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Abstract17

X-ray imaging can be efficiently used for high-throughput in-line inspection18

of industrial products. However, designing a system that satisfies industrial19

requirements and achieves high accuracy is a challenging problem. The effect of20

many system settings is application-specific and difficult to predict in advance.21

Consequently, the system is often configured using empirical rules and visual22

observations. The performance of the resulting system is characterized by exten-23

sive experimental testing. We propose to use computational methods to substitute24

real measurements with generated images corresponding to the same experi-25

mental settings. With this approach, it is possible to observe the influence of26

experimental settings on a large amount of data and to make a prediction of27

the system performance faster than with conventional methods. We argue that28

a high accuracy of the image generator may be unnecessary for an accurate per-29

formance prediction. We propose a quantitative methodology to characterize the30
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quality of the generation model using Probability of Detection curves. The pro-31

posed approach can be adapted to various applications and we demonstrate it32

on the poultry inspection problem. We show how a calibrated image generation33

model can be used to quantitatively evaluate the effect of the X-ray exposure34

time on the performance of the inspection system.35

Keywords: X-ray inspection, System Design, Dual-energy X-ray, Deep Convolutional36

Neural Networks, Probability of Detection37

1 Introduction38

X-ray imaging systems are widely used for a high-throughput in-line inspection of39

industrial products on a conveyor belt [1, 2]. Unlike visible light cameras, X-ray radi-40

ation is able to penetrate the product and provide information about its internal41

structure. This is particularly useful in a foreign object detection (FOD) problem,42

where the goal is to inspect a main object and determine whether it contains an unde-43

sirable region or a separate body - a foreign object. Examples of foreign objects (FOs)44

are browning in apples, infestation in grain, and bones in poultry[3]. While X-ray45

inspection could achieve high accuracy in laboratory studies [4, 5], an industrial envi-46

ronment introduces many limitations, such as high-throughput, acceptable dose level,47

and physical space constraints. Designing a practically viable X-ray system - config-48

uring the experimental equipment and the image analysis algorithm - is a challenging49

problem of balancing inspection accuracy and application constraints. Furthermore,50

this problem is highly application-specific; methods developed for one product are51

usually not effective for other products [1].52

A standard approach to analyzing the inspection accuracy is extensive experi-53

mental testing. To achieve automated inspection without frequent manual checks, the54

inspection system has to be reliable. In the context of FOD, reliable systems should55

detect FOs with a low failure rate for a wide variety of products. The shape of the for-56

eign object is not known in advance, and it could be located in different parts of the57

main object. The direction from which the product would be viewed is also not known58

in advance. All these variations need to be tested to confirm that the system is reli-59

able. However, this time-consuming test would only be valid for a specific configuration60

of experimental equipment and image analysis. Any change in the hardware settings61

would have an unpredictable effect on the acquired images and the performance of62

the system. Designing an inspection system from scratch involves a large number of63

independent settings. Performing an experimental test for all possible permutations64

of settings is infeasible. A different approach is therefore required.65

There is a rising interest in creating virtual representations of physical products66

and systems - digital twins [6]. Digital twins of X-ray systems [7–9] are seen as a tool67

for predicting the X-ray image under the desired experimental settings without an68

experiment. Such a model could solve the system design problem. If the data could be69

generated significantly faster than the experimental acquisition time, then it would be70

practically possible to test a large number of different system settings. The problem71
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of generating X-ray images with computational methods has been studied in detail72

with vastly different approaches [10–12]. While it is possible to implement a highly73

accurate virtual model of an X-ray setup [13], the computational cost is significant.74

As a result, sufficiently fast data generation would be too expensive and infeasible.75

This computational challenge leads to the question of how accurate the X-ray image76

generator needs to be to be used in practice.77

In some cases, approximately accurate generated images could even be used to78

substitute the real ones [14, 15]. It is possible that perfect correspondence is not nec-79

essary, as long as the features used by the image analysis algorithm are generated80

accurately. However, to conclude that the performance of the inspection system is the81

same (or similar) for two different datasets, a quantitative way of characterizing the82

performance is required. This problem is well-known in nondestructive testing, and83

Probability of Detection (POD) curves [16] are often used as a solution. POD curves84

provide a quantitative estimate of how the detection rate depends on the value of the85

product properties, and for which values reliable detection is expected. Product prop-86

erties associated with reliable detection can be measured and compared to conclude87

if the performance on two datasets is the same.88

We propose a novel data-driven method for efficient performance estimation of X-89

ray imaging systems under different experimental settings. Our contributions are as90

follows: We combine the theoretical foundations of X-ray image formation and X-ray91

data generation techniques to create images corresponding to specific experimental92

settings of the given inspection system. We show which properties of the system should93

be measured during calibration to make such generation possible. As an example of94

the FOD problem, we focus on the detection of small rib bones in chicken fillets with95

different X-ray exposure times. For the same experimental settings, a real dataset96

is acquired with the experimental setup; and a generated dataset is created with a97

calibrated generator and the dataset of high-quality real images. We show that the98

use of generated data yields quantitatively comparable performance estimates to the99

real data, and explore the performance for settings that were not tested. We discuss100

the advantages of the proposed approach over the standard experimental testing and101

how our method could be applied to other industrial problems.102

2 Related work103

The problem of X-ray data generation is well-studied and can be solved with a variety104

of methods that are commonly categorized into probabilistic and deterministic. Prob-105

abilistic (Monte-Carlo) methods [12, 13] require a significant amount of computational106

resources and extensive knowledge of the X-ray system and the studied object. Deter-107

ministic (ray-tracing) methods [10, 11] are faster by orders of magnitude but do not108

include many experimental effects present in a real X-ray acquisition. Furthermore,109

deterministic algorithms produce a noiseless image, and the noise pattern has to be110

generated separately. Properties of noise in X-ray images were studied in detail to esti-111

mate measurement uncertainty [17] and improve analysis of low-dose X-ray data [18].112

