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Abstract

3D X-ray Computed Tomography (CT) is increasingly being used for non-destructive inspection of objects. Conventional CT

inspection requires many projections, typically spanning 360◦ to reconstruct a 3D image of the object, which is then segmented

and subsequently compared with the reference computer-aided design (CAD) model. Such an inspection flowchart, however, is

a time inefficient procedure, not suitable for inline inspection. To overcome this problem, we directly compare the measured

projections with simulated ones from the CAD model. To do so, the simulated projections need to be created with the same

acquisition geometry as the measured ones. When an object is inserted on a scanning system, its orientation may vary with

respect to the default CAD model orientation. For this reason, 2D/3D registration between the CAD model and the measured

projections of the real object is necessary. In this paper, we present a deep learning based method to accurately estimate the 3D

orientation of an object from one projection image.
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1 Introduction

X-ray Computed Tomography (CT) is a non-destructive technique widely used by industries for inspection of manufactured

objects. Typically, product properties are specified on a reference computer aided design (CAD) model. A conventional 3D CT

inspection workflow involves the reconstruction of a 3D image from a set of 2D projection images acquired at different view

angles, segmentation, surface extraction, registration, and finally comparison with the reference CAD model. Such a conventional

inspection workflow requires a time consuming acquisition and 3D reconstruction, which hinders real-time and inline industrial

applications.

Other approaches directly compare measured radiographs of the objects with simulated ones from the corresponding CAD model.

In [1], simulated CCD camera images are created and compared to the acquired ones. Comparison for quality control proposal

is performed by using distance measures or feature descriptor based methods. Following this approach, we developed a CAD

projector capable of simulating projection images from the CAD model. The CAD projector is efficiently implemented on the

GPU and integrated with our flexible, open-source reconstruction software, the ASTRA Toolbox [2]. Regardless of the workflow

adopted, it is possible to determine the optimal inspection configuration based on the specific task [3]. From our analysis in [4],

it is shown that limiting the acquisition to an optimal set of angles, has an advantage both on the overall time consumption and

on the performance of the final quality control. Moreover, by exploiting prior-knowledge of the inspected object (CAD model,

material properties), it was shown that optimal projection angles as well as a suitable region of interest for inspection can be

determined in advance.

In projection-based inspection, it is crucial that the simulated projections of the CAD model are properly aligned with the

measured projection data. However, the 3D object pose is often only approximately known. In our previous work [5], 3D spatial

information of the object (orientation and position) was estimated by mathematically joining 2D information from multiple

projections, and the system was driven to acquire task specific projections. However, the method is limited to cylindrical objects.

In order to generalize our method, we now present a deep learning scheme to estimate the 3D orientation of a non-symmetric

object from a single radiograph. Methods based on convolutional neural networks (CNNs) have been largely applied in pose

estimation of objects for robotic manipulation, scene understanding and augmented reality [6–9]. For these methods, the objective

is often to jointly classify the objects in the scene and estimate their pose in complex, realistic scenarios. State-of-the-art models

for such challenging tasks reach average errors in the order of a few degrees [10–12].

Contrary to these methods, we assume a known object to be inserted in the X-ray scanning system, and that, after calibration, the

variation of its pose is limited, e.g. by a sample holder. Although these restrictions lead to a simpler task than those mentioned

above, for inspection purposes higher accuracy is required. A comparable approach to ours is presented in [13], where synthetic

2D images are created from a CAD model to train a CNN for camera pose estimation. To make their images look more realistic,

scene parameters lightening and material reflectance are modified for each point of view. The background is also allowed to vary

in color or by applying a texture. In their experiments, simulated data is generated with evenly distributed points on a sphere.

Their experiments on simulated test data show an average accuracy of 5◦. In our paper, 3D orientation of an object is retrieved

from a 2D X-ray projection image by using a modified ResNet-50 [14], pretrained on ImageNet dataset. To evaluate our method,

preliminary experiments on synthetic data are performed.
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2 Methods
2.1 The geometry of the system

In what follows, the object is assumed to be stationary and the source and detector to rotate around it. We also assume that the

source and detector are aligned so that the optical axis is perpendicular to the detector plane. The method can however easily be

adapted to other acquisition geometries.

Let S = {x,y,z} be a reference system, with the y and z axis parallel to the detector plane, and x in the source-detector

direction, with respect to the initial source and detector center positions. The center O = {0,0,0} of S coincides with the

rotation center of the system and with the ideal barycenter of the object (see Fig. 1). When the sample is placed in between the

source and the detector, the position and orientation generally slightly deviates from the default position of the CAD model in

the reference system. The orientation of the object is defined by the rotation angles ϕ,δ and γ around x,z′ and y′′, respectively,

with z′ = Rx(ϕ)z and y′′ = Rz′(δ )Rx(ϕ)y (see Fig. 2). The three rotation angles define a new reference system S ′ = {x′′,y′′,z′′}
centered in O.

source x
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SOD SDD

detector

φ
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Figure 1: The system’s geometry. In gray, an object in the default CAD

model orientation, in green, the same object in a random orientation.

Figure 2: The Euler angles ϕ,δ and γ .

