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Adaptive two-way sweeping method to 3D kidney reconstruction☆ 
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A B S T R A C T   

Objective: This article presents a novel method of automatic kidney contour detection in computed tomography 
angiography images. This technique allows to read as input the entire set of CTA images. It allows to read an 
entire set of kidney CTA images as input and then automatically generates binary images of the detected kidney 
outlines for each scan separately. Its additional feature is a real-time 3D kidney model reconstruction. 
Methods: The main idea is based on an innovative two-way scanning technique. To adapt an algorithm, a CT is 
analyzed on the basis of a previous slice. The final kidney contour recognition uses the following digital image 
processing techniques: mathematical morphology, region growth, colorization. 
Results: to assess the quality of our technique, we consulted the results with a pathology department. The F1- 
score of the researched method is 88 % compared to human specialist’s verification. We also conducted a 
comparative study of computation time, system reliability, and recognition accuracy using three recent alter-
native methods. 
Conclusion: In comparison to machine learning algorithms, the presented method is very precise thanks to the 
application of the adaptive sweeping technique. This solution can be successfully applied in CTA image 
analyzing, visualization, and neoplastic changes detection. 
Significance: computer-aided medical diagnostic is currently one of the greatest challenges for biomedical en-
gineers. The technique can find a real-life application in medical centers and medical-pathology departments.   

1. Introduction 

KIDNEY tumors account for about 3% of adult cancers and cause death 
of 1.23 million people a year [1]. They occurs often in the 50- and 
70-year old’s, although some may affect small children, at the age of up 
to 6 months. The primary factor mentioned by the World Health Orga-
nization (WHO) is cigarette smoking. The others are obesity, hyper-
tension, use of phenacetin medications, and environmental factors [2]. 

Since many cases are detected accidentally, an important step in 
kidney cancer diagnosis is computed tomography (CT) with the use of 
intravenous contrast, covering the abdominal cavity and pelvis area [3, 
4] 

The primary treatment for kidney cancer is nephrectomy. However, 
to lower the risks of this procedure, it is advisable to precisely determine 
the neoplastic changes prior to the operation. Due to a high blood supply 
and risk of hemorrhage, a kidney biopsy is a very troublesome method of 
examination, while partial tumor resection is performed only in justified 

cases [5]. Acquiring accurate imaging of the kidney contour is therefore 
extremely important. Currently, we are able to perform abdominal 
multi-slice CT with up to 300 images and high scanning density. Such 
precision helps to achieve high quality imaging of the organs. However, 
it adds difficulty for a doctor who manually assesses the images. Manual 
evaluation also carries the risk of overlooking neoplastic lesions since it 
is burdened with external factors such as the doctor’s fatigue or the scan 
ambiguity [6]. 

Computer algorithms are not susceptible to such factors. The com-
puter program assessment is always the reliable, highly accurate – with 
detection rate of about 86 % [8,10], and takes only a few seconds. Also, 
precise, and quick tracing of the kidney contour allows its real-time 3D 
reconstruction, providing additional diagnostic information. 

Current kidney recognition algorithms are based on morphological 
transformations [7], clustering algorithms, e.g., K-means [8], and 
Adaptive Region Growing [9]. It is also worth mentioning deep neural 
networks [11,12] used e.g., to recognize neoplastic changes in other 
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organs, such as the breast [13]. These types of solutions are currently 
very popular and highly efficient in recognizing patterns. However, in 
the case of the kidney contour identification they may fail for two rea-
sons. Firstly, the kidney is a big-size organ and that means analyzing 
many scans at different heights. With kidney contours varying signifi-
cantly at different heights, the use of pattern recognition is no longer an 
efficient and reliable tool. Also, the way the contrast media is adminis-
tered influences the scan outcome. Secondly, to achieve high accuracy, 
the neural networks require large sets of learning data, huge computing 
power, and much more time than morphological image segmentation. 
Many works describe techniques of kidney identification on individual 
slices only [7,9] which barely scratches the surface of the problem. 