Equations connecting mean value and variance in X-ray data are derived in literature113

and experimentally verified [18].114
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Image analysis for the FOD is a sophisticated problem that can be addressed by115

many methods based on contrast[19], edge detection[20], and machine learning trained116

on manually extracted features. A large variety of main and foreign objects has to be117

incorporated into the algorithm to achieve the necessary robustness. Deep learning118

methods have been successfully applied to many computer vision tasks: first, Convo-119

lutional Neural Networks (CNN)[21], and more recently, Vision Transformers (ViT)120

[22]. Deep learning algorithms require a large amount of training data to determine121

the image features that are crucial to solving the task in question. With sufficient data122

coverage, these methods provide state-of-the-art results and achieve high accuracy,123

execution speed, and robustness.124

A significant disadvantage of deep learning methods is a lack of interpretability.125

Some techniques, such as class activation maps, might correlate the algorithm’s deci-126

sion with some properties of the input image. In contrast, in conventional algorithms,127

such as edge localization with the Canny filter, the accuracy can be computed analyti-128

cally based on the noise model [23]. However, this is impossible for real problems with129

complex image morphology. In practice, a deep learning method has to be analyzed as130

a black box, and the performance analysis may benefit from statistical analysis used to131

assess the accuracy of human experts (e.g. Receiver Operating Characteristic (ROC)132

curves and Probability of Detection (POD) curves [16]). Such methods imply that a133

sufficient variety of test cases can be provided to accurately estimate the performance134

of the algorithm.135

Optimization of X-ray imaging has been studied in medical imaging to determine136

the geometry of experimental setup [24] and dose of radiation [25]. The existing work137

proposes different theoretical methods that explore the connection between the prop-138

erties of the experimental setup and image quality. Image quality is usually defined by139

performing phantom measurements and computing different image features, such as140

the signal-to-noise ratio. However, the correlation between such metrics and the per-141

formance on real problems is rarely studied. A possible solution to this problem was142

presented in [26] where a binary classifier was trained to predict if an object would be143

correctly identified by a human expert based on a set of image quality metrics.144

3 General concepts145

Our approach to analyzing industrial FOD problems is illustrated on Fig. 1. An appli-146

cable system has to satisfy industrial requirements. In the case of X-ray, we highlight147

a list of frequently relevant constraints:148

• Geometric - the inspection system should fit into the existing conveyor belt setup.149

• Deposited dose - inspected objects should not absorb too much X-ray radiation.150

• Radiation safety - properties of the X-ray source, such as voltage and power, are151

limited by the permits and radiational shielding to prevent interference with other152

parts of the factory.153

• Resolution - the system is supposed to detect features of a certain size.154

• Throughput - the inspection system should operate at a speed comparable to the155

conveyor belt.156
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Fig. 1 Overview of our approach for the FOD. The problem is defined by the physical properties of
the objects to be analyzed and the inspection system settings. This leads to a variety of input images
that have to be analyzed by the same image analysis algorithm. The performance of the algorithm is
then evaluated as a function of the system design and the properties of the objects

These requirements directly affect the settings of the X-ray system: possible mag-157

nification, X-ray source power, exposure time etc. Furthermore, they determine the158

type of X-ray inspection technique that can be applied. For high-throughput, the159

acquisition may be limited to a single projection, while in other cases in-line CT may160

be possible. The same requirements can be satisfied in many ways leading to many161

possible systems. From the industrial point of view, the FOD problem is formulated162

by defining the physical properties of the objects on the conveyor belt. For X-ray, the163

important ones are material composition (what is the object made of) and morphology164

(what is the shape of the object).165

System settings and object properties influence the resulting X-ray image acquired166

during the inspection procedure. We argue that this image could be computed with a167

properly configured image generator without performing an experiment. The decision168

about the FO presence is made by the image analysis algorithm that takes the X-ray169

image as input. Image analysis is only indirectly influenced by the system settings170

and object properties. Instead, the accuracy of the analysis is mainly determined by171

image features. Finally, there is a performance evaluation step that involves testing172

the inspection system on a large variety of products with and without FOs. The173

performance evaluation concludes whether the proposed system design is applicable to174

the problem taking into account the industrial requirements and the desired accuracy175

level.176

In the context of Fig. 1, we consider the image generator to be sufficiently accurate177

when it yields the same (or quantitatively comparable) performance estimate as the178

real inspection system with the same settings and objects. To make such a generator,179

we start with a model describing an X-ray image formation. This model contains180

system-specific parameters that we propose to extract from the calibration of the181

real system. The goal of the calibration is to connect an abstract model of X-ray182

interactions to the particular X-ray imaging device under different system settings.183

