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ABSTRACT 

The problem with the current models like Darwin-OP or Boston Dynamic’s ATLAS is their up-time, especially 

with increased number of joints. These models try mimicking the human motion; they end up using a lot of actuators, 

which in turn leads to the use of a lot of battery power. This paper discusses the creation of a new model of humanoid 

robots, that does not try to mimic the bipedal walking gait used by humans, but who instead uses a full model constructed 

from scratch, that consists of a model free Deep Q-Learning (DQN) algorithm, which doesn’t need any walking sequence 

or walking models, it just learns from trial and error by applying actions on the robot and observing the reward from that 

action to make an under-actuated robot able to balance and walk forward, backwards, sideways, and rotate in place using 

only 4 actuators (two in each leg). The proposed model uses a Regional Convolutional Neural Network (R-CNN) to detect 

and inform the robot about the place of its goal. A full sensory system of a camera and Inertial Measurement Unit (IMU) is 

utilized to extract and gather the required inputs for reaching the goal from the robot’ environment. Thus instead of 

thinking that robot as a pre-programmed entity who performs specific task, we treat this as agent who can learn to take 

whatever actions towards specific goal controlled by evaluation function to maximize specific reward. 
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INTRODUCTION 

Robotics science is in continuous improvement and development over the last decades, because of the 

continuously-changing busy modern life. In our proposed system, an intelligent under-actuated humanoid robot with a 

lower cost is introduced to help human in day-to day tasks. By applying our system methods, the robot will be able to learn 

how to balance, detect its goal and walk towards it. The proposed system of that intelligent humanoid robot's composed of 

a sensory system with a suitable processing unit to form an integrated system. This integrated system is required to feed the 

robot’ environments state to the lower body learning algorithm (DQN) that enables the robot to learn how to balance while 

walking consists of two integrated blocks (Q-Learning and Neural Network [1]). And finally the Convolution Neural 

Network (CNN) that takes inputs from the camera to detect the surrounding objects in order to move around them towards 

final goal. It is only in recent years that manufacturers are making robotics increasingly available and attainable to the 

public and there are four previous systems that are under the category of humanoid robots with artificial intelligence like 

ASIMO, NAO, DARWIN and ATLAS. Thanks to the Graphical Processing Unit (GPU) the challenge of managing the 

infinite action search space for the robot becomes feasible. 

ASIMO [2], stands for Advanced Step in Innovative Mobility is one of the humanoid robots that is delivered with 

special capabilities who can work in a real-life environment. ASIMO moves between two points without stopping by 

comparing the change between the embedded location map information and the information gathered from the environment 
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using the embedded sensors. 

NAO [3] is an autonomous humanoid robot developed to simulate the human and is considered a well model of 

integrated technologies for humanoid robot that can understand, interpret and act autonomous to perform specific actions. 

DARWIN-OP [4] Intelligence humanoid robot with an open Platform supported with very high processing power 

to fit for different applications. 

ATLAS [5] is a humanoid robot given with 16 Degree of Freedoms (DoF). This robot is one of the systems that 

use the Deep Q-Learning/Network (DQN), to simulate the human walking via learning. ATLAS uses the reinforcement 

learning algorithms, to perform the optimal action based on the current state of the surrounding environment, to achieve a 

specific goal/objective using Q-learning mechanism. 

Our proposed system uniqueness compared to other systems is two folds, first the under actuation concept that 

results in lower cost and power consumption, second, using Deep Q-Learning or model-free DQN algorithm. Most of other 

systems are not using learning as a concept, but some of these systems like ATLAS use model-based DQN for learning. 

That is how our proposed system outperforms those systems to execute any task via model-free learning that can be 

generalized in any application. The embedded system of our proposed root model is implemented based on Linux 

microcomputers Raspberry Pi [6] while the main learning functions and algorithms is achieved based on reinforcement 

learning (Deep Q-Networks) and convolution neural network using MATLAB and Python. Our humanoid robot learns how 

to balance and walk via Deep Q-Networks algorithm using the rewards system for each action performed by the robot 

towards achieving specific value function or goal. The proposed model also uses the Convolution Neural Network (CNN) 

for robot object detection and categorization. Thus we used the CNN that takes robot vision data or images as input and 

start learning to detect the object from the image. From that different parameters like distance from goal can be calculated 

to feed into the DQN algorithm. One of the main challenges we face with using CNN is the limiting computation 

processing resources on mobile robots [15] for real time operations. 

The reminder of the paper is organized as follows: the system overview and high level design of the proposed 

system will be covered in section 2, section 3 will cover the testing results and experimental analysis and debate for the 

proposed system and finally the conclusion for the overall proposed system will be concluded in section 4. 

