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A B S T R A C T   

Purpose: Dual-source (DS) CT, dual-energy (DE) field of view (FoV) is limited to the size of the smaller detector 
array. The purpose was to establish a deep learning-based approach to DE extrapolation by estimating missing 
image data using data from both tubes to evaluate renal lesions. 
Method: A DE extrapolation deep-learning (DEEDL) algorithm had been trained on DECT data of 50 patients using 
a DSCT with DE-FoV = 33 cm (Somatom Flash). Data from 128 patients with known renal lesions falling within 
DE-FoV was retrospectively collected (100/140 kVp; reference dataset 1). A smaller DE-FoV = 20 cm was 
simulated excluding the renal lesion of interest (dataset 2) and the DEEDL was applied to this dataset. Output 
from the DEEDL algorithm was evaluated using ReconCT v14.1 and Syngo.via. Mean attenuation values in le-
sions on mixed images (HU) were compared calculating the root-mean-squared-error (RMSE) between the 
datasets using MATLAB R2019a. 
Results: The DEEDL algorithm performed well reproducing the image data of the kidney lesions (Bosniak 1 and 2: 
125, Bosniak 2F: 6, Bosniak 3: 1 and Bosniak 4/(partially) solid: 32) with RSME values of 10.59 HU, 15.7 HU for 
attenuation, virtual non-contrast, respectively. The measurements performed in dataset 1 and 2 showed strong 
correlation with linear regression (r2: attenuation = 0.89, VNC = 0.63, iodine = 0.75), lesions were classified as 
enhancing with an accuracy of 0.91. 
Conclusion: This DEEDL algorithm can be used to reconstruct a full dual-energy FoV from restricted data, 
enabling reliable HU value measurements in areas not covered by the smaller FoV and evaluation of renal lesions.   

1. Introduction 

Dual-energy (DE) spectral CT has been in widespread clinical use 
since the early 2000s and its role in abdominal imaging is well- 
established, especially in the evaluation of renal lesions [1–5]. 

Several methods exist to achieve DE images: rapid kVp switching, 
split-filter technology, dual-layered detector based imaging and dual- 
source (DS) imaging. In DSCT two x-ray tubes placed in the gantry 
~90 degrees apart run at different kVp levels during imaging. This 
provides the best spectral separation, lowest noise levels in larger 

patients, neutral dose levels and high temporal resolution [6,7]. The 
tube operating the lower kVp covers the full FoV (usually 50 cm; tube A); 
the tube with the higher kVp covers a smaller FoV (33− 35 cm; tube B). 
DE data can be used to create virtual non-contrast images (VNC), iodine 
maps and material decomposition analysis. 

The smaller FoV of the second x-ray tube presents a problem in the 
evaluation of lesions that fall outside or are close to its border [8]. A 
method to expand the high kVp FoV to the full size of 50 cm would be 
ideal for clinical application of DS, DECT in larger patients or patients 
who cannot be optimally positioned in the scanner. 

Abbreviations: AI, artificial intelligence; DE, dual-energy; DL, deep-learning; DEEDL, dual-energy extrapolation deep-learning; DS, dual-source; FoV, field of view; 
MDCT, multi-detector computed tomography; VNC, “Virtual Non-Contrast” images. 
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Deep-learning (DL) techniques have demonstrated great promise in 
several DECT data processing tasks. These include noise removal from 
low-dose CT data to reproduce full-dose data [9,10], the synergistic 
application to CT data sampled over multiple energy spectra [11,12], 
and removal of common imaging artifacts [13,14]. They include the 
incorporation of spatial contextual information in the problems of ma-
terial decomposition [15–17], synthesis of non-contrast images [18] and 
monochromatic images [19]. It has been demonstrated that the poly-
chromatic nature of CT data acquisitions [20] and the feature-contrast 
relationships inherent in DECT data [12] allow significant relaxation 
of data sampling requirements [21]. In this work we apply a previously 
trained DE extrapolation deep-learning (DEEDL) algorithm [22] to 
extend the FoV covered by DS, DECT data. 

