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Abstract  
When performing an experimental modal test, the user has to define (i.e. draw) a geometry of the structure 
which includes the 3D locations and orientations of the vibration sensors (accelerometers, strain gages, etc.). 
This step is often tedious and time-consuming, especially for complex geometries containing a large number 
of sensors. Incorrect placement of sensors can lead to important errors [1]. 
In this paper, we propose a camera based method to semi-automatically link the geometry of an object under 
test with an available geometry in a CAD file.  The technique uses low-cost equipment (a compact camera).  
Our method will be demonstrated on three test objects: a car, a bicycle frame and a drone aircraft model. In 
the case of the drone, the curved shape of the wing makes it very difficult to measure the position and 
orientation of the sensors manually. We show that we are able to detect the sensors with an accuracy of 
about 5 mm in the studied cases.  

1 Introduction 

When performing an experimental modal test, the user has to define (i.e. draw) a geometry of the structure 
which includes the 3D locations and orientations of the vibration sensors (accelerometers, strain gages, etc.). 
This step is often tedious and time-consuming, especially for complex geometries containing a large number 
of sensors. Incorrect placement of sensors can lead to important errors [1]. 
In this paper, we propose a camera based method to semi-automatically link the geometry of an object under 
test with an available geometry in a CAD file. Our methodology can assist vibration test engineers in two 
ways: 
Our camera-based method can be used to determine the positions and orientations of vibration sensors which 
are attached to a structure. The coordinates of the sensor positions are then transferred to the corresponding 
locations (and orientations) in a CAD geometry.  
The used technique uses low-cost equipment (a compact RGB camera). The proposed procedure allows 
users to test prototypes faster and in a more repetitive manner because physical measurement positions are 
determined with less user interaction. 
The proposed procedure consists of two main steps.  

1. Firstly, a camera image of the object under test is recorded (it is assumed that parts of the contours 
of the object are visible in the camera image).  
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2. Next, the camera is aligned with a 3D CAD file using an image segmentation technique and pose 
estimation [2]. To do this, the user first manually aligns both geometries after which an 
optimization technique is used to improve the accuracy of the alignment.  

Although the method relies on a camera our method does not need a calibration procedure to obtain the 
position between the camera and object. The fact that we do not need this calibration allows the user to 
quickly switch between large and small objects by simply zooming and focusing the camera. 
Our method will be demonstrated on three test objects: a car , a bicycle frame and a drone aircraft model. In 
the case of the drone, the curved shape of the wing makes it very difficult to measure the position and 
orientation of the sensors manually. We show that we are able to detect the sensors on this complex shape 
object with a reasonable accuracy (of about 5 mm).  

2 Methodology 

2.1 State-of-the-art 

The main idea is to align an image with a 3D CAD model of a test object. With this alignment sensors can 
be indicated in the image and the 3D location on the object can be calculated. In this work, the alignment of 
an image with a 3D CAD model is called pose estimation. 
Algorithms for fully automatic pose estimation exist, but they need a large training set of images with known 
poses and/or accurate and textured 3D models of the test object [3,4]. Obtaining this training set and textures 
can be hard and time-consuming. Therefore in this work, it is assumed that this data is not available. Also, 
pose estimation using 3D range cameras exist, but material properties (colour, high surface reflectivity 
(metal),…) can often distort the 3D range image and disrupt the pose estimation [5]. Also, the size of the 
objects is limited to the used sensor. This work proposes a methodology with low-cost equipment that can 
be applied on various objects with various material properties and both small and large sizes. Therefore we 
propose a method using standard 2D cameras (smartphone camera, compact camera,…) that are low cost, 
easy to use, and by simply zooming or focusing they can be used to photograph small and large objects. 
Also, the pose estimation algorithm should be robust to small errors in the 3D CAD model. 
There are various algorithms used for pose estimation of 3D models using 2D cameras. The most common 
algorithms for pose estimation use solutions of the perspective-n-point-problem (pnp-problem). The pnp-
problem solutions estimate the 3D location of a camera to an object given a set of N 3D points in a chosen 
world coordinate system and their corresponding 2D projection in the image. In practice, this means that a 
user can select 2D points in an image, and when corresponding points are selected in a 3D CAD-model, the 
pnp-solution can calculate the position of the camera to the 3D model. Although in theory this should work, 
when the user only selects 4-6 points, the pose will not likely to be a good estimate since the algorithm is 
not robust to noise, outliers (wrongly selected points) and even the camera resolution will distort the results 
when using few points. Therefore an extra optimization algorithm is needed to calculate a good pose.  In 
this paper a Matlab implementation of optimization algorithms described in [2,3,6] is used. Other 
(commercial) libraries exist like vuforia [7] and visionlib [8] that have similar working principles and results.  
The original PWP3D pose estimation [2,6] assumes that the camera parameters are known. In this 
methodology this is not needed because we are not interested in the exact position of the camera, only the 
mapping between the image and 3D CAD model is needed. Therefore we only need to know the resolution 
of the camera. A rough estimate of the perspective angle can be used for the camera parameters. Errors on 
this estimate will not alter the alignment between the image and 3D CAD model. 
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2.2 Tools and Methodology 