PROPOSED SYSTEM DESIGN 

SYSTEM OVERVIEW 

Mimic the dynamics of humans walking pattern is a complex process. The learning algorithm Deep Q Network 

(DQN) can be broken down into two parts, the Q-learning [7] algorithm and the neural network [8]. Firstly, the Q-learning 

algorithm is considered special version of the reinforcement learning (RL) algorithms where agent learns by trial and error 

through taking actions and observing the reward reserved based on that action. The system also includes a convolution 

neural network (CNN) [11] and regional-convolution neural network R-CNN for the upper body to aid in knowing and 

detecting where the goal from the robot’s perspective is. Convolution Neural Networks [10] are a widely-used type than 

normal type of Neural Networks especially for pattern detection and classification type of problems. CNN outperforms any 

other object detection algorithms via series or stack of layers where each layer is dedicated for specific action on the input 

image. As the system desperately needs to be customized to our specifications we didn't use any available libraries or 

toolboxes and wrote the code for every algorithm and neural networks from scratch to have the full control and 
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accessibility on every aspect of the code. Our proposed system is based on the learning algorithm that is written in 

MATLAB and connected through WI-FI with high processing unit (Raspberry pi). Figure 1 shows the block diagram for 

our proposed robot systems where sensory system composed of Camera, Inertial measurement unit (IMU) and Proximity 

systems grasp the state of the robot from the environment in terms of position, location, and surrounding and feed this into 

the processing unit (Raspberry pi) via wireless network or WI-FI. The state is then processed via DQN to enable the 

agent/robot to take action towards the goal. This action mapped into set of motor angles to move the robot lower body. 

 

Figure 1: Robot Systems Block Diagram 

The sensory system composed of 3 main elements which are the Camera, IMU (Inertia Measurement Unit, and 

Proximity) detailed as follows: 

Camera 

Mounted on the robot upper part to give the visual support for the robot to track objects, and perceive the 

surrounding environment around it. The camera will feed captured images (matrices in RGB mode) into the CNN for goal 

detection and classification. 

IMU 

The Inertial measurement unit used to capture the agent or robot orientation parts in the three axes space and is 

composed of gyroscope and the accelerometer. IMU can also, used to obtain the agent inclination to prevent robot from 

falling.  

Proximity 

The sensor is used to detect the surrounding objects and can be used to detect distance to goal, this is done via 

beam of electromagnetic waves/radiation. 

Raspberry Pi 

The raspberry pi is our processing unit which is single-board computer that we uses to run all the learning 

algorithms for our humanoid robot integrated system like the DQN and R-CNN. 

SYSTEM DESIGN 

SENSORY SYSTEM DESIGN 

The data required to be collected from the sensors for the learning algorithms are distance to goal, angle away 

from goal, and orientation in X, Y axes. The real robot sensory system inputs are mapped to the Q-Learning state 
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representation. As shown in figure. 2, using a single camera which is connected to raspberry pi, we can calculate the 

distance to goal which is a parameter required in the state representation. The angle away from goal can be calculated using 

either the servo mounted below the camera which is used for rotating the camera in Z-axis or the IMU using the value of 

the heading (how far the goal is away in z-axis). 

 

Figure 2: Sensory System Mapping to the Learning Algorithm 

OBJECT DETECTION AND DISTANCE TO GOAL DESIGN 

This algorithm calculates the distance to goal using a single vision camera by substituting in a function which 

requires the camera to take a snapshot and move closer to the goal with defined distance and take another snapshot and get 

the height of the object in pixels in the two snapshots, this algorithm called the duty cycle algorithm [15] as detailed in 

figure 3. After that we can calculate the distance to the goal using equation. (1):  

D = M/ [1-(b/a)]                                                                                                                                                       (1) 

D: distance to the detected object [Required]  

M:  distance of the camera to be moved closer to the target 

a: Object height in pixels before moving the camera 

b: Object height in pixels after moving the camera 

 

Figure 3: Duty Cycle and Angle Equation (Servo Motor) 

SERVO MOTOR DESIGN 

The servo will be at 0-degree position when the signal is high with 0.5ms delay, 90-degree position with 1.5 ms 

delay and 180-degree position with 2.5 ms delay. The leaning algorithm will send a value of angle with which the motor 

will rotate. So, a mathematical equation that relates the duty cycle with the angle rotation was proved as shown in figure 3. 

The code was tested in the command window and the servo is rotating to the desired angle perfectly. 

