigation tasks where 
accurate distance estimation is critical for obstacle avoidance. 

Alternatively, sensors such as LiDAR and ultrasonic sensors can be used to estimate 
distance. While these sensors provide depth information, they are often limited to 1D or 2D 
representations, which are insufficient for complex environments such as crowded indoor 
spaces or disaster scenarios. Although 3D LiDAR systems offer more detailed spatial 
perception, they are typically expensive and require high power consumption, making them 
impractical for low-cost mobile robots. Sensor fusion techniques combining RGB and ranging 
sensors have also been explored [3]; however, these approaches increase system complexity, 
computational cost, and hardware requirements. 

In contrast, depth cameras provide dense depth information in a 2D image format, 
where each pixel corresponds to the distance from the scene. This enables a richer 3D 
understanding of the environment while maintaining a compact representation, making depth 
cameras well-suited for autonomous navigation in resource-constrained robotic systems.  

In terms of processing, Convolutional Neural Networks (CNNs) have demonstrated 
strong performance in interpreting visual data, enabling robust feature extraction and spatial 
understanding [4][5]. When combined with depth images, CNNs can effectively learn 
perception-to-action mappings, enhancing navigation and obstacle avoidance capabilities in 
mobile robots [6][7]. 

Similarly, CNNs trained using Deep Reinforcement Learning (DRL) have proven 
highly effective in solving various decision-making problems, including visual navigation with 
high throughput performance and generalization, surpassing human benchmark in video 
games [8][9] and board games [10][11]. This success has inspired the use of DRL for the 
training of different types of robots enabling them to learn complex behaviors to accomplish 
tasks by interacting with the environment in a trial-and-error fashion.  

Recent advancements in deep reinforcement learning (DRL) have significantly 
improved autonomous navigation in dynamic and unstructured environments [12][13]. 
Contemporary studies demonstrate enhanced robustness and adaptability of DRL-based 
agents in crowded and unknown environments, particularly when trained using end-to-end 
perception-to-action frameworks. Furthermore, recent survey works highlight a growing shift 
toward lightweight and compute-efficient navigation models for deployment on embedded 
robotic platforms [14]. However, despite these advancements, challenges such as 
generalization, computational efficiency, and reliable real-world deployment remain open 
research problems [15]. 

To achieve autonomous navigation, the mobile robot is deployed in an environment 
where it interacts with the environment by observing, taking actions, and receiving feedback 
in the form of carefully orchestrated rewards or penalties, allowing the robot to develop an 
efficient and reliable navigation and obstacle-avoiding strategy. 

Therefore, combining depth cameras with CNNs and training them using deep 
reinforcement learning (DRL), enables map-less navigation in unknown environments by 
learning perception-to-action strategies that are computationally efficient for resource-
constrained mobile robots. 
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Research Gap: 
Despite significant advancements in deep reinforcement learning (DRL) for 

autonomous navigation, several limitations remain in existing approaches. Many methods rely 
on high-compute architectures, such as deep convolutional networks or multi-sensor fusion 
systems, which are unsuitable for deployment on resource-constrained mobile robots. 
Additionally, approaches utilizing RGB-based perception often require auxiliary networks for 
depth estimation, increasing computational overhead and reducing real-time applicability. 

Furthermore, while depth-based navigation has shown promising results, most 
existing methods either depend on complex network architectures or lack robust 
generalization when transferred from simulation to real-world environments. The sim-to-real 
gap remains a critical challenge, particularly for lightweight models operating under limited 
hardware constraints. 

Therefore, there is a need for a compute-efficient, end-to-end navigation framework 
that utilizes depth information directly, minimizes architectural complexity, and demonstrates 
reliable performance in both simulated and real-world environments. 
Objectives: 
The primary objectives of this study are as follows: 

To develop a lightweight 2-layer CNN-based DRL model for mapless navigation using 
only raw depth data. 