This article presents an innovative method of recognizing the kidney 
contour in a full set of CT scans. Another advantage of our method is the 
possibility of a very fast 3D real-time reconstruction of the kidney. The 
technique described in this article combines the benefits of time-saving 
operations based on morphological transformations, along with high 
recognition efficiency using machine learning and adaptive techniques. 
The tested two-way sweeping algorithm optimizes parameters by 
repeated measure design. The technique described here combines 
morphological transformations, methods of area growth, and adaptive 
techniques. 

2. Problem statement 

Computed tomography is a precise imaging examination resulting in 
a set of grayscale digital image scans. Images in this study are on average 
512 × 512 pixels resolution, while a typical average resolution of a CT 
image is 0.74 × 0.74 × 2.33 mm/px (ΔX×ΔY×ΔZ). The range of the 
contrast scale is up to 5000, which equals about +20 to +45 HU 
(Hounsfield Unit) [14] for soft tissue and up to +300 HU with contrast 
medium. These values may vary depending on the equipment used, 
contrast medium, the CT phase, etc. It is necessary to scale the image to 
analyze it and visualize the examined organs. The shape of the kidney 
may vary significantly, depending on its height. Position, and proper 
detection of its contour is the key issue in imaging. An example of a 
typical kidney CT after scaling operation has been presented in Fig. 1. 
The shape of the kidney may form the letter "C" (A), or a circle (B), 
appear fuzzy (C), or oblong (D). Usually, we can find the kidney in its 
assumed location, but the contour may overlap other organs, e.g. the 

liver (E), or a tumor (F). To cope with detecting the kidney contour on all 
scans, we implemented an adaptive two-way sweeping algorithm which 
uses the result of the previous scan analysis for the contour detection in 
the next slice. This technique ensures a high level of detection accuracy 
of for various shapes and locations of kidneys. 

3. Methods of kidney detection and segmentation 

3.1. The in-situ image scaling technique 

Today’s CT scanners perform at a resolution of tens of micrometers. 
64-row tomographs are already a standard, but 128 and 256-row 
tomographs are becoming more and more common in the industry. 
Thanks to two X-ray tubes, the time of examination is significantly 
shortened, and the radiation received by the patient is reduced and 
precisely controlled with detectors sending feedback on tissues radiation 
triggered each time the lamps switch on. 

All methods of processing data from the detectors are based on the 
reconstruction of radiation weakness in the basic element of the object 
volume. The images obtained are monochromatic (gray-scale), just like 
a basic X-ray image. The input image is unreadable for humans, due to 
the wide range of pixel values, ranging from -2000 to 2500. Computer 
processing of such a picture is possible but most digital image processing 
algorithms are based on images with a range of values from 0 to 255. To 
adapt the analyzed images in our study to a new range of values, we used 
an innovative method of image scaling. The image scaling is very often 
the first step in CT image processing and can be performed in different 
ways, with most existing solutions using the brightness value of the 
spinal cord area pixels (the brightest object in CT scans) as a reference. 
This solution allows to evenly display the pixels values throughout the 
whole image. However, our task was to detect only the kidney contour. 
Hence, we applied a different solution. 

– in situ scaling. 
Based on an analysis of 300 CT images from a diversified patients’ 

portfolio, we determined two reference points, with the greatest chance 
of being the middle part of a left or a right kidney. Next, knowing the 
average size of a typical kidney, we could determine a search area: C(x0,

y0) with radius: r, in which a bigger part of the kidney area is most likely 
to be found. Found values: vmin and vmax in the area of a circle C are the 
reference for image scaling. This method yields the highest contrast only 

Fig. 1. The images of computed tomography showing different kidney sections. A: Atypical letter "C" shape of the kidney, B: circular shape, C: fuzzy shape, D: oblong 
shape, E: kidney overlapping other organs, F: kidney overlapping a tumor. 
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in the kidney area. The effect of the method is presented in Fig. 2. 
In our experiments, each image was scaled separately for the left and 

for the right kidney to provide the highest contrast possible. 