Our hypothesis is that a DL-algorithm can extrapolate DE data 
covering the full FoV using the data provided by the x-ray tube with the 
full and the tube with the smaller FoV with an accuracy that makes it 
viable as a standard reconstruction technique to be integrated into 
clinical workflows; analyzing the attenuation values of renal lesions that 
fall within the small FoV provides this study with a ground truth mea-
surement to compare extrapolated data to original imaging data. This 
can then be applied to lesions more commonly falling outside the DE 
FoV, such as liver lesions in the future. 

The purpose is to establish a deep learning-based approach to DE 
extrapolation by estimating missing image data using the information 
available from both tubes. 

2. Materials and methods 

This study was approved by the institutional review board and is 
HIPAA compliant. Informed consent was waived as the study was 

retrospective. 

2.1. CT acquisition and reconstruction 

CT data was aggregated across 5 Siemens Flash scanners: tube A, 
50 cm FoV, 100 kV; tube B, 33 cm FoV, 140 kV + Sn; helical pitch: 0.8. 
For uniformity across training, testing, and validation data, raw pro-
jection data from each scan was reconstructed using ReconCT (v14.1, 
Siemens Healthineers; research software for clinical CT reconstruction): 
768 × 768 pixels per slice, 50 cm FoV, 0.75 mm slice thickness (aver-
aged to 3 mm for training), D30f kernel, “Dual-Energy - WFBP” recon-
struction mode with dual-source data completion. Notably, deviation 
from the standard image matrix size (512 × 512) allowed consistent 
reconstruction for the 50 cm FoV of tube A and approximately isotropic 
image voxels (prior to slice averaging). 

2.2. Training data 

Following prior work [12], raw data from 50 dual-source, dual--
energy portal-venous abdominal MDCT scans, performed for acute 
abdominal pain (Definition Flash, Siemens Healthineers, Forchheim, 
Germany) was used to train a machine learning model to extend the FoV 
covered by small FoV, tube B data. None of these included renal lesions. 

2.3. Test data 

Regular A and B DE data was used. To match the training data, input 
slices were averaged to 3 mm slice thickness and bilinearly interpolated 
to 0.651 mm in-plane voxel size. All other reconstruction parameters 
were identical between the algorithm training data and the renal lesion 

Fig. 1. Structure of the DEEDL algorithm. (A) Data from Tube A is input into the piecewise-linear transfer function (PLTF), which maps data from Tube A to data 
from Tube B and estimates the combined AB dataset. (B) The estimated AB dataset and the artificially reduced Tube B dataset (*see inset) are merged and input into 
the CNN. (C) The full Tube A dataset is input as a second channel into the CNN. (D) To control intensity bias and to zero center the network inputs, the network inputs 
are low-pass filtered and the mean of the two input channels is subtracted from the network inputs, X0, and then is added back to the network outputs. (E) The CNN is 
a U-net which uses bilinear up- and down-sampling, skip connections with feature map concatenation, and a symmetric arrangement of padded convolution op-
erations. (F) The network outputs two images ensuring the preservation of tube A contrast and the recovery tube B contrast, respectively, under a root-mean-squared 
error penalty function. The insert in the top right corner (*) demonstrates the principle of the FoV data and the seed data used for the DEEDL algorithm. The whole 
patient falls within the full FoV of Tube A (50 cm, long green dashes) and the kidney lesion (†) falls within the smaller FoV of Tube B (33 cm, solid blue line). The 
DEEDL algorithm has access to the full Tube A FoV and a smaller Tube B seed area of 20 cm (small red dashes), which excludes the kidney lesion and uses this data to 
extrapolate the full 33 cm Tube B FoV. 
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data. All renal lesions were located inside of the 33 cm FoV of tube B and 
had complementary non-contrast scan data (120 kVp), yielding refer-
ence Hounsfield Unit (HU) values for pre- and post-contrast attenuation 
(dataset 1). No additional training of the DEEDL algorithm was per-
formed prior to analysis. 