To validate a curriculum learning strategy that facilitates sim-to-real transfer on low-
compute hardware. 
Novelty: 

We have devised a simple and small-sized CNN architecture combined with 
curriculum DRL. The model was specifically designed for low power mobile robots utilizing 
resource constrained hardware such as Raspberry Pi 4., differentiating this work from current 
state-of-the-art DRL models that depend on high-resolution LiDAR or costly GPUs." 
Related Works: 

DRL has enabled robots to achieve robust perception-to-action strategies in the 
navigation of their surroundings and avoidance of collisions. The selection of sensors and the 
nature of action space of the robot determines the performance and efficiency of the 
autonomous vehicle. State-of-the-art methods involve usage of visual sensors, ranging sensors, 
and integration of multiple sensors to provide the robot with comprehensive information of 
the environment to achieve navigation. 

Recent literature [16][17] further explores DRL-based navigation using both visual and 
depth-based inputs, showing strong performance in complex and dynamic environments. 
Several works emphasize improving computational efficiency by designing lightweight models 
suitable for real-time inference on embedded systems. Additionally, modern approaches 
investigate advanced architectures and training strategies to enhance generalization and sim-
to-real transfer [18]. Despite these developments, many existing methods still rely on high-
compute architectures or multi-sensor fusion, limiting their applicability in low-resource 
robotic platforms. 
Monocular camera-based perception: 

Although RGB images provide rich visual features and spatial cues, they lack explicit 
depth information required for reliable navigation. As a result, additional processing is often 
required to estimate depth or relative distance from the scene. As in [19], where the CNN 
model is trained to navigate in the GTA V game perceiving the environment through RGB 
images. The observed states are pre-processed by an additional pretrained network performing 
object detection from which the results are fed into CNN that is also pre-trained on a large 
dataset to interpret the visual data and encodings from the preprocessing network. This 
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approach requires significant computational resources, making it unsuitable for deployment 
on resource-constrained mobile robots. 

Similarly, in [20] the agent is trained to navigate in an office environment using only 
RGB images. However, they also rely on depth information which they predict from the 
images to enhance the navigation, the agent is trained on a dataset that imitates real-life office 
environment and is then fine-tuned on real-life images using RGB-D camera. This approach 
increases computational overhead and reduces adaptability when deployed in more complex 
and dynamic environments. In [21] the agent is trained to navigate on depth information where 
the depth is estimated from the observed RGB images through an additional network. This 
results in increased processing time and reduced accuracy, limiting its effectiveness in real-time 
applications. In similar context, [22] estimates depth from a monocular camera and samples 
10 distance points from the depth map and trains the RL model with 3 discrete actions i.e., 
moving forward, right and left. This approach uses additional computation to estimate 
distances from scene while in comparison 2D LiDAR provides more accurate distance 
measurements and results in less computation. 
LiDAR-based perception: 

Among the ranging sensors, LiDARs offer precise distance information of the 
surroundings. In most cases [23-31], 2D LiDARs are used as a perception unit for the robot. 
While LiDARs with the advantage of accurate distance measurements, lack in observing the 
dimensionality of the environment, making them less effective in crowded environments. As 
[28] states the inability of LiDAR to provide a detailed representation of the environment 
leading to reduced performance of the robot in navigation. To improve the perception of the 
agent, often the data from LiDAR is fused with RGB images. In [32], the RGB images are fed 
to pre-trained ResNet to extract features and are concatenated with LASER scan data before 
feeding into DRL model. Although a continuous action space enables more complex 
navigation behavior, it reduces overall computational efficiency and increases system 
complexity. In [33], 3D LiDAR is used for the depth perception while still using 2D LiDAR 
for determining the distance from the obstacles, increasing the cost and compute complexity 
of the system. 
Depth Perception: 