 
Figure 1 Flowchart of summarized methodology.  

The methodology (Figure 1) starts with taking an image of a test object with sensors attached (Figure 2 a). 
Next the user roughly aligns the image with the 3D model by selecting points on the mesh and corresponding 
points in the image (Figure 2 b-c). Subsequent the pose of the object is optimized with the PWP3D 
optimization routine (Figure 2 d). After this optimization the sensor location can be manually selected in the 
image (Figure 2 e). The position of the sensor on the 3D model can then be calculated with the previously 
calculated pose (Figure 2 f). In this work we assume that the measuring direction (blue arrow Figure 2 f) of 
the sensor is normal to the surface of the measured object.  
Figure 2 shows that the method also works when the 3D model slightly deviates from the real object. In this 
example the real car is an Opel Corsa 2016 while the CAD file corresponds to a 2014 model. This can be 
seen at the rear spoiler, rear light and the front bumper (Figure 2 d).  
The method is tested with a standard compact camera (Nikon Coolpix S6300). The method allows to use 
any standard camera or smartphone camera given that the lens distortion (e.g. fish-eye effect) is low or 
compensated [9]. As a virtual rendering environment, an educational version of Vrep 3.5 [10] is used. This 
environment is linked with Matlab (r2017a). The pose of the object is initialized with the standard settings 
of the pnp solution of OpenCV (solvePnPRansac() [11]), and optimized using PWP3D. Due to speed and 
memory constraints of the link between Matlab and  Vrep, images are downsampled to 500x275 pixels 
where the original image is 5500 x 3096 pixels. When properly implemented in C++ with GPU processing 
this downsampling is not needed as stated in [2,6].  
  

DYNAMIC TESTING: METHODS AND INSTRUMENTATION 1363



  
(a) Picture of object with sensor attached (b) 3D model and picture with selected points 

highlighted  for visualisation 

  
(c) Picture of object initial pose (manually set 

in Vrep-model environment) 
(d) 3D model pose after pose optimization. 

*misalignment due to error in 3D model 

  
(e) Sensor is manually selected in image (f) Sensor located on CAD file. (red-green-

blue coordinate system) 

Figure 2 Methodology in pictures. The user starts with taking an image of the test object and ends with the 
location and orientation of the attached sensor in the 3D model coordinate system. (a) reference image (b) 

3D model (c) initial pose (d) optimized pose (e) image sensor (f) sensor location 

  

* 
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3 Case studies 

3.1 Car 

An accelerometer is placed at two position on a car. Two pictures are taken of the car (Figure 2 a-b). The 
method described in 2.2 is executed for each picture (2 pose estimations). As a result sensor locations where 
obtained (Figure 3 d). Only the measurement direction is plotted in the image. In this case this direction is 
assumed to be normal to the car-surface.  
 

 
(a) Image sideview 

 
(b) Image front view 

 
(c) Sensor (zoomed from figure a)  

 
(d) Sensors location and direction (blue 

arrow) on CAD model 

Figure 3 (a) Accelerometer placed on door panel (b) Accelerometer placed on bonnet (c) close up of 
accelerometer (picture not used in methodology) (d) Placement of sensors (blue arrows) on 3D model 

using images (a) and (b). 

3.2 Bicycle Frame 

A bicycle frame is placed on a table and an image is taken with a relatively cluttered background. In this 
case sensor locations where indicated with white stickers (Figure 4 a).  The bicycle frame is initialized by 
selecting 4 corresponding points in the 3D model and image. The optimized pose is visible in Figure 4 b. 
Only a small deviation (1 pixel) is visible in some parts of the image. The sensor locations are selected 
manually in the original image and plotted on the 3D model (Figure 4 c). The Z-direction (blue arrows) are 
normal to the surface other directions (x,y ; red, green arrow) are chosen randomly.  