When a sufficiently accurate generator is available, the industrial requirements should184

be translated into different sets of feasible system settings. For each set of settings,185

a performance estimate is computed using the image generator. If the requirements186
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constrained the system too much, all estimates would not be sufficiently accurate,187

meaning that the problem has no practical solution under the current limitations.188

Otherwise, we could use the settings that lead to the best performance and confirm189

that they work in the real system.190

4 Methods191

To illustrate the proposed approach of predicting inspection performance using image192

generation, we concentrate on a specific case study: detecting bone fragments in193

chicken fillets under different conveyor throughput levels. The application-specific194

version of Fig. 1 is shown on Fig. 2. We consider a single industrial requirement -195

throughput of the system - that influences the exposure time possible for an X-ray196

image acquisition. A large number of high-quality X-ray images is used to represent197

a variety of fillets and bones that could be found on a conveyor belt. We consider a198

dual-energy X-ray setup as the inspection system. Dual-energy systems acquire two199

projections of the same object under different properties of X-ray radiation. Dual-200

energy images are often used in industrial [27] and medical [28] applications because201

they improve contrast and allow more accurate material identification. An image gen-202

erator based on Beer’s law with the mixed Poisson-Gaussian noise model is proposed203

to create images for different values of exposure time. The image analysis is performed204

by a segmentation deep convolutional neural network (DCNN), and the detection205

performance is analyzed with POD curves.206

Exposure 

time

Conveyor belt

speed

POD curves

High-quality images

with a variety of main

and foreign objects

Generator 

based on 

Beer's law

Segmentation

DCNN

Fig. 2 System design problem for the detection of bone fragments in chicken fillets under different
levels of throughput. This figure illustrates the technical choices made to solve this problem: high-
quality X-ray images as a representation of object morphology, an image generator based on Beer’s
law, DCNN as the image analysis method, and a POD curve as a performance metric

4.1 Industrial requirements and inspected objects207

For in-line product inspection, the X-ray imaging system is built around the high-208

throughput conveyor belt. The imaging system consists of an X-ray tube which acts209

as a source of X-ray radiation and a detector which acquires an image by interacting210

with X-ray passing through the object. The conveyor belt speed is one of the most211
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important application properties. The processing line is expected to run with a certain212

number of products per unit of time, and the inspection system must operate under213

this constraint. While this limitation affects image analysis, this paper will focus on214

the influence of the limited measurement time on the acquired data. On a conveyor215

belt moving at the speed v, an object moves a distance vt, where t is the exposure time.216

Thus, the acquired projection is a mixture of many images of the object at different217

positions during the measurement. In practice, long acquisitions of fast moving objects218

lead to a motion blur effect. The magnitude of blur depends on the imaging resolution.219

If the distance vt is equal to multiple projection pixels of size a, then the same region220

of the object will affect several pixels, producing a visible blur artifact. While some221

motion blur is inevitable when inspecting a moving object, we define an acceptable222

exposure time as223

t =
a

v
, (1)

so vt = a. This equation is also used for line detectors which acquire an image of a224

moving object line by line and are often used for high-throughput inspection [29]. Thus,225

to achieve higher throughput, the exposure time should be reduced. However, many226

other technical factors should be considered. For example, the exposure time is also227

limited by the detector electronics and cannot be reduced below a certain threshold.228

Similarly to the FOD in other agricultural products, poultry inspection does not229

have a rigorous definition of main and foreign objects. Chicken fillets are similar in230

shape to a human expert, but the exact shape is unknown prior to the inspection. The231

chemical composition of chicken meat is known only approximately. Bone fragments232

could be found in a variety of locations inside the fillet depending on the cutting pro-233

cess. We choose a data-driven way to describe the variety of main and foreign objects,234

and their relative positions. A reference dataset is used as a problem definition. This235

dataset contains high-quality X-ray images of different chicken fillets with different236

bone fragments in various positions. The definition of high quality will be given later,237

and it refers to the low noise level to capture the X-ray attenuation properties of fillets238

and bones. The goal of the image generator is to transform a reference high-quality239

image into the image corresponding to a particular value of the exposure time.240

4.2 Image formation241

To estimate the influence of the imaging system and object properties, we use a model242

of X-ray imaging based on Beer’s law. This model is commonly used in computed243

tomography. It assumes that the X-ray intensity I decays after passing through the244

object according to Beer’s law245

I = I0 exp

(
−
∫
l

µ(x) dx

)
, (2)

where I0 is the intensity of the incident radiation, l is the X-ray trajectory, and µ(x) is246

the distribution of the attenuation coefficient. The goal of imaging is to estimate the247

properties of the object based on µ(x), which is connected to the measurable value of248

I.249
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For further analysis, we will make a number of assumptions about the studied250

object. µ(x) is a combination of attenuation in the main and the foreign object. We251

assume that both are homogeneous. A homogeneous object consists of a single material252

with a constant attenuation rate µ and occupies a volume V . Thus, if the studied253

object has no FO and consists of only one material,254

µ(x) = µ1V (x), where 1V (x) =

{
1 if x ∈ V

0 otherwise
. (3)