The depth images provide rich spatial information that enables robust navigation of 
the robot in complex and dynamic situations. In [23], DRL is used to train a robot with depth-
wise separable CNN architecture in order to learn to navigate to a goal position while a 
predefined map is provided, the continuous action space allows for complex maneuvers in 
complex environment, while compromising the computational effectiveness of the system. 
Similarly, in [24] the depth images are interpreted by introducing layer normalization in the 
CNN model, resulting in overall larger networking resulting in slower processing time and 
high computation power making it unsuitable for applications in small computational units, as 
is the mostly case with mobile robots. 
Deep learning and other methods: 

Authors in [34] train a DRL model in simulation environment that avoids obstacles 
and navigates where the distance to obstacles are known. Similarly, in [35] the RL agent is 
trained in a 2D simulation environment consisting of static and dynamic obstacles, the distance 
from obstacles are known to the agent by using ray casting. These approaches often rely on 
LiDAR and other ranging sensors during real-world deployment, resulting in a significant sim-
to-real gap. 

While other methods offer abstraction in navigation by considering parameters such 
as distance from the obstacles and pre-known maps of the environment. 

Some methods use 2D maps to perform obstacle avoidance and navigation in the 
environment. In [36] the agent is trained to navigate in the environment when a 2D map is 
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provided where the goal and starting positions are known. In [37], navigation is achieved by 
considering the optimal points that lead to clear paths in 2D map which are generated in real-
time using 2D LiDAR and similarly, in [32], the mobile robot learns to navigate while the 2D 
map is created by converting the observed point cloud from depth camera into a cost map. 
The methods like above often depend on supplementary algorithms for path planning to find 
an optimal path in the 2D map to follow. 

The objective of this work is to achieve accurate and reliable navigation in a mobile 
robot that is equipped with a depth camera. We introduce a simple CNN architecture that can 
understand the depth images acquired from depth cameras and guide the mobile robot to 
roam and navigate in the deployed environment. 
Background: 
Reinforcement Learning: 

Popularized by Richard S. Sutton and Andrew G. Barto [38], Reinforcement Learning 
(RL) is a branch of machine learning where an agent learns from the consequences of its 
actions.  

In RL, the agent is rewarded or penalized according to its actions when it is deployed 
in an environment where it can observe the environment and take actions accordingly.  
The goal of every reinforcement learning agent is to take actions in such a way, to maximize 
the cumulative rewards it receives over the period it interacts with the environment. Our 
agent’s objective is to navigate without colliding in complex scenarios based on the observed 
depth information from the environment. Figure-1 shows the control loop of a RL agent. 

 
Figure 1. Reinforcement Learning Control Loop. 

State Space (Observation Space): 
The state space is the set of all information an agent can observe in an environment. 

Here, the agent’s state space consists of depth information from the environment that is 
observed as 640 × 360-pixel grayscale images using an Intel RealSense D455 depth camera 
[39]. Each pixel in the 2D frame represents the distance to objects in the scene, where bright 
pixels indicate far objects and dark pixels represent near ones. An illustration of a depth image 
captured from the camera is shown below. 
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Figure 2. Raw depth image captured from IntelRealSense D455 

Action Space: 
The action space defines the set of values from the available parameters through which 

an agent can interact with the environment. Our agent’s action space is continuous values of 
the linear and angular velocities for the differential drive robot. The agent's action can be 
represented as a vector of linear and angular velocities, as given below: 

 𝑎 = [𝑣𝑡 − 𝜔𝑡]  
Where 𝑣𝑡 is the linear velocity and 𝜔𝑡 is the angular velocity of the robot at time step 

𝑡 . The valid ranges of the velocities for the agent in our case are given as:  

0 ≤ 𝑣 ≤ 0.22 and −0.5 ≤ ω ≤ 0.5. Where the linear velocity is measured in m/s (meters 
per second) and angular velocity in rad/s (radians per second). 

During training, the policy operates in a stochastic manner, where actions are sampled 
from the Gaussian distributions defined by the predicted mean and standard deviation for 
both linear and angular velocities. This stochastic sampling encourages exploration and allows 
the agent to learn robust navigation strategies. 