PCB 333B30 
Size:+- 10mm*10mm*10mm 
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(a) Image bicycle frame (with zoomed part of 

locations) 
(b) 3D model (green) plotted on original 

image 

 

 

(c) Sensor locations in Vrep-enviroment  

Figure 4 Example of sensor location selection on a bicycle frame (a) Image of frame (b) Image aligned 
with 3D model (c) Sensor locations 

3.3 Model Drone 

To benchmark the accuracy of the pose estimation with real world images, a piece of mm-paper is placed 
on a curved wing of a model drone. Locations are indicated on this paper (see Figure 5 a). The exact distance 
between points on paper is summarized in Table  1.  After placing the paper with indicated points, the 
complete methodology is executed (see Figure 5 b-d). After selecting the indicated points (i.e. sensor 
locations) the distances between points are calculated (see Table  1). 
In this small benchmark the maximum deviation is 4 mm. The spatial resolution of the image is 
approximately 1.2 mm per pixel (on the left wing). The deviation is dependent on the indication of the points 
and the pose estimation. Note that the measured distance is the Euclidian distance between points and the 
added distance due the curvature is neglected. As a more reliable test a semi-synthetic repeatability test is 
executed in section 4.  
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     (a) Image of drone with mm-paper attached to 
left wing 

     (b) 3D model (light-yellow) plotted on orignal 
image.  

  
     (c) Zoomed image (orignal resolution) with an 
overlay of the 3D model. Locations are numbered 
in red.  

     (d) 3D scanned mesh model of (top part) of the 
drone.  

Figure 5 Example of Pose estimation on a model of a drone. (a) Image of drone (b) Image aligned with 3D 
model (c) Sensor locations (d) Used 3D model 

 
Table  1 Measurement results 

Point Point Distance (mm) Distance Measured (mm) Deviation (mm) 

1 2 130 133 3 
2 3 100 96 4 

3 4 70 68 2 
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4 Validation 

As a (synthetic) repeatability test we manually initialized the pose on an image of a bicycle frame. This 
initialization is used as the standard initialization. The initialized pose is randomly translated and rotated 
(slightly) to mimic other manual initializations. Next the PWP3D routine optimizes this pose. The random 
initialization and optimization is repeated a thousand times. From all the calculated poses the amplitude of 
the translation is saved. The procedure is summarized in Figure 6. An example of the initialization is given 
in Figure 7 (a). The deviation of the calculated amplitude is plotted in Figure 7 (b). This figure shows that 
for this experiment 95% of the measurements had a deviation (relative to the mean amplitude) less than 7.5 
mm. 99% of the measurements is below 15.5 mm and 66% of the measurements have a deviation below 2.8 
mm.  
 

1. Manual initialization of pose 
2. Add noise on this initialization (Translation +- 12,5 mm, Rotation +- 0.5° ) 
3. Optimizer Pose 
4. Save Translation 
5. Repeat step 2 to 5 a 1000 times 
6. Calculate Amplitude of Translation 
7. Calculate Mean Translation 
8 Amplitude of Translation = abs(Amplitude of Translation – mean(Amplitude of Translation)) 

Figure 6 Synthetic repeatability tests 

 

  
(a)  (b) 

Figure 7 (a) Example of a (semi) random initialized pose (b) Distribution of the amplitude of the calculated 
translation. Total number of measurements = 1000.  

In our experience when the deviation is larger than 5 mm the user can easily see that the pose is not optimal. 
In this case/image 5 mm corresponds with approximately 8 pixels  In Figure 8 a visually bad pose and 
visually good pose is shown. The visually bad pose had a deviation on the amplitude of 8.5 mm and the 
good pose has a deviation of  2 mm. 
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(a) Visually Bad Pose Estimation |T| = 8.5mm     (b) Visually Good Pose Estimation |T| = 2 mm 

Figure 8 Example of (a) a visually good pose and (b) a visually bad pose. 

5 Conclusion 

In this work a system is proposed that locates sensor locations and orientation from a picture taken with a 
standard compact camera. 
The proposed system is aimed at industrial testing, prototyping and quality control where it is important to 
know the location of placed sensors on a test object. This location can be used for visualization, 
documentation and/or comparison with finite element simulations. A repeatability test shows that in our 
setup 95% of the sensor localization had a deviation of below 7.5 mm.  
Parts of the methodology require manual intervention. This is specifically done to avoid object detection 
techniques that often require large data-set of images and/or highly accurate and textured models of the 
object. These conditions are often not achieved, and the proposed manual intervention also forces/allows 
the user to visually check the positions of the calculated sensor positions.  
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