While V is the physical shape of the object, which remains the same regardless of the255

imaging method, µ depends on both the object and image acquisition. X-ray tubes256

produce X-ray radiation with a wide range of energies characterized by the energy257

spectrum I0Φ(E). For any material with a known chemical formula, an attenuation258

curve µ(E) can be computed to estimate the attenuation probability for every X-259

ray energy. It can be shown[30] that µ in Beer’s law is approximately defined by the260

equation261

µ =

∫
E

g(E)D(E)Φ(E)µ(E) dE (4)

that also includes the detector properties: gain g(E) and sensitivity D(E).262

The intensity I in Eq. 2 represents the true value, but it is not necessarily equal to263

the value measured by the imaging system. The generation of X-ray photons I0 follows264

Poisson distribution. It can be shown[31, 32] that the number of registered photons265

I also follows Poisson distribution under certain conditions. Additionally, there is an266

electronic noise independent of the number of detected X-ray photons. Consequently,267

the measured signal y follows a mixed Poisson-Gaussian distribution268

y = p+ b ∼ 1

λ
P(λI) +N (de, σe), (5)

where λ denotes the detector gain and converts the number of X-ray photons following269

the Poisson distribution to the measured intensity units, de is often referred to as270

the darkfield signal (image intensity without X-ray irradiation), and σe is a standard271

deviation of the darkfield signal. Furthermore, we add a convolution with a Gaussian272

kernel273

yblur = y ⊛ h, h(x, y) = ae−
x2+y2

2σ2 (6)

to represent all effects influencing the Point Spread Function (e.g. focal spot of the274

tube and scintillator processes)[33].275

The image formation model defined by Eq. 2 and 5 splits the contribution of276

object properties (V and µ(E)) and imaging system design (Φ(E), I0, and detector277

parameters g(E), D(E), λ, de, σe). While the former are constant and define the FOD278

problem, the latter can be optimized to provide the best image quality. All detector279

parameters in this model are inherent properties of the chosen equipment and can280

not be changed without replacing a detector. This type of optimization is beyond the281

scope of this paper because it is mostly defined by the price of the detector and the282

available budget. However, the incident beam intensity I0 and the energy spectrum283

Φ(E) can be adjusted without changing the equipment.284
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The incident beam intensity I0 depends on the geometry of the imaging system and285

the tube settings. X-ray tubes produce radiation uniformly distributed in a cone of286

height d - the distance between the source and the pixel. The flux j depends slightly on287

the voltage and is proportional to the tube current i. The X-ray radiation is collected288

in a square pixel of size a over the exposure time t. Thus, the incident beam intensity289

I0 is given by290

I0 ≈ j
a2

4πd2
t ∝ it

a2

d2
, (7)

if the pixel is close to the center, and cone beam artifacts can be ignored. This equation291

offers many ways to control the incoming intensity: changing the imaging resolution292

(a), the exposure time (t), the geometric configuration of the system (d), and the293

current i.294

4.3 Dual-energy image segmentation295

If the inspected object consists of the main object with properties (µm, Vm) and the296

foreign object with properties (µf , Vf), Eq. 2 transforms into297

I = I0 exp

(
−µm

∫
l

1Vm
(x) dx− µf

∫
l

1Vf
(x) dx

)
. (8)

The image is usually analyzed after post-processing according to the equation298

M = − log
I

I0
= µmLm + µfLf , (9)

where L =
∫
l
1Vm(x) dx is the thickness of the object V along the ray l. This equation299

highlights the problem of material separation for a single X-ray image. The same300

value of M can be obtained with different thicknesses of the main and foreign objects.301

However, this ambiguity can be reduced by performing a dual-energy acquisition.302

In practice, dual-energy imaging can be implemented in two different ways [27].303

In the first method, the voltage of the tube is rapidly switched to capture an X-ray304

projection with different X-ray energy properties. The second approach which is more305

commonly used in industrial environments uses a detector with two sensor media. The306

first sensor registers low-energy X-ray radiation, and the second sensor detect the high-307

energy signal. For both methods, two images are acquired with different energy spectra308

Φ(E). This leads to different flatfield values Ia0 and Ib0 and attenuation coefficients µa
309

and µb. While M is proportional to the object thickness, the quotient R of corrected310

images is constant for homogeneous materials311 Rm =
Ma

m

Mb
m
=

µa
mLm

µb
mLm

=
µa
m

µb
m

Rf =
µa
f

µb
f

(10)

For the main object with the present foreign object, the quotient image changes to312

R =
Ma

Mb
=

αβRf +Rm

αβ + 1
, (11)
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where α = Lf

Lm
and β =

µb
f

µb
m
. The presence of the foreign object can be detected by313

observing a difference between R and Rm given by the equation314

∆R =
αβ(Rf −Rm)

αβ + 1
. (12)

Following Eq. 12, the FO can be found in a quotient image by locating a connected315

cluster of pixels with non-zero ∆R surrounded by noise. The magnitude of the back-316

ground noise can be computed by estimating noise in Eq. 5 and propagating it through317

Eq. 9 and 12. However, Eq. 12 is written for a single pixel. A foreign object covers a318

region in the image, producing a distribution of ∆R. The exact value is different in319

each pixel of the FO region because the thicknesses of MO and FO are not constant.320

A computer vision algorithm is required to segment this distribution from noisy out-321

liers by considering intensity gradients and average values for different scales. From322

an industrial point of view, this means that the detectability of the FO depends on its323

exact orientation at the time of acquisition. A large FO may have a small projection324

on the acquired image, and its quotient difference may be mistaken for noise.325

Furthermore, there are many practical limitations hampering the viability of this326

approach for real data. It is implied by Eq. 4 that µ is constant, but it is not the327

case due to beam-hardening. Consequently, the quotient value R also depends on the328

thickness even for a homogeneous object [34]. If the main object is inhomogeneous, its329