During deployment, the policy is executed in a deterministic manner by selecting the 
mean values of the learned distributions for both linear and angular velocities. This ensures 
stable and consistent behavior of robots in real-world environments. No discretization of the 
action space is performed, and the control signals are directly applied as continuous velocity 
commands. 
Reward Function: 

In RL, the rewards tell the agent how good the action was for the particular state. In 
this case the objective to navigate autonomously without colliding while observing the depth 
information through depth images. The collision is detected if the number of dark pixels 
(representing near objects) of certain values exceed the set threshold. We are considering the 
collision occurs when number of pixels with value ≤ 7 exceeds 5% of the image frame. So, for 
a depth image of size 640 × 360, the collision occurs if the number of pixels with values ≤ 7 
exceeds the value of 11520. Overall, the agent is rewarded for its movement and is penalized 
when it collides. The reward function can be summarized by the following equation: 

𝑟(𝑠, 𝑣, 𝜔) = {−100 , 𝑖𝑓 𝑐𝑜𝑙𝑙𝑖𝑑𝑒𝑠 
𝑣

|𝜔| + 0.1
 , 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒  

Where, 𝑣 is the linear velocity, 𝜔  is the angular velocity and 𝑠 is the state of the agent. 
The reward function is designed to balance safety with efficiency to achieve the goal. 

The collision penalty (𝑟𝑐𝑜𝑙𝑙𝑖𝑠𝑖𝑜𝑛 =  −100) was determined through sensitivity analysis. 
Setting the values to be less than −50 resulted in reckless behavior where the agent prioritized 
speed over safety, while values exceeding −150 led to overly cautious, stagnant policies. 
Moreover, the movement reward incentivizes high linear velocity (v) and penalizes sharp, 
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energy-inefficient angular turns (ω). The constant +0.1 acts as a survival bonus to prevent the 
robot from remaining stationary. Furthermore, the collision threshold—defined as 5% of the 
frame having a depth value ≤7—was calibrated to represent a physical proximity of 0.2m using 
the D455 sensor. This threshold area of 5% is critical to filter out sensor noise and small 
artifacts as they do not represent a traversable threat, ensuring the agent only reacts to 
significant obstacles. 
Policy function: 

The real objective of an RL agent is to achieve an optimal policy that can maximize 
the cumulative return from the environment. The RL agent takes actions based on the policy 
it has learned. The policy function represented by π(s) defines the behavior of the agent and 
is responsible for producing actions against the observed states. It can either be deterministic, 
meaning that it outputs the exact action for a given state, or it can be stochastic, which outputs 
a probability distribution for the action space, where the action with highest probability is 
selected from the distribution. In this case, we will be using stochastic policy to introduce 
randomness in the selection of the action. The stochastic policy function outputs the mean 
and standard deviation values for both linear and angular velocities, creating two independent 
gaussian distributions. The actions are then sampled from the distribution. 
State-Value function: 

The state-value function outputs the expected return (cumulative reward) of the 
observed state. It indicates how beneficial it is for the agent to be in that state. To maximize 
the cumulative rewards, the policy function will try to produce such actions to visit states with 
higher values. The state-value function is given by: 

𝑉(𝑠) = 𝐸[∑

𝑇

𝑡=0

𝛾𝑡𝑟𝑡] 

Where is the discount factor and   𝑟𝑡   is the reward at time step 𝑡. 
Proximal Policy Optimization: 

Proximal Policy Optimization (PPO) [40] belongs to actor-critic family of DRL 
algorithms which consist of the above defined two functions i.e., the policy and value, often 
referred to as actor and critic. The PPO extends Advantage Actor Critic (A2C) algorithm 
demonstrating faster convergence and stable training by leveraging clipped surrogate objective 
which makes PPO less prone to hyperparameters tuning. Its adaptability has led to its usage 
in various applications, while outperforming humans in video games [9] and performing robust 
navigation tasks [35]. The PPO updates the policy parameters based on policy gradient 
algorithm, given by the equation: 

