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Abstract. This paper explores the design of a calibration technique for the kinematic model for the NAO robot. Mobile 

humanoid robots usually present complex kinematic chains and dull and time-consuming off-line calibration methods. 

For the purpose of this paper NAO’s kinematic chain is separated into smaller end-to-end chain units and calibrated 

individually. By using Computer Vision techniques, we propose an experiment that combined with homogeneous 

transformations and forward kinematics analysis can lead to a reliable calibration technique. The main result expected 

is an accurate calibration for the robot kinematic chain. 

 

Keywords: NAO, robot calibration, humanoid robotics, modelling 

 

1. INTRODUCTION 

 

Robot calibration consists of a comparison of the mathematical model previsions and real measurements, based on 

the robot’s kinematic parameters (Kastner, et al., 2015). A robust model is necessary to understand the kinematic behavior 

of any device precisely. Control engineering techniques and identification of systems are usually applied to estimate the 

relevant parameters of a mechatronic system (Ogata, 1985). 

A manipulator robot has a fixed base that serves as reference for calibration models. However, humanoid robot 

calibration presents challenges, as they have no fixed references (Yamane, 2011). Parameter identification and equations 

solving are some of the problems in mobile robot modeling. In this paper, we address the modeling of a humanoid robot 

(NAO) and propose an experiment to calibrate its kinematic model.  

SoftBank Robotics’ (former Aldebaran Robotics) NAO is a humanoid robot designed to be functional, accessible, 

modular and open architecture (Gouaillier, et al., 2008). Aside its friendly look, NAO presents a complex open kinematic 

chain and 25 Degrees-of-Freedom (DoF) as shown in Fig. 1.  

NAOqi is the NAO's embedded GNU/Linux Operating System (OS). It is based on Gentoo and runs all the robot 

programs and libraries (Softbank, 2017a). From the Python environment using the Software Development Kit (SDK) 

provided by SoftBank Robotics, it is possible to import the main functions and methods from NAOqi, allowing the 

program to access, e.g., the robot's sensors, actuators and memory. The NAOqi-Python connection is fundamental for the 

vision algorithm and provides a live feed of any (or both) of the robot's cameras. 

For the purpose of this paper, NAO’s kinematic chain is divided into five smaller kinematic chains starting in the 

robot´s torso and ending in each of its end effectors (feet, hands and head). The kinematic chains are separated by each 

of the robot limbs and further divided into its basic joint-link components and modeled using the Denavit-Hartenberg 

(DH) notation (Hartenberg and  Denavit, 1964). DH is one of the most usual representations for kinematic models, 

whereas for each local coordinate frame of interest there is an associated homogeneous transformation that relates that 

frame to the next one (Craig, 2012). The DH parameters are: kinematic distance (ln), link distance (rn), joint angle (θn) 

and functional angle (αn) as shown in Fig. 2. 

Given a joint j with respect to its adjacent joint i the homogeneous transformation matrix (translation and orientation) 

that relates the next coordinate frame with the previous frame is described as a 4x4 matrix (Veitschegger and Wu, 1986) 

shown in Eq. (1). Each transformation is a multiplication of two rotations and two translations as shown in Eq. (2), where 

Rk(a) represents a rotation around the k axis by an angle a and A([i j k]T) represents a translation  defined by the vector (i 

j k)T from the previous to the next frame origins. 
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Figure 1. NAO Robot and its kinematic representation (Gouaillier, et al., 2008). Wrist joints are not represented 

 

 

 
Figure 2. DH parameters (Rosário, 2010). 

 

 

 

𝑇𝑖
𝑗

= 𝑅𝑥(𝛼𝑗). 𝐴 ([𝑎𝑗 0 0]
𝑇
) 𝑅𝑧(𝜃𝑗)𝐴 ([0 0 𝑑𝑗]

𝑇
)                    (2) 

 

Any point described in a given frame j, 𝑝̅
𝑗
 = [px  py  pz  1]T can be described in another frame i as a product of all the 

intermediate transformations frame by frame (Kofinas, 2012) as shown in Eq. (3). 
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By using the kinematic model proposed by Kofinas (2012), it is proposed here an approach for measuring 3D 

coordinates and frame locations by using a calibration board with feature points or patterns extracted from the images 

provided by the robot's head cameras (top and bottom). The main algorithm is developed in Python using the OpenCV 

library, Numpy and Pickle extensions.  

The algorithm is divided into sections as follows: initialization and variable setup, image acquisition and feature 

detection, chessboard pose estimation, robot encoder values reading, forward kinematics calculations, error estimation 

and correction of the robot´s joint angles. According to Wiest (2001) and Elatta et. al. (2004) in Kastner (2014), the 

proposed algorithm fulfils the four steps of robot calibration: modeling, measurement, identification and compensation. 

 

2. CAMERA CALIBRATION AND 3D POSITION ESTIMATION 

 

Camera calibration is a necessary step the robot pose calculation, providing an estimation of the camera calibration 

matrix (intrinsic parameters including the radial and tangential lens distortion coefficients k1, k2, k3,p1 and p2). The 

OpenCV camera calibration uses a pin hole camera model shown in Eq. (4) and its expanded form in Eq (5): 

 

𝑠[𝑚´] = 𝐴. [𝑅| 𝑡]. [𝑀´]               (4) 
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where s is a scale factor, u and v are image projected coordinates, f is the focal length (x and y directions), c is the camera 

optical center coordinates. The [R| t] matrix is composed by the extrinsic parameters that transform the [X,Y,Z] object 

position in world coordinates to the camera coordinate frame (OpenCV, 2017). The calibration routine takes into account 

some distortion coefficients as shown in the lens distortion model equations in Eqs. (6) and (7), assuming that coefficients 

of fourth or higher order are usually negligible. The equations can be simplified to Eqs. (8) and (9) respectively. 
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The automatic calibration process consists of acquiring several images with a fully visible chessboard planar pattern 

and next the coordinates of the extracted feature points from the image are output into an iterative solvePnP algorithm to 

estimate the camera pose. After this initial guess the program runs a Levemberg-Marquadt optimization routine to 

minimize the reprojection error, comparing the distances between the feature points in image coordinates with the 

reprojected ones by using the current camera parameters and poses (OpenCV, 2017). 