2.2 Creation of the synthetic dataset

Polychromatic synthetic projections from CAD models are created by using the CAD projector described in [15]. When the

object is positioned in the system, small deviations from its rotation angles δ and ϕ may occur. For the purpose of this study, the

rotation rotation angle γ of the sample is assumed to be unknown and within the range (0,360)◦, while δ and φ are considered

to vary on a limited interval, δ ∈ (δmin,δmax),ϕ ∈ (ϕmin,ϕmax). The dataset used for training and testing the neural network is

composed of projection images simulated with uniformly distributed parameters in the respective interval range.

2.3 The Neural Network structure and training

Large convolutional neural networks are powerful tools, but require big datasets and consequently a long training time. Pre-

trained networks allow to partly overcome these problems, by applying features learned on large datasets to different tasks and

different labels [16]. To be able to adapt a pre-trained network to a different task from the one it was trained for, the last layer is

replaced by a new one (for classification, for example, with a number of neurons corresponding to the number of classes), with

randomly initialized weights. The weights of the remaining layers are fixed to those of the pre-trained network, thus, during fine-

tuning, only the last layer is trained again [17]. Motivated by the good performances obtained with pre-trained networks, we used

a convolutional neural network (ResNet-V2-50) [14, 18], pre-trained on the ImageNet database [19] for image classification,

with the aim of estimating the object pose from a single projection image. In order to adapt the network to our specific task, we

replaced its final fully connected layer with three pooling layers each of them followed by flatten and activation layers, in order

to output three continuous values: the estimates of the parameters ϕ,δ and γ (see Fig.3). Since we are transferring learning from

a classification network to a regression one, we propose to first run few epochs by fixing the weights of all the layers except from

the new ones, and then continue training the whole network.

3 Experiments and discussion

In our experiments, we created labeled synthetic projections of a CAD model of the body of a car lamp by randomly varying

δ ,ϕ ∈ (−10,10)◦,γ ∈ (0,360)◦. The dataset is composed of 2.88×105 200×200 noiseless synthetic projections, with pixel size

0.2 mm. In Fig. 4, views of the CAD model and the synthetic projections are shown. The data was subdivided in 90% training

and 10% validation, using the mean absolute error as the loss function. The last layer of the ResNet-V2-50 pre-trained on the

ImageNet database, was modified to output γ̂, δ̂ and ϕ̂ , and the corresponding weights were randomly initialized. During the first

2



10th Conference on Industrial Computed Tomography, Wels, Austria (iCT 2020), www.ict-conference.com/2020

Figure 3: The ResNet-V2-50 network was pre-trained on ImageNet dataset for image classification. The network was cut before

the last fully connected layer and adapted for our regression task (b) to output the estimates γ̂, δ̂ and ϕ̂ .

10 epochs only these last new layers were trained, subsequently the whole network was trained for 100 more epochs. To take

into account the difference in amplitude among the angles, weights were given to compute the loss (0.9,0.05 and 0.05 for γ,δ
and ϕ , respectively).

For testing, 5000 synthetic projections of the same CAD model were simulated by varying the parameters randomly in the same

range as training and validation data. The absolute difference between the labels and the network output is displayed in Fig. 5.

The average absolute error on ϕ ,δ and γ is 0.0207◦, 0.0268◦ and 0.1100◦ (SD=0.0163◦, 0.0204◦ and 0.0687◦), respectively.

Figure 8 shows the difference between one of the images in the test dataset and the corresponding image simulated with the

parameters estimated by the network. The network was also tested on the same test images with Poisson noise (intensity beam =

15×104). Results shown in Figs. 6,7show worse accuracy for the estimation of γ , compared to δ and ϕ . One reason for it could

be that the network, which was trained on noiseless images, learns to recognize a uniform background and thus is not robust to

noise. As future work, we plan to improve our results by training the network with synthetic data with different levels of noise.

4 Conclusions

As we already showed in [4], limiting the acquisition to an optimal set of angles, has an advantage both on the overall time

consumption and on the performance of the inspection method. A crucial prerequisite for this to work is the quick determination

of the orientation of the sample so that the right set of images can be acquired. In this paper, we presented a deep learning

scheme to estimate the 3D orientation of an object in relation to a reference CAD model from a single radiograph. By using the

pretrained ResNet-V2-50 adapted to our regression task, we showed promising results on synthetic data. Further study will be

done to test the network with other models and improve the current results for noisy data. Also, we plan to extend our method to

estimate both the 3D orientation and position of a sample from a single projection.
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Figure 4: The CAD model of the object used in this study and the respective synthetic projections, created with the CAD

projector, at the orientation (γ,δ ,ϕ).
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Figure 5: The absolute difference between the ground truth angles and the outputs of the network for 5000 test data.
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Figure 6: The absolute difference between the ground truth

angles ϕ and δ and the outputs of the network for 5000 test

data with simulated Poisson noise (beam intensity=15×104).
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Figure 7: The absolute difference between the ground truth

angle γ and the output of the network for 5000 test data with

simulated Poisson noise (beam intensity=15×104).
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Figure 8: Absolute difference image between one image on the database (ϕ = 3.4801◦,δ = 5.1796◦,γ = 299.6289◦) and the
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