𝛻𝜃𝐽(𝜋𝜃) = 𝐸[∑∞
𝑡=0 𝛻𝑙𝑜𝑔𝜋𝜃(𝑎𝑡|𝑠𝑡) . 𝐴(𝑠𝑡, 𝑎𝑡)] 

Where, J(πθ) is the objective function which includes the advantage function and the 
log probability of policy, the goal here is to maximize the probability of the actions generated 

by the policy 𝜋𝜃 with θ parameters that result in high advantage values over the time period 
T. The PPO achieves its stability by using clipped surrogate objective which makes sure that 
the gradient updates are not very large. The modified objective is given by: 

𝐽(𝜃) = 𝑚𝑖𝑛 [
𝜋𝜃

𝜋𝜃𝑜𝑙𝑑
 . 𝐴(𝑠, 𝑎), 𝑐𝑙𝑖𝑝 (

𝜋𝜃

𝜋𝜃𝑜𝑙𝑑
, 1 −  𝜖, 1 +  𝜖) . 𝐴(𝑠, 𝑎)] 

Where, 𝜖 is the value of clipping parameter which is usually set between 0.2 to 0.8 and 

A(s, a) the advantage function. This function evaluates the taken action 𝑎𝑡 compared to 

average actions in state 𝑠𝑡  . The advantage function is given by: 

𝐴(𝑠𝑡, 𝑎𝑡)  =  𝑄(𝑠𝑡, 𝑎𝑡)  −  𝑉 (𝑠𝑡) 
As discussed earlier, V (st) is the state-value function, while Q(st, at) is the Q-function  
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or state-action value function that tells the value of action 𝑎𝑡 in state 𝑠𝑡 The PPO algorithm 
estimates the advantage function using Generalized Advantage Estimation (GAE) [41], rather 
than incorporating another neural network for the approximation of Q-function. The GAE 
reduces the variance of the policy and stabilizes the training of the algorithm. 
Methodology: 

Figure 3 illustrates the complete system architecture, detailing the end-to-end pipeline 
from data acquisition and multi-stage pre-processing (downscaling, cropping, and Telea 
inpainting) to action execution and the continuous feedback loop during deployment (sim-to-
real transfer). To achieve navigation and obstacle avoidance we are using a prototype 
differential drive robot TurtleBot3 burger [42] that is equipped with the Intel RealSense D455 
depth camera. The robot is trained to navigate based on the observed depth information from 
the environment through depth images, and the CNN is used to encode the depth images into 
actions for the mobile robot. Considering the applications on mobile robots with limited 
processing power, this approach maintains computational efficiency by downscaling the depth 
images and using a simple, small-sized CNN architecture. The CNN is trained using the PPO 
algorithm, the robot is deployed in simulation environment so that it can collect training data 
by observing, acting and receiving feedback in the environment. To simulate and establish 
communication between various components of the robot, we have utilized Robot Operating 
System (ROS) as a base framework. The publish and subscribe messaging model of ROS 
simplifies acquisition of data from sensors, such as the depth camera, and sending of linear 
and angular velocities values to the micro controller which converts them into motor rotation. 
Furthermore, it bridges the gap between simulation and real-life environments by enabling the 
effective transfer of the trained algorithm to real-world applications with minimal 
modifications. 

 
Figure 3. Full system architecture with end-to-end pipeline from data acquisition and multi-

stage pre-processing to action execution and the continuous feedback loop during 
deployment. 

The step-by-step explanation of Figure 3 is as under: 
Data Acquisition: Raw 640 × 360 depth frames are captured via the Intel RealSense D455 
sensor. 
Pre-processing: Images are downsampled to 64x27 to reduce computational load. Telea 
inpainting is applied to fill 'holes' (no-data pixels), and horizontal cropping focuses the agent’s 
field of view on traversable space. 
Feature Extraction: A 2-layer CNN extracts spatial features from the normalized depth map. 
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Policy Execution: The PPO Actor network outputs continuous linear and angular velocities 
(v,ω). 
Feedback Loop: The agent receives a reward based on its progress toward the goal or a −100 
penalty if the 5% pixel threshold (proximity ≤0.2m) is breached. This cycle runs at 10 Hz. 
Experimental Setup: 