Rm will depend on the thickness ratio of different materials, and the foreign object may330

be difficult to distinguish from a particular material combination of the main object.331

Finally, the quotient image has a high noise level, especially near the boundaries where332

both Ma and Mb are small.333

Similar to other industrial computer vision problems, we use deep learning meth-334

ods to solve the FOD problem. There is a large variety of deep learning methods,335

and we have chosen DCNNs because of their efficiency and wide adoption for different336

industrial tasks. Given the images Ma and M b, the goal of the DCNN is to output337

the image mask of Lf > 0. To train the DCNN, we provide a large set of training data338

using the manual segmentation serving as ground-truth. Due to generalization from a339

large amount of data, DCNNs are able to achieve high segmentation accuracy despite340

all previously mentioned challenges. The exact performance level depends on many341

technical details, including the DCNN architecture, variety, and amount of training342

data. DCNNs as a deep learning approach can be replaced by other methods, such343

as the previously mentioned Vision Transformers. When choosing a DCNN architec-344

ture, we considered the accuracy level for well-known benchmarks (ImageNet) and the345

ability to train with limited data.346

4.4 Performance analysis347

Due to the large number of trainable parameters and low interpretability of DCNNs,348

it is difficult to predict how accurate the output would be given the image features.349

Eq. 12 gives an example of one feature ∆R that could be used to distinguish FO from350

the main object. Thus, we assume that the accuracy should be higher for large values351

of ∆R and lower for small ∆R. As a result, there should be a value of ∆R for which352
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the algorithm is expected to work with high accuracy. We use the POD analysis to353

characterize the performance of DCNNs and find out when they reach high accuracy.354

A segmentation DCNN outputs a segmented image where every pixel is marked as355

corresponding to either the main object, foreign object or the background. We convert356

the segmentation into a binary result - detection. If the image contains no FO, the357

segmentation should not have any pixels marked as the FO to be considered correct. If358

there is an FO, the correct segmentation should have FO pixels that do not completely359

miss the correct FO location (Recall > 10%).360

We assume that the Probability of Detection P depends on ∆R according to the361

equation362

g(P ) = c0 + c1∆R, (13)

where g(P ) = log(− log(1 − P )) is an S-shaped link function. Parameters c0 and c1363

are determined using the Maximum Likelihood Estimation based on a sequence of ∆R364

and the corresponding detection outcomes (success with probability P and a failure365

with probability 1 − P ). The value of P describes the performance of the system. If366

the system design ensures that the value of ∆R is high enough for FOs of interest,367

then the value of P will be large enough for consistent detection. Thus, the value of368

∆R can be seen as image quality in the context of detection.369

We use the value of ∆R corresponding to P = 90% as the performance metric.370

∆R characterizes all components of the inspection system: both physical properties371

of the studied object and experimental settings. The main disadvantage of using ∆R372

as a performance metric lies in the fact that a large variety of foreign objects could373

have the same contrast value. As shown in Eq. 12, the contrast depends on the FO374

thickness (Lf in α), its location in the main object (Lm in α). Furthermore, there is375

an implicit effect of the FO shape since ∆R is distributed over the image region. This376

problem is not unique to our approach of performance evaluation and stems from the377

X-ray image formation.378

POD curves provide a way to evaluate the accuracy of the image generator. Two379

real images of the same object are never the same due to noise fluctuations. Thus, a380

direct comparison between real and generated images would require to check whether381

the noise distribution is correct. However, we only need generated images to esti-382

mate the performance of DCNNs. Thus, if the POD curve based on real data is383

indistinguishable from one derived from generated data, the generator is sufficiently384

accurate.385

4.5 Description of the experimental setup386

All experiments were performed at the FleX-ray laboratory [35] of Centrum Wiskunde387

en Informatica in Amsterdam, the Netherlands (Fig. 3). Unlike line detectors com-388

monly used in industrial applications, FleX-ray contained a planar detector. The389

area of the detector was 143mm × 114mm, the projection size was 956 px × 760 px390

with a resolution of 150µm. We performed the detector calibration[36] to determine391

parameters from Eq. 5 characterizing the setup.392

The image generation approach was tested on the problem of detecting bone frag-393

ments in chicken fillets. In this task, full chicken fillets were imaged with X-ray, and394

some of them contained pieces of rib bone of different lengths. The goal was to detect as395
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X-ray Source

X-ray Detector

Object Mount

Fig. 3 Photo of the experimental setup depicting the X-ray tube, object mounting system, and the
detector. Chicken fillets are placed parallel to the detector to imitate projections in the industrial
environment. For better visualization, the mount is placed closer to the tube than during the exper-
iments

small bones as possible to satisfy health safety guidelines. Furthermore, the inspection396

could not use a long exposure since it would limit the conveyor belt throughput.397

The X-ray inspection in the industrial environment would commonly use a detector398

below the conveyor belt and a tube above it, so a chicken fillet is parallel to the detector399

surface. We used a laboratory setup to acquire the data, and to achieve similar images400

we have attached fillets vertically to a plastic board (as shown on Fig. 3). Pieces of rib401

bones were cut from a chicken carcass. Bone fragments were placed on top and inside402

the fillet manually and randomly.403

We have acquired 2 datasets with a total of 338 X-ray projections of chicken fillets.404