 



Agent-Based Convolution and Reinforcement Learning                                                                                                                                                   21 

 
Impact Factor (JCC): 2.9987                                                                                                                 www.bestjournals.in 

DQN DESIGN 

The neural network structure is a 2 layers' feedforward neural network each layer contains 250 neurons, we used 

this architecture because it gives us better results while training the robot, although a 1-layer neural network is sufficient 

enough to approximate most learning problems. We tried using a 1-layer neural network with 1000 neuron that gives us 

approximately the same result of our proposed model but it takes more time converging to this solution under same 

computation power used for testing the algorithm. Thus we preferred using the architecture of 2 layers, with 250 neurons 

per each layer.  

CNN AND R-CNN DESIGN 

CNNs consists like normal neural networks of input, output and hidden layers. Hidden layers mainly consist of 

convolution, pooling, normalization/RELU and fully connected layers detailed as follows in the following sections:  

• Convolution layer: This layer is the core building block for the CNN; it breaks the input image into smaller 

features representing the whole image. After that, these features will undergo a filtering process in which each 

feature will be lined up with the image, multiply each image pixel by the corresponding feature pixel, adding them 

up and dividing by the total number of feature pixels, and then a map of where the feature occurred is formed for 

each feature. So, in convolution layer, one image becomes a stack of filtered images.  

• Pooling layer: This layer shrinks the image stack by picking a window size and a stride then moving this window 

across the filtered images and from each window it takes the maximum value or the averaged value in case if 

average pooling. This is done for each filtered image to make them smaller enough to easily deal with them.  

• Normalization or ReLU (Rectified Linear Units) layer: In this layer, each filtered image will be processed to 

transform all the negative values into zeros. 

• Fully connected layer: In this layer, a list of feature values becomes a list of votes as there will be back 

propagation in this layer to compensate the error in the voting weights just like a regular multilayer perceptron 

neural network's hidden layer. 

These layers can be stacked based on the application in hand starting with convolution layer towards the fully 

connected layer as shown in figure. 4. The used structure is the recommended structure from the MATLAB documentation 

[14]. 
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Figure 4: CNN Architecture and Design 

CNN AND R-CNN WORKFLOW 

Regional CNN or R-CNN [17] is considered one of the promising object detection algorithms under the CNN 

domain with faster and accurate results. Our proposed model utilizes the R-CNN algorithm to better detect the goal object 

from the captured image. Agent or robot calculates the Region of Interest (RoI) related to the goal/ object, from the image 

of interest then creates a warped image region, for the selected RoI, to feed later into the Convolutional network.              

Once each region has been forwarded to the network, bounding box regression techniques [9] are applied with 

classification.  Where figure 4., shows the CNN architecture as used from MATLAB and the different layers used for the 

classification purposes, figure 5 shows the training workflow for the current CNN and Appendix equations for 

forward/backward propagation. 

 

Figure 5: R-CNN Training Workflow 

LEARNING OPTIMIZATION ALGORITHM 

Our proposed model uses one of the optimization techniques to make the learning faster and make the algorithm 

coverage to a better solution like momentum algorithm. We are using stochastic or Incremental gradient descent (SGD) as 

per equation 2 to update the neural network thetas and back propagate the error [13]. The main strength or SGD is not 

based on the entire dataset to compute the gradient or each iteration. The main weakness for SGD is that in some scenarios 
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it oscillates around local minimum. In this problem, stochastic gradient descent oscillates around the optimum minimum 

and sometimes can’t find the optimum and stuck in a local minimum like the picture on the left in figure. 6. 

                                                                             (2) 

 

Figure 6: Momentum Optimization Logic 

We used momentum [14] to fix the problem of oscillation and accelerates the SGD in the relevant direction by 

adding γ to the vector as shown in equation 3. 

vt = γvt −1 + η ∇θJ(θ), θ=θ−vt.                                                                                                                              (3) 

Momentum adds velocity v(t) to the gradient (∇θ) of the cost function J(θ), which facilitates accelerating and 

makes learning algorithm converges to the optimum minimum, which reduces the oscillation and make the algorithm 

converges faster. We also tried to better improve the learning algorithm performance, by normalizing the positive reward to 

1 and all negative ones to either -1 or 0, in case no change in the reward value. This provides better performance results by 

limiting the error deviation and make the learning and neural network more stable with less fluctuations. The drawback of 

this approach, is that it makes the agent can’t differentiate between the different magnitude of the reward. But the main 

value or strength of this approach is that it makes the algorithm more generic as it is just taking a portion of the error so it 

wouldn’t over fit to one situation. [14] 

SYSTEM TESTING 

The testing strategy for our neural network parameters either for DQN reinforcement Deep Q-network or R-CNN 

Regional Convolution Neural Network based on having the thetas from the successful agent, and then using it to teach the 

other agents (neural networks) to improve the behavior of the first agent. Instead of using random exploration (epsilon 

greedy and simulated annealing [2]) we explored from the network that learnt already by doing feed forward with the 

current state. We keep still 1% totally random to give it a chance to explore and ensure that it won’t over fit one solution. 