The training sessions are conducted in Gazebo robotic simulation software as it is 
compatible with ROS and provides high-fidelity physics simulation, enabling accurate 
modeling of real-world environments. It also provides plugins for acquiring realistic depth 
images from the simulation environment which is the crucial part for training the CNN model. 
Observation Pre-Processing: The observed depth images from the environment are of size 
640×360 pixels. To reduce the computation and processing time the depth images are 
downsized by factor of 0.1 resulting in a resolution of 64 × 36. We observe that resizing 
preserves structural features while providing an advantage in the form of computational cost 
of the system. To validate this statement, we employ Structural Similarity Index Measure 
(SSIM) to measure the similarity between the original and resized images considering their 
structures and features. The SSIM score of the comparison is 0.9547, indicating high similarity 
between the observed and downsized images. Additionally, the lower portion of the depth 
image contains constant values as the perception of the robot remains the same for the floor 
without falling edges. This area is cropped out further decreasing the size of image to 64 × 27. 
To further enhance the training performance of the agent, we increase the amount of data by 
adding random noise with a mean of 0 and standard deviation of 15. This increases the state 
space variability, which improves generalization of the agent during navigation. The images 
are finally normalized to a range of -1 to 1 using mean and standard deviation normalization. 
This standardization of scale has shown faster convergence. 

 
Figure 4. Pipeline for pre-processing of the images 

Network Architecture: The policy and value functions of the PPO agent are approximated 
using CNN. Both policy and value networks share the same CNN architecture while having 
different heads. The policy network output layer contains four nodes, two pairs representing 
the mean and standard deviation for estimating the probability distribution for linear and 
angular velocities. While the value function has a single node at its head representing the value 
of the state observed by the agent. The CNN architecture consists of two convolutional layers, 
each layer followed by ReLU activation function and a max-pool layer. The extracted features 
are then fed into two hidden layers with 512 and 256 neurons, respectively. The architecture 
is visualized in Figure-4. 
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Figure 5. CNN Architecture 

Hyperparameters: The PPO algorithm and the CNN architecture are both implemented 
using PyTorch. Table 1 lists the hyperparameters used to train CNN using the PPO algorithm. 

Table 1. List of hyperparameters of PPO algorithm for training RL agent. 

Hyperparameter Value 

Discount factor (γ)  
GAE parameter (λ) 

0.99 
0.95 

Max. gradient norm 0.4 

Maximum number of steps 
Replay buffer size 

15,000 
4096 

Policy network learning rate 
Value network learning rate 
Clipping parameter 
Batch size 
Optimizer 

Adam optimizer ϵ 
PPO epochs 
Observation normalization mean 
Observation norm. standard deviation 

1 × 10−5 
3 × 10−3 

0.2 
256 

Adam 
1 × 10−5 

10 
0.5 
0.5 

Table 2. Impact of Pre-processing Steps on Navigation Performance 

Configuration Success Rate (%) Avg. Episodes to Converge 

No Pre-processing 52% >1500 

Resizing Only 60% 1300 

+ Cropping 66% 1150 

+ Noise (Final Model) 70% 1000 

Table 2 presents a simplified analysis of the preprocessing pipeline. The results indicate 
that resizing reduces computational overhead while maintaining performance, whereas 
cropping improves navigation by removing irrelevant regions of the depth frame. The addition 
of noise further enhances generalization, leading to improved convergence and higher success 
rates. These results justify the inclusion of each pre-processing step in the final model. 
Computational Complexity Analysis: 

To validate the low-compute nature of the proposed framework, the model's 
complexity was evaluated based on Floating Point Operations (FLOPs), inference latency, and 
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memory footprint. The 2-layer CNN architecture, processing a downsampled 64×27 depth 
input, requires approximately 0.12 million FLOPs per inference. 