For the purpose of the camera calibration, this initial step makes use of three sets of calibration image sets (containing 

40, 50 and 53 images) and the resulting camera matrices (mtx) are shown in Tab. 1. The expected value for cx is 160 

pixles and for cy is 120 pixels, as the image is 320 pixels wide and 240 pixels in height.  

  

Table 1. Experimental results for the estimation of the matrices of the camera intrinsic parameters.  

 

 

The respective distortion coefficients are shown in Tab. 2 together with the estimation of the reprojection error as a 

Root Mean Square error (RMS) provided by the OpenCV camera calibration algorithm. 

 

N. Img. 40 50 53

Matrix

180,079 0 148,874 256,922 0 160,862 198,944 0 166,102

0 182,126 116,678 0 256,206 119,149 0 202,909 116,476

0 0 1 0 0 1 0 0 1
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Table 2. Experimental results for camera distortion coefficients and RMS error estimates. 

 

 

Most of the parameters was found to be larger than expected and further intrinsic matrix adjustments will be performed 

with the OpenCV optimization process called “getOptimalNewCAmeraMatrix” for future works. From the results 

obtained, the parameters chosen were those achieved by the 50 image calibration set of images. This particular experiment 

returned the smallest RMS reprojection error and also smaller optical center deviations. The resulting camera matrix was 

used for the next algorithm processes. 

The next step of the program is to locate the chessboard on images. For this, the program uses the OpenCV 

“findChessboardCorners” function that uses a similar solvePnP program but using a RANSAC algorithm to make the 

function respond better to noise and outliers (OpenCV, 2017). With the image points of the chessboard acquired in mage 

coordinates, the program can calculate the 3D pose of each feature point, located on the colored square vertex. These 3D 

data are to be compared to the forward kinematics data calculated from the robot's encoders. 

 

3. KINEMATIC MODEL  

 

The DH parameters used to build the kinematic model were chosen according to the work of Kofinas (2012) with few 

small variations to adapt the model from the 3.3 (Academic Edition) to the H25 V4 version of the robot used on this work. 

The Left Leg and Top Camera parameters are shown in Tables (3) and (4), according to Fig. 1 and Fig. 2: 

 

Table 3. Left Leg DH parameters. 

 

 

 

Table 4. Top Camera DH parameters. 

 

 

The local transformations from Base to TopCam and from Base to LeftLeg are shown in Eq. (10) and Eq. (11). 
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N. Img. 40 50 53

k1 -0,1705 -0,0825 -0,2805

k2 0,1412 -0,0814 0,3303

p1 0,0209 0,0031 -0,0027

p2 -0,0056 0,0008 -0,0075

k3 -0,0677 0,3032 -0,1824

RMS 0,490 0,100 0,289

Frame(joint) a alpha d theta

Base A(0,0,NeckOffsetZ)

Head Yaw 0 0 0

Head Pitch 0 0
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LHipRoll 0 0
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LAnkleRoll 0 0
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The global transformation from the left leg chessboard planar pattern (attached to the robot's foot) to the top camera 

coordinate system is defined by the Eq. (12). The setup is shown in Fig. 3. 

 

 

  
T LefLeg

TopCam= (T Base
LefLeg)−1 T Base

TopCam

           (12) 

 

 

 
Figure 3. Robot laying position with planar pattern attached to its left foot. 

 

4. RESULTS 

 

To calculate the deviations between the measured data and the estimated 3D coordinates by using the Forward 

Kinematic model, the robot was put in laying position (Fig. 3) and several images of the calibration board were recorded 

synchronized with the joint encoder values. The results are presented as: 3D point estimates (points in the camera 

coordinates and calculated by the forward kinematic model), robot joint encoder values and distance estimates (for 

qualitative comparison purposes only). The data is shown in Tabs. 5, 6 and 7. 

 

 

 

 

 

 

Table 5. Robot's Joint Encoder Values (Degrees). 
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Table 6. Camera points and Forward Kinematic Points (mm). 

 

Table 7. Distance estimations: Camera (Dcam) and Forward Kinematics (Dfk) (mm). 

 

 

From the data collected it is possible to observe that the Z coordinate estimates presented larger absolute errors due to 

the difficulties to reproject 2D to 3D points using a single camera in a single pose. This type of estimation is largely 

accepted as non-functional but it was able to reproduce consistent results in the X and Y axis, even in highly inclined 

positions of the pattern in relation to the robot's camera. All data is represented in the Top Camera frame, the 3D points 

and the distances are represented in the same axis. 

 

5. CONCLUSIONS 

 

In this article a robot calibration methodology for the humanoid robot NAO was proposed, using proprioceptive 

cameras and joint encoders of the robot. The modeling and measurement step are described and some results assessment 

was carried out so far. For the future ongoing work, it is necessary to ensure that the vision system provide more accurate 

measurements and an accurate kinematic model can be fit.  

This research is under development, and so far, high order lens distortion coefficients and a non-linear least squares 

optimization based on the Levemberg-Marquadt algorithm have been tested. The methodology is expected to provide 

global minima for the robot joint errors and link lengths such that the new corrected kinematic model can improve the 

stability of the robot dynamic control. 
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