The experimental geometry and tube properties were the same as during calibration.405

The goal of the first dataset was to capture a variety of different products and FOs to406

train a DCNN. Furthermore, the first dataset was used to measure the fraction of false407

positives (products without FO where an FO was incorrectly detected). The second408

dataset presented a narrower task where two small bone fragments were placed in409

different locations of two fillets. The purpose of this dataset was to find the threshold410

value of ∆R that guarantees reliable detection.411

The data acquisition was performed in two stages. First, we made a dataset con-412

sisting of 163 projections containing a bone fragment and 91 projections of boneless413

fillets. There were 14 different chicken fillets and 44 bone fragments of different sizes.414

All projections were recorded with an exposure time of 1 s. The size of the bone frag-415

ments ranged from 1.5mm to 11mm. The second dataset was made with two chicken416

fillets and two small bone fragments (2mm and 3mm) that were placed in different417

regions of the same fillet. This dataset contained 84 projections (two boneless and 82418

with a bone fragment) acquired with 4 different values of exposure time: 1 s, 100ms,419

50ms, and 20ms.420
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It is important to note that our equipment is not specialized for high-throughput421

imaging. Our goal was to use a general-purpose scanner and produce data with a reso-422

lution and noise level comparable to the data from the conveyor line. In the industrial423

environment, line detectors with lower resolution (0.3-0.5mm) and lower exposure424

time (0.1-10ms) are used on conveyor belts running at tens of m/min. While our data425

are recorded with an exposure time higher than 20ms, the X-ray intensity in a 150µm426

pixel would be similar to the measurements with lower exposure time and larger pixel427

area (as illustrated by Eq. 7)428

5 Results429

5.1 System calibration430

The calibration was performed with tube voltages of 40 kV and 90 kV with an addi-431

tional filter of 50 µm copper. The Source-to-Object distance was 990mm and the432

Source-to-Detector was 1059mm leading to a small magnification of 1.07 and close to433

the maximum field of view. We acquired a series of 5000 flatfield images with the same434

experimental settings. The series was converted into a distribution of the mean inten-435

sity value y and its standard deviation σy over the detector plane. We repeated the436

flatfield measurement for different values of the tube current leading to a sequence of437

{y;σy} for every pixel of the detector. Using Eq. 5 and linear regression, we extracted438

the values of the noise parameters:439 {
y = I + de

σ2
y = gI + σ2

e

⇒ σ2
y = g(y − de) + σ2

e . (14)

The distributions of the extracted parameters are shown on Fig. 4. These values are440

unique to our experimental setup, but the procedure can be applied to any detector.441

Furthermore, we computed an approximate value of the blur radius σ = 0.8 px (Eq.442

6). To obtain the estimate, we shifted a rectangular window around the image and443

computed the covariance matrix between the central pixel and the neighboring pixels.444

Wemade a fit of the covariance as a function of distance between pixels with a Gaussian445

function and used its RMS width as an approximation for σ.446

(a) Gain λ
1.2

1.4

1.6

1.8

2.0

2.2

2.4

2.6

(b) Gaussian Variance σ2
e

50

100
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200

250

300

(c) Mean Darkfield de

1150

1200

1250

1300

1350

Fig. 4 Distributions of the extracted noise parameters over the detector plane: (a) gain g, (b)
variance of darkfield σ2

e , and (c) the mean values of darkfield de
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Following Eq. 7, we used the flatfield measurement to determine the connection447

between the incident beam intensity I0 and the exposure time t in a form448

I0 = kt. (15)

It was computed that k = 0.58 1/ms for 40 kV and 40W, and k = 3.86 1/ms for 90 kV449

and 45W.450

After calibration, a noisy image corresponding to a certain exposure time t could451

be produced using a reference high-quality image. We considered an image to be high-452

quality if the intensity values are large enough so that σy ≪ y, and the exposure time453

of 1 s was considered to be sufficient. To generate a noisy image for the exposure time454

t, we estimated the beam intensity I0 using Eq. 15. Then according to Beer’s law455

(Eq. 2) and the reference image we computed the mean estimated values of intensity456

I. Finally, the noise was added using a random number generator according to the457

distribution from Eq. 5. An example of the high-quality reference image (t = 1 s) and458

noisy real and generated images for different values of exposure time (100ms, 50ms,459

20ms) is shown on Fig. 5. According to our observations, including the blurring step460

from Eq. 6 improved visual similarity between the real and the generated images.461

Re
al

Ge
ne

ra
te

d

t = 1s (High-Quality) t = 100ms t = 50ms t = 20ms

Fig. 5 Comparison of the generated and real images corresponding to different values of exposure
time: 1 s, 100ms, 50ms, 20ms. The inspected object is a chicken fillet containing a bone fragment

5.2 Foreign object detection462

To solve the FOD problem with DCNNss, we have used Segmentation Models463

package[37]. DeepLabV3Plus with EfficientNet-B0 encoder and encoder depth of 5464

(4.5 M trainable parameters) was chosen as the DCNN architecture. The network was465

trained on the first dataset with a split between training and validation data. The466

stopping criterion was achieving the minimum Dice’s loss on the validation subset. To467

account for the random nature of the training process, the network was trained 100468

times with the same data and different random seeds.469
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Exposure time, [ms]
Contrast value for POD=90%