We tested the algorithm on 6 different goals around it. The robot managed to reach some goals and some goals were hard 

to reach and took too many moves as shown in figure. 7. Also, we found that this agent took a lot of time to rotate then it 

reached the goal. 
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Figure 7: 6 goals testing Result 

Then we built an agent with 8 goals and the task to merely rotate to face the goal, without having to walk towards 

the goal. We wanted to better improve the performance of the previous agent, as we wanted the robot to first rotate and 

when it faces the goal, it then starts to walk forward. We have done that, by removing the reward from walking forward 

and just give the algorithm a positive reward, when it decreases the angle away from goal. We achieved that in 2 

generations, generation 1 learned to rotate and face one goal only then we took what this agent learnt and ran generation 2 

to learn how to rotate and face any of the 8 goals. The robot learnt to rotate and maintain its position facing the goal 

successfully faster and better than the other agents with an average score of 2 over 14 thousand episode as shown in figure 

8. This will let us merge the agent that can walk forward and backward with that agent that rotate and obtain better and 

more stable walking sequences. 

\ 

Figure 8: 8 Goals Testing Result 

In the object detection part, we build using MATLAB algorithm to predict the existence of a stop sign in the 

inputted image from the camera, we used data augmentation to increase the number of training data, by digitally tinting the 

whole images set in a red and blue as shown in figure. 9, which led to better results and a more robust detector models. 
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Figure 9: Data Augmentation 

Figure 10, shows the test was successful in various complex situations such as the object being occluded, scaled, 

transferred, tilted, horizontally flipped, shaky, and in grayscale. The detector model didn't output a false positive when red 

shiny objects were given to it as an input. It also overcame the bad quality of the camera as it doesn't have an autofocus. 

We obtain an output that specifies if the object exists in the inputted image and returns a bounding box of the object with 

respect to the image (the surrounding yellow box). 

 

Figure 10: Object Detection Results 

POWER CONSUMPTION 

One of the main uniqueness for our proposed system is the under-actuation concept compared to others, the lower 

body of the robot managed to learn humanoid walking forward and backward, using only two servo motors. There are also 

2 other servo motors that are used, for rotating the camera pan and tilt. This under-actuation concept is the key for making 

our power consumption less and certainly, those results in lower cost. Table 1 shows the power consumption of our robot 

until now. 

Table 1: Power Consumption 

Component Quantity Volt (V) 
Current 

(A/h) 
Power (Watt/Hour) 

Lower forward Motors 2 6 1 12 
Controller board and camera 1 5 1 5 
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Table 1: Contd., 
Camera motors 2 6 0.5 6 
IMU 1 3.3 350 µA 0.0012 
Total 23.0012 W/h 
Total without the controller and camera  18 W/h 
Battery 57.5 W/h 
Approximate up running time 3 Hours 

 
CONCLUSIONS 

Humanoid robot domain is currently attracted both researches and industry, in a way to make human modern life 

much easier and autonomous. To enable these goals and contribute in the literature and R&D of the humanoid robot, we 

introduced our humanoid robot with under-actuation feature, that outperforms other current systems that use lots of motors, 

to mimic the human gait which results in a very short online time and enormous power consumption with a costly model. 

Our proposed system comes as well with another feature of using a model-free Deep Q-Learning algorithm which has not 

been used in humanoid robots except for ATLAS that is still based on a model-based learning. Having our system as 

model-free provides a main benefit, where agent or robot itself has no pre solution or sequence of actions (supervised 

learning), to enable the robot to walk and balance, but on counter the agent learns from the interaction with the 

environment itself by applying actions and getting reward based on the action towards a specific goal/value function.                     

Finally, the Convolution Neural Network (CNN) that takes inputs from the camera to detect the goals, in order to move 

towards them with optimized route, using the value function. Achieved learning results show a promising outcomes so far, 

where still further improvement as part of our future work is undergoing, to improve the learning time and accuracy of 

detecting the objects/ obstacles in the route towards goal. 
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APENDECIES 

Equation 1 : Max. Action 

 

Equation 2 : Forward propagation algorithm 

 

Equation 3 : Loss equation 

 

Equation 4 : Update thetas by gradient descent 

 

Equation 5 : Back propagation algorithm 

 

Equation 6 : Cost equation 

 

Equation 7 : Back propagation algorithm 

 

 