2.4. DEEDL algorithm training 

The DL-algorithm consists of a piecewise-linear transfer function 
(PLTF) and a convolutional neural network (CNN) trained using 40 
scans (plus 5 scans for validation, 5 for testing). Data sets were recon-
structed with 0.75 mm slices and averaged to produce non-overlapping, 
3 mm thick slices (~5000 axial slices per tube). The PLTF learned to map 
tube A DE contrast from the full FoV x-ray tube (tube A) to small FoV x- 
ray tube B DE contrast. The CNN with its U-net structure [23] then 
learned to improve the accuracy of tube B contrast estimates by copying 
tube A structural information, encoding prior tube A/tube B contrast 
relationships and generalizing feature-contrast associations (Fig. 1). 
Training was supervised, using data from within the 33 cm tube B FoV to 
optimize and assess network performance. 

The initial training data set included 21 females and 29 males none of 
which had renal lesions. ISOVUE-370 iodine-based contrast agent 
(Bracco, Milan, Italy) was injected in 6 patients, while ISOVUE-300 was 
used for all other patients (mean dose: 151.1 mL ± 23.5). 

Extrapolation performance on the testing data was used to confirm 
our model’s robustness and ability to generalize to unseen data from 
different patients, yielding maximum tube B extrapolation errors of 26 
HU following the PLTF and 7.5 HU following the CNN (averaged per 
target organ: left kidney, right kidney, liver, spleen). Using a NVIDIA 
Quadro RTX 8000 GPU on an Ubuntu 18.04 Linux workstation (64 GB of 
RAM, Intel i7 5960X CPU) and the Tensorflow software package 
(v.2.0.0; tensorflow.org), the model can be evaluated on 100 slices in 
less than 10 s. 

2.5. DEEDL for extrapolation of renal lesions 

128 patients with dual-source, dual-energy imaging performed to 
characterize renal lesions (unenhanced scan, followed by contrast 
enhanced scans in the arterial and portal venous phase) were retro-
spectively identified from our clinical database from April 2015 to 
September 2019. Inclusion and exclusion criteria are presented in Fig. 2. 

As in prior work [22] tube B reconstruction was artificially limited to 
a 20 cm mask, providing a halo between this mask and the actual tube B 
FoV over which algorithm performance can be measured (Fig. 1 - inset). 
The 20 cm mask was shifted within the 33 cm FoV to avoid intersection 
with the renal lesions. DE extrapolation produced an estimate of contrast 
over the entire dual-energy FoV using the existing data from the larger 
and smaller FoV in conjunction (dataset 2). 

2.6. Quantitative image analysis 

Renal lesion attenuation values for VNC and contrast-enhanced 
mixed DE images (50 % tube A, 50 % tube B) were recorded in HU on 
dataset 1 and 2. Mean extrapolation performance was measured within 
circular or ovoid 2D ROIs manually drawn by one radiology fellow 
(blinded for the review process, 7 years of experience) on each kidney 
lesion, excluding the lesion edges to avoid volume averaging. In 
enhancing lesions, the ROI was drawn to only include the most avidly 
enhancing component of the lesion. These ROIs were reproduced in the 
exact same location for dataset 1 and 2 in the CT reconstruction soft-
ware. Lesion enhancement was measured by calculating the difference 
in attenuation (in HU) between the contrast enhanced and VNC images 
produced for each dataset. A change in attenuation greater than 20 HU 
was considered renal lesion enhancement as anything below that dif-
ference is considered questionable enhancement. Performance of the 
DEEDL algorithm was evaluated based on the difference in HU values 
between dataset 1 and dataset 2; a difference equal or greater than 20 
HU between the two datasets was considered an algorithm failure. 

The Bosniak classification [24,25] was used to assign lesion cate-
gories based on the radiology report and clinical records (pathology 
reports, follow-up imaging). In case of lesions not classified in the report, 
the unenhanced and enhanced clinical datasets were evaluated by the 
above-mentioned radiology fellow to classify each lesion ahead of the 
main analyses to avoid bias. On this basis, renal lesions were divided 
into two management categories as follows: Bosniak categories I and II 
were considered lesions requiring no additional management (low risk 
of malignancy; category A); Bosniak categories IIF, III and IV were 
considered lesions requiring additional management (increased risk of 
malignancy; category B). Dataset 1 and 2 were compared to the clinical 
Bosniak classification; accuracy of classification based on contrast 
enhancement only was evaluated as well as frequency of misclassifica-
tion between category A and B. 