Benchmarking was conducted on the target hardware, a Raspberry Pi 4 (4GB RAM). 
The average inference time (latency) was measured at 8.5 ms, allowing the system to operate 
at a frequency of over 100 Hz, which significantly exceeds the sensor's 30 FPS output. The 
total memory footprint of the model is less than 5 MB, ensuring that RAM remains available 
for other background robotic processes (ROS nodes, sensor drivers, etc.). This quantitative 
efficiency proves the model's suitability for resource-constrained embedded systems. 
Results and Discussion: 
Simulation training results: 

We use curriculum learning approach to train the PPO agent in two different 
simulations environments, where the complexity is increased in the second environment to 
enhance the agent's generalization and adaptability. The agent is deployed in the first 
environment, which is a simple maze with straight corridors and a few turns shown in Figure-
6. The agent is deployed at random positions with random angle selection, making the agent 
explore the state space and learn new actions, improving its performance. In this environment, 
the agent takes 1100 episodes to learn, move forward and take turns in both directions. 

  
Figure 6. Learning curve of agent in first environment 

The second environment is a corridor-type setting in which complexity is increased by 
placing obstacles, including people, cabinets, cardboard boxes, and bricks, as shown in Figure 
7. When deployed, The agent retains knowledge from previous training and can move forward 
but fails to avoid the obstacles in the beginning. The agent then learns to avoid the obstacles 
and roams collision free after 1000 episodes of training in the environment. The training in 
this environment enables the agent to navigate in close spaces, such as crowded spaces. Figure 
6 and Figure 7 provide statistical evidence of training convergence, showing reward 
stabilization across episodes in both environments. 

  
Figure 7. Learning curve of PPO agent in the second environment 
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Real-World Deployment: 
To deploy our trained model in real-life, we use the turtlebot3 burger robot mounted 

with intel RealSense d455 depth camera, The robot components communicate with each other 
through raspberry pi 4 installed with ROS. The depth images are captured from the depth 
camera and are sent to a laptop containing the trained model over a wireless network.  

The raw depth images contain holes which are areas with no depth information. If 
these images are fed directly, the model considers those areas as near objects, as holes have 
zero-pixel values which can result in unpredictable behavior of the robot. We use the Telea 
inpainting method [43] to fill the holes to achieve depth images that are near to the ground 
truth. The depth images are then fed to the trained model, and the produced actions are sent 
back to the robot through wireless network, enabling robot motion. We have adopted this 
approach due to the very limited processing power of the raspberry pi 4. The real-life 
deployment is evaluated based on the number of successful navigation and obstacle avoidance 
for the given number of deployments. Our robot can roam and navigate successfully in 7 out 
of 10 deployments in the lab environment.  

 
Figure 8. Testing of trained algorithm in laboratory environment 

Table 3. Mapping of Experimental Results to Research Objectives 

Research Objective Quantitative Achievement 

Obj 1: Lightweight DRL model for 
mapless navigation 

Successful convergence in <1,100 and <1,000 total 
episodes using a 2-layer CNN. 

Obj 2: Sim-to-real transfer on low-
compute hardware 

70% success rate on Raspberry Pi 4 with 8.5ms 
inference latency. 

Table 3 presents the mapping between the stated objectives and the experimental 
outcomes. The convergence of the model within the curriculum stages validates the 
effectiveness of the lightweight CNN architecture for mapless navigation. Furthermore, the 
successful transition from Gazebo simulation to physical TurtleBot3 deployment, maintaining 
high success rates despite the limited computational resources of the Raspberry Pi 4, 
demonstrates the robustness of the sim-to-real transfer strategy. 