Generated test data Real test data
1000 - 0.03 ± 0.03
100 0.10 ± 0.02 0.09 ± 0.02
50 0.13 ± 0.02 0.14 ± 0.17
20 0.18 ± 0.02 0.21 ± 0.04

Table 1 Comparison of performance metrics for different
values of exposure time with tests on real and generated data.
Values of contrast corresponding to the high accuracy are
similar between real and generated test data with respect to
the uncertainty

When tested on the projections containing bone fragments, the network was seg-470

menting foreign objects with a mean recall value of 75%. An example of accurate471

segmentation is shown on Fig. 6. To assess the performance on boneless cases, we have472

converted the segmentation results into the detection results. Under this definition,473

the network scored 96% accuracy. Thus, with long exposure time, the selected DCNN474

architecture was able to solve the FOD problem despite the complicated morphological475

structure of projections and the limited amount of training data.476

Input, 40kV image Input, 90kV image Ground-Truth Prediction

Fig. 6 Example of an accurate segmentation. The DCNN takes an image with two channels (40kV
and 90kV) as input. The segmentation mask is compared to the ground-truth to evaluate accuracy

The generation approach and the setup parameters extracted from calibration were477

used to train DCNNs for FO segmentation with an exposure time of 100ms, 50ms,478

and 20ms. We tested these networks on the second dataset containing small bone479

fragments in different locations. The POD curves as a function of FO contrast defined480

by 12 are shown on Fig. 7. We have observed that the value of contrast at which the481

probability of detection reaches 90% is similar for tests on real and generated data482

taking into account the variance from deep learning training. These values are shown483

in Table 1. Thus, the generation algorithms produced sufficiently accurate images, so484

the training on generated data was possible and the test results were similar for real485

and generated data.486

Fig. 8a compares POD curves corresponding to different values of exposure time.487

Every curve corresponds to tests on generated data (except for 1 s where real data488

would be indistinguishable from generated), and the fit parameters are averaged over489

100 iterations of DCNN training. The figure shows the expected effect of exposure490

time on detection: for the same value of contrast the performance gets worse with491

less exposure. Following the Methods section, this can be explained by a higher noise492
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Fig. 7 POD curves representing the performance of the DCNNs trained on generated data for 4
different values of exposure time: (a) 1 s, (b) 100ms, (c) 50ms, (d) 20ms. Each line corresponds to
an instance of DCNNs, 100 instances were trained for every exposure time. Red lines correspond to
performance on generated data, green lines - on real data. The value of image contrast corresponding
to the detection probability P = 90% is similar for real and generated data, the difference lies withing
the confidence interval

level. Using the image generator, Fig. 8a could be extended to other values of exposure493

time and used to find the optimal system design. Safety guidelines lead to a thresh-494

old for contrast that characterizes FOs that have to be detected consistently. POD495

curves show which exposure times lead to a sufficiently high detection probability for496

that contrast, and the smallest time could be chosen to balance high throughput and497

product safety. Assuming that the probability of detection P = 90% is enough for reli-498

able detection, we show on Fig. 8b how the necessary value of contrast changes with499

the exposure time. For Fig. 8b we have estimated the performance level for 200ms500

and 75ms, where no experimental data are available. We have also experimented with501

smaller values of exposure time between 20ms and 50ms, but a high variance of the502

performance estimate was observed. This might indicate that the accuracy of the gen-503

eration method is not sufficient around 20ms. Due to the high variance of performance,504

it is not clear whether the linear dependence observed for a subset of points on Fig. 8b505

is a coincidence or a representation of DCNN properties. Given the low interpretabil-506

ity of deep learning methods, we do not attempt a theoretical explanation for this507

relation.508
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Fig. 8 (a) Comparison of POD curves corresponding to different values of exposure time. Each curve
uses the average values of the fit parameters for curves shown on Fig. 7. Lower exposure time moves
the POD curve to the right, indicating a worse detection rate at the same values of contrast. (b)
Image contrast is necessary for a good detection rate (P = 90%) as a function of the exposure time
(the plot uses the logarithmic scale for the exposure time)

6 Discussion509

Using image generation to predict inspection performance relies on the assumption510

that generated images could be similar enough to real ones. While we have checked this511

using POD curves, the problem of similarity between real and generated data could512

be addressed directly. Under low noise levels, even a difference between two images513

could be used to conclude if they are similar. However, high-throughput X-ray inspec-514

tion is likely to work with noisy data. Thus, even two real images of the same object515

under the same conditions are never the same. To estimate similarity, it is necessary to516

check whether the noise pattern in two images corresponds to the same distribution.517