Fig. 2. Flowchart of inclusion and exclusion criteria of the final patient cohort and the renal lesion characterization distribution. No age group was excluded, though 
the CT protocol selection is generally applied to adults at our institution. Pregnant patients were not considered for inclusion. GU = genito-urinary, DECT = dual- 
energy CT. 
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2.7. Statistical analysis 

Summary statistics were collected for the patient population. For 
comparison of dataset 1 and 2 mean HU and iodine concentration 
measurements, root-mean-squared-errors (RMSE) were calculated, 
linear regression analysis was performed and Bland-Altman plots were 
created [26]; The r2 values can range from 0=the model explains none of 
the variability of the response data around its mean to 1.0=the model 
explains all the variability of the response data around its mean; an ef-
fect size of 0.5 or over is considered strong [27]. For comparison of 
dataset 1 and 2 Bosniak classification, a 2 × 2 confusion matrix was 
constructed. P-values for Bland-Altman plots were derived using 
two-sided t tests. P < 0.05 was considered to indicate statistical signifi-
cance. Data processing and analysis was performed using MATLAB 
R2019a (The MathWorks Inc., Natick, MA) and Excel 2016 (Microsoft, 
Redmond, WA). 

3. Results 

3.1. DEEDL for extrapolation of renal lesions 

3.1.1. Study cohort 
The renal lesion dataset included 42 females (mean age: 66.8 ± 12 

years) and 86 males (mean age: 66.8 ± 11.6 years). Detailed patient 
demographics data are presented in Table 1. The majority of patients 
had only one kidney lesion (76 %) and most lesions fell into category A 
(Bosniak I and II; 76.2 %). Detailed information about the lesion 
numbers and clinically reported Bosniak lesion classes are summarized 
in Tables 2 and 3. Mean lesion size was 18.5 ± 7.5 mm (range 

10 mm–40 mm). Mean lesion ROI size was 1.51 ± 2.85 cm2 (range: 0.14- 
29.56 cm2). The mean distance from the edge of the 20 cm mask to the 
center of each renal lesion was 1.57 cm (± 1.25), well within the average 
5 cm margin the model is trained to extrapolate. 

3.1.2. Quantitative image analysis 
Mean HU values within the ROI for tube A dataset 1 were 42.3 ± 20 

(range: -8.2–96.1) and for tube B dataset 1 37.3 ± 16.6 (range: 
-7.2–80.4). Mean HU values for tube A dataset 2 were 42.2 ± 20 (range: 
-8.3–96.1) and 33.4 ± 7.2 (range: 14.7–49.6). On an x-ray tube level, the 
means between dataset 1 and dataset 2 were not statistically signifi-
cantly different for tube A (P = 0.9639) but there was a statistically 
significant difference for tube B (P < 0.01). When comparing the HU 
values for mixed images in dataset 1 (3.3 ± 21.7, range: -41.7–90.3) and 
2 (8.1 ± 18.0, range: -19.5–89.9), the mean absolute error was below 20 
HU at 9.23 ± 7.8 HU (Supplemental Fig. 1). 

3.1.3. Linear regression analysis 
RSME values were 15.7 HU for VNC images, 10.59 HU for enhanced 

images from tube B and 12.58 HU for iodine maps. Fig. 3 demonstrates a 
typical dataset. The linear regression analysis for dataset 1 and 2 showed 
strong correlations with r2 of 0.68 for VNC, 0.89 for enhanced and 0.75 
for iodine maps (Fig. 4) in tube B. When comparing lesion enhancement 
(Mixed-VNC) separately for category A (Bosniak I and II) and category B 
(Bosniak IIF, III and IV) lesions, the correlation was much stronger for 
category B (r2 = 0.85) than for category A (r2 = 0.39; Fig. 4a and c). The 
uncertainty between the two methods was similar to the 20 HU 
enhancement criterion (after accounting for bias) with the category A 
lesions. DE extrapolation provided an unbiased estimator of category B 
lesion enhancement (pval = 0.73) compared with fully sampled DE data 
(Fig. 4b and d). 