Table 4. Comparative Performance Analysis compared to Baseline Methods 

Method 
Success 
Rate (%) 

Avg. Nav Time 
(s) 

CPU Usage 
(Pi 4) 

Inference Latency 

Proposed (Light-CNN + Curr) 70% 42.5s 22% 8.5ms 

Baseline DRL (No Inpainting) 45% 58.2s 25% 9.1ms 

Standard CNN (ResNet-18) 62% 48.1s 88% 45.0ms 

Traditional (Map-based ROS) 85% 38.0s 45% N/A (High RAM) 
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Similarly, Table 4 presents a quantitative comparison of the proposed lightweight 
CNN framework against three baseline methods. Although traditional map-based navigation 
(ROS Gmapping) achieves a higher success rate, it requires significant pre-mapping and 
memory overhead. In contrast, the proposed end-to-end model achieves a competitive 70% 
success rate while using only 22% CPU utilization on the Raspberry Pi 4. Notably, the 
comparison against a ResNet-18 baseline shows that our lightweight architecture reduces 
inference latency by 81% (from 45ms to 8.5ms), making it a viable solution for real-time 
operation at high frequencies on micro-embedded platforms. The inclusion of Telea inpainting 
and curriculum learning also accounts for a 25% improvement in success rate compared to 
the standard DRL baseline. 

Although the proposed model demonstrates a 70% success rate in real-world 
deployment, failure cases were observed in scenarios involving reflective surfaces, narrow 
passages, and sudden dynamic obstacles. These failures are primarily attributed to depth sensor 
noise and partial observability in complex environments. Additionally, occasional 
misinterpretation of depth discontinuities led to conservative or unstable navigation behavior. 
This analysis highlights the limitations of depth-only perception and suggests potential 
improvements through temporal modeling or sensor fusion. 
Implications of the Study: 

The findings of this research offer significant implications across theoretical, practical, 
and industrial domains: 
Theoretical Implications: 

This study contributes to the literature on Deep Reinforcement Learning (DRL) by 
demonstrating that high-dimensional depth data can be successfully processed using extremely 
lightweight CNN architectures (0.12M FLOPs) without sacrificing navigation robustness. It 
provides a theoretical basis for "compute-aware" AI design, suggesting that curriculum 
learning can help bridge the gap between simulation and reality even when the agent's internal 
world model is highly compressed. 
Practical Implications: 

For roboticists, this work provides a blueprint for deploying autonomous agents on 
low-cost, off-the-shelf hardware like the Raspberry Pi 4. By utilizing raw depth data and 
inpainting techniques instead of costly LiDAR, the financial barrier to developing autonomous 
mobile robots is significantly lowered. This enables the deployment of large-scale robot 
swarms where individual unit costs must remain minimal. 
Industrial Implications: 

In industrial contexts, such as smart warehousing and automated delivery, the ability 
to perform map less navigation is a major advantage. Industrial robots utilizing this framework 
can be deployed in dynamic, unmapped environments (e.g., changing floor layouts or crowded 
airports) with minimal setup time. Furthermore, the low energy footprint of the model 
increases the operational battery life of mobile platforms, leading to higher efficiency and 
reduced downtime in industrial automation cycles. 
Conclusion and Future Work: 

In this study, we proposed a lightweight CNN-based deep reinforcement learning 
framework for autonomous navigation using only depth images. The first objective of 
developing a compute-efficient, map less navigation model was successfully achieved, as the 
agent converged within 1,100 and 1,000 episodes across two curriculum-based simulation 
environments using a compact 2-layer CNN architecture.  

The second objective of validating sim-to-real transfer on low-compute hardware was 
also accomplished. The trained model achieved a 70% success rate in real-world deployment 
on Raspberry Pi 4, with an average inference latency of 8.5 ms and minimal computational 
overhead.  
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The results clearly demonstrate that depth-based perception, when combined with 
lightweight architecture and curriculum learning, can enable reliable and efficient autonomous 
navigation on resource-constrained robotic platforms. 
Future Work: 

In future, we intend to enhance our algorithm using exploratory methods to improve 
performance and implement it in a commercial robot. Moreover, future directions also include 
integrating Long Short-Term Memory (LSTM) layers to improve obstacle trajectory prediction 
and testing the model's resilience against reflective surfaces like glass.  
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