However, perfect correspondence is only expected for highly accurate Monte-Carlo518

algorithms which are not practical when the goal is to accelerate performance evalua-519

tion. Furthermore, it is unknown what level of similarity is necessary to get the same520

image analysis response. Thus, even if the accuracy of the generation model was quan-521

titatively estimated, it would not be sufficient to conclude that it leads to the correct522

performance estimate.523

The proposed image formation model has the advantage of being computationally524

efficient at the cost of not accounting for many experimental effects. Eq. 2 and 5525

assume monochromatic X-ray radiation, and real data should be seen as a weighted526

sum of contributions of X-ray photons of different energy. The noise properties and527

the X-ray detection depend on the photon energy and change when the attenuation in528

the inspected object affects the spectrum (beam-hardening). Fig. 4 should be seen as529

a map of average values, which are only accurate for the flatfield X-ray spectrum. In530

the object projection, the noise parameters should be corrected based on the thickness531

of the object corresponding to each pixel. However, extracting these corrections from532
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the data is a challenging task, especially without the ability to measure the X-ray533

spectrum. This difference in noise parameters and the consequent inaccuracy of the534

generated noise may be one of the reasons why the proposed method loses accuracy535

for higher noise levels (20ms as seen on Fig. 8). Furthermore, the noise is generated as536

uncorrelated and the correlation is added only with a Gaussian blur. In the generator,537

accurate simulation of the correlation would require modeling the scintillator and538

the electronics of the detector. Many issues of our model can be solved by Monte-539

Carlo simulation with an accurate model of the X-ray interactions (e.g. including540

scattering), X-ray detection, and signal formation. In practice, however, a balance541

between accuracy and computational cost is necessary to make data generation useful.542

We have chosen a data-driven definition of image similarity - matching the POD543

curves. While this approach does not characterize the accuracy of the generator in544

all possible problems under different system settings, there is a direct confirmation545

that the generated data lead to the same performance estimate as the real data in546

a particular problem of interest. We assume that interpolation in terms of system547

settings is possible. If the generator is accurate for a number of values of different548

settings, it could be used for the values in-between. Thus, with a small number of549

real datasets under different settings, a wider range could be explored with the image550

generator.551

The results show that a complete match between the POD curves for the real and552

generated data is unlikely. While the inaccuracy of the generator contributes to the553

difference between the POD curves, there is an inherent uncertainty in the proposed554

performance evaluation method. We indicate two main sources: the uncertainty of the555

DCNN performance and the uncertainty of the POD curves as a method of perfor-556

mance evaluation. To account for the random nature of DCNN training, we repeated557

the process 100 times and used the variance of the POD coefficients as a measure of558

the variance between the trained networks. Additional DCNN training was stopped559

when the standard deviation of the coefficients converged. Furthermore, the DCNN560

uncertainty is implicitly affected by biases in training and test data. If an image in561

the test dataset contains features not present during training (e.g. different shapes of562

bone or fillet), the network is more likely to fail. To ensure a good coverage of features,563

we used a large variety of bones and chicken fillets to make experimental datasets.564

Furthermore, the results on high-quality data showed that the network was able to565

perform the FOD with high accuracy, which would not be possible with significant566

biases in feature coverage.567

The goal of the POD curve in our methodology is to provide a criterion (dual-568

energy quotient contrast ∆R) that guarantees high detection accuracy. As POD curves569

are computed using a log-likelihood fit, the resulting criterion could only be computed570

accurately with a proper test dataset. It should fully capture the transition from POD571

= 0% to POD = 100% and have enough undetectable and always detectable cases. We572

observed that even a single outlier could significantly increase the uncertainty estimate573

for a POD curve. In the experimental data, it was crucial to have a wide range of ∆R574

in the test dataset, so even for t = 20ms it was possible to achieve a high detection575

rate.576
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The main downside of the proposed methodology is that the high performance577

criterion is linked to the image property ∆R. Industrial requirements would prefer578

to connect the performance to the physical properties of the foreign object, such as579

size, shape, and location in the main object. Since the POD curve is only a method580

of statistical analysis, it can be performed with respect to any feature. However, there581

is no guarantee that consistently high performance could be achieved with a simple582

constraint on a test sample. The image formation subsection shows how foreign object583

visibility depends on many parameters. The inspection system does not control the584

orientation of the FO with respect to the detector and the morphology of the main585

object around the FO. These issues are not unique to our methodology. The inability to586

control the view of the object affects all single projection inspection systems regardless587

of the image analysis and performance evaluation method. The second experimental588

dataset further highlights that foreign objects of the same size could be consistently589

detected or missed based on their location in the main object.590

In the current implementation, our data generation method can be used to accel-591

erate experimental design but there are still many challenges to overcome. We use the592

dataset of high-quality projections to simplify the image generation, and the results593

depend significantly on the size and variety of this dataset. To further reduce the num-594

ber of experimental acquisitions, the generation method should be able to create new595

objects based on the known real data [14, 15]. While our generation model has been596

shown as sufficiently accurate for a particular bone detection task, it is not guaranteed597

in advance. Therefore, it is necessary to verify the generation accuracy before using598

the method for predictions. It is possible to apply this method to other problems, not599

only 2D inspection, but the required generation accuracy may depend significantly600

on the inspection technique. This problem be solved by making the image formation601

model more robust and accurate. The image formation model can also be improved602

by allowing the object volumes to be non-static during the measurement. This would603

allow the simulation of motion blur and the effect of conveyor belt vibration.604

7 Conclusion605

We have presented a computationally efficient model of X-ray image generation and606

used it to predict inspection accuracy for different X-ray system settings. Our method607

is a faster approach to system design than the traditional extensive experimental608

testing. The proposed methodology is aimed at industrial tasks and does not require609

specialized equipment to characterize the object and the inspection system. Due to610

several assumptions, our approach decreases in accuracy at higher noise levels and611

relies on a large amount of real high-quality X-ray data. In the future, this method612

can be improved with a more robust image formation model, the generation of new613

objects, and extended to other X-ray inspection techniques.614
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