3.1.4. Confusion matrices 
When comparing lesion classification between the ground truth 

clinical classification and dataset 1 (HU difference between VNC and 
mixed images of original dataset), categories were assigned with an 
accuracy of 0.68, while in dataset 2 (HU difference between VNC and 
mixed images of data extrapolated by the DEEDL algorithm), categories 
were assigned with an accuracy of 0.66. The direct comparison of 
dataset 1 and 2 showed that the DEEDL algorithm performed with an 
accuracy of 0.91 in classifying extrapolated lesions as enhancing (≥ 20 
HU) vs. non-enhancing (< 20 HU; Table 4). The majority of lesions 
showed no borderline enhancement of more than 20 HU between VNC 
and mixed DE enhanced images with 83.5 % of lesions classified as non- 
enhancing in dataset 1 and 78.7 % in dataset 2 (Table 4). A total of 11 
lesions classified as non-enhancing in dataset 1 were classified as 
enhancing in dataset 2. Conversely, three lesions classified as enhancing 
in dataset 1 were classified as non-enhancing in dataset 2 (Table 4). 

3.1.5. Examples 
Overall the DEEDL algorithm performed with very high accuracy in 

the reconstruction of HU values of the full DE FoV from tube A and 
artificially reduced tube B data when compared with the original dataset 
in both category A and category B lesions (Fig. 5). It performed well in 
the experimental extrapolation outside the smaller DE FoV for two trial 
datasets after denoising (Fig. 6) but showed higher variance in CT 
numbers in fat-containing lesions (Fig. 7). Even within this relatively 
small dataset there were examples of kidneys being on the edge of the 
smaller FoV and occasionally kidney lesions do fall outside the small FoV 
(Fig. 6a, b, d and e). Pathologies that are more likely to fall outside the 
DE FoV, such as liver lesions (case example given in Fig. 6c and f), bowel 
bleeds or peripheral pulmonary embolisms. 

4. Discussion 

The DEEDL algorithm’s results were of high accuracy and on par 

Table 1 
Population characteristics, cumulative and for male and female subgroups.   

Training dataset Test dataset 

Cases 50 128 
Female 21 

(42 %) 
42 
(33 %) 

Male 29 
(58 %) 

86 
(67 %) 

Age 
(years; range) 

60.6 ± 14.3 
(17− 85) 

66.8 ± 11.8 
(40− 93) 

Height 
(cm; range) 

170.5 ± 9.6 
(144.8− 188) 

171 ± 10 
(148− 195) 

Weight 
(kg; range) 

79.4 ± 16.4 
(42.9− 112.4) 

85.6 ± 14.8 
(43.4− 115.1) 

BMI 
(kg/m2; range) 

27.3 ± 5.3 
(18.5− 38.8) 

29.3 ± 5.1 
(18.4− 45)  

Table 2 
Overview over number of cases used and number of patients with solitary or 
multiple lesions.   

Total number % 

Number of lesions 164 100 
1 lesion 124 76 
2 lesions 30 18 
3 lesions 6 4 
4 lesions 1 2  

Table 3 
Number of lesions analyzed per Bosniak class.  

Bosniak Class Number of lesions % 

1 69 42.1 
2 56 34.1 
2F 6 3.7 
3 1 0.6 
4 32 19.5  
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with the clinical software used to reconstruct VNC images on a regular 
basis. Its results also correlated with findings of prior studies that have 
shown variance in VNC images compared to true non-contrast images 
depending on the organ examined [28]. It performed well in the 
experimental extrapolation outside the smaller DE FoV for two trial 
datasets after denoising [29], accurately depicting cystic renal lesions 
and recovering contrast in metastatic liver lesions, which are more likely 
to fall outside the smaller FoV. This can be explored in further studies. 
The DEEDL algorithm and the clinical software performed equally 
poorly at generating VNC images of a fat containing lesion compared to 
the ground truth unenhanced CT images which is in accordance with 
previous studies, that have shown greater enhancement estimation er-
rors with higher variance in CT numbers for fat-containing lesions in 
VNC images [30,31]. 

1.8 % of the lesions in category A showed an enhancement of more 
than 20 HU in the DEEDL algorithm generated images, which could lead 
to additional imaging if the algorithm were implemented in clinical 
practice. 6.7 % of the category B lesions showed less than 20 HU 
enhancement in the DEEDL algorithm generated images. This may be 
due to them falling in the Bosniak IIF or III classes, which do not 

necessarily show contrast enhancement. Additionally, clinical decision 
making takes factors other than enhancement, such as septations and 
interval growth, into account. This could lead to future work predicting 
Bosniak classes from radiomic features and multiple scans in a semi- 
automated fashion. 

Even without lesion-specific training, the DEEDL algorithm worked 
well for the complex variations of renal lesions compared with ground 
truth data and should thus be applicable to other lesions more likely to 
fall outside the tube B FoV (e.g. liver and bowel lesions). 

4.1. Limitations 

The size of the dataset used to test the DEEDL algorithm could be 
considered a limitation of this study but given that the initial training 
showed very good results on a dataset of 50 studies, a test set of more 
than double that number seems reasonable. 

The lesions were classified based on enhancement alone when 
evaluating both dataset 1 using the standard software solution for 
reconstruction and dataset 2 using the DEEDL algorithm. In clinical 
routine other factors, such as septations, calcifications and interval 

Fig. 3. 61-year-old male with a Bosniak I lesion. Demonstrates the different scans and datasets used for evaluation of a hypodense renal lesion. a) True unenhanced 
clinical images, used for decision making regarding Bosniak classification in conjunction with b) contrast enhanced image in portal venous phase at the same level. c) 
shows the iodine map created by clinical software using dataset 1 in dual-energy mode and d) shows the corresponding slice using the extrapolated dataset 2 (yellow 
circle shows boundaries of smaller tube B FoV, red circle delineates 20 cm mask of data from high kVp tube given to the deep learning algorithm). 
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growth are taken into account when classifying according to Bosniak, 
which may explain the relatively poor accuracy of 0.68 and 0.66 for both 
datasets when compared to the clinical gold standard. Another factor 
leading to this relatively poor performance when compared with other 
recent studies (with accuracy of up to 0.875) [32] may be that com-
parisons were made between VNC and enhanced images, not between 
true non-contrast images and enhanced images for both dataset 1 and 2. 
Since the DEEDL is designed to expand the dual-energy field of view 
only, not to assess any of the features of the renal lesions, we were only 
able to assess it with regards to the former Bosniak classification system. 

The DEEDL algorithm was trained on data from a single type of CT 

scanner and would have to be re-trained and tested with data from other 
dual-source CT scanners to ensure validity of the algorithm for different 
kVs and tube FoVs. This is an approach that may be addressed in future 
studies. 

Finally, renal lesions are not very likely to fall outside the smaller 
FoV, unless in unusually large or insufficiently positioned patients, but 
our rationale for choosing this type of lesion was to have a ground-truth 
available for all lesions within the smaller FoV of 33 cm. Future studies 
should aim to evaluate pathologies that are more likely to fall outside 
the DE FoV, such as liver lesions, bowel bleeds or peripheral pulmonary 
embolisms. 

5. Conclusion 

The DEEDL algorithm can be used to reconstruct a dual-energy FoV 
from restricted data, enabling reliable HU value measurements in areas 
that are not covered by the smaller FoV. It performed with high accuracy 
compared with standard reconstruction software in the estimation of 
renal lesion enhancement. 
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Fig. 5. 74-year-old female with a Bosniak II lesion. a) dataset 1 and b) dataset 2 demonstrate a typical Bosniak II lesion with high HU values in both dataset 1 and 2 
but no significant enhancement between VNC and enhanced images in either reconstruction. 
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(more than 50 HU) in both datasets, signifying enhancement (yellow circle shows boundaries of smaller tube B FoV, red circle delineates 20 cm mask of data from 
high kVp tube given to the deep learning algorithm). 
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