3.2. Initial kidney contour detection using longest edge analysis 

The next step of our system is the initial detection of the kidney 
contour. This step is considered as a preliminary stage to the two-way 
sweeping method described in 3.3 and ultimately aims at a quick and 
effective identification of the algorithm starting point. 

The pre-detection technique is based on the calculation of the longest 
consistent edge calculation that meets defined geometrical criteria. 

It uses the Canny edge detection [15] in a gray-scale image. The next 
step is to smooth the image leaving only the n longest edges which are 
further narrowed down to only those meeting specific geometrical cri-
terial: Fn defined as (1). 

Fn =
Fj∙ Fz

|1 − Fk
⃒
⃒

(1) 

In formula (1) Fj is the pixel brightness, Fz = P2/A is a geometrically 
consistent coefficient and Fk = 4πA/P is the circularity coefficient, 
whereas A is the real area of the object and P is the perimeter of the 
object. According to formula (1), if the contour is highly consistent, the 
circularity coefficient is as close as possible to the value of 1, and they 
combine with high brightness contour pixels, the calculated contour is 
likely to represent a kidney. The edge with the highest value of Fn is the 
outer edge of the kidney. Other analyzed geometrical coefficients are 
presented in [16]. Fig. 3 presents the full process of edge detection in a 
grayscale image. 

Fig. 3D shows the final result. Most often the kidney outline found 
with this method is an inaccurate and open circular shape. Nevertheless, 
the found edge is the basis for the next step. 

3.3. Adaptive two-way sweeping method 

The two-way sweeping technique is based on processing of three- 
dimensional (3D) tomographic image sets. They are characterized by 
length (ΔX), width (ΔY), and depth (ΔZ) of each voxel. According to this 
assumption, X × Y × Z matrix is the number of rows (X), number of 
columns (Y), and number of slices (Z) [17]. The two-way sweeping 
processing requires scanning images in space Z in an appropriate 
sequence. Therefore we have introduced section indexes: 1…M…N, 
where the first scan is 1, the middle scan is M, and the last scan is N. The 
N index is equal to the number of slices: Z. 

The kidney detection algorithm should be performed for each of the 
N images separately. Most often the M-th image representing the exact 
middle section is the most readable slice, while the end-slices: (1 and N) 
are the most difficult to detect because these kidney areas appear to be 
very small. Implementation of a single algorithm for each slice would 
not produce satisfactory results since each slice has different charac-
teristics. To solve this problem, we prepared an innovative two-way 

scanning method. The main premise of this method is that the process 
of the kidney recognition uses results obtained from a previously 
analyzed slice. 

The scanning process starts from the M-th image, the middle slice, on 
which the kidney is first detected (details in 3.2). Next, the image is 
scanned in two directions: U-> L (upper to lower) and L-> U (lower to 
upper). Scanning towards U-> L means that the kidney outline is 
shrinking in size with each consecutive slice. Scanning towards L-> U 
means that the kidney image is getting bigger. Our kidney detection 
system uses both techniques: U > L and L->U. 

The full process of two-way slice scanning is shown in Fig. 4. 
First, the image on the slice M0 is analyzed. Then, after reaching the 

slice on position N, the direction changes (stage b). After completing 
stage b, the algorithm stabilizes, and the last stage, c, is performed. For 
optimal effectiveness of the algorithm all three stages (a, b, c) are 
required. 

Some scans like the middle one, the M, are analyzed a few times as 
shown in Fig. 4: M0, M1, and M2. The accuracy of recognition increases 
with each stage. This is illustrated in Fig. 5 - for each slice, the least 
accurate image is in stage a, and the most accurate in stage c. 

In the scanning process, we used 3 different algorithms, depending 
on the scanning stage:  

1) M0 algorithm – applied only for the slice M0  
2) UL algorithm – applied for all slices in U->L sweeping  
3) LU algorithm– applied for all slices in L->U sweeping 

3.3.1. M0 algorithm 
This algorithm is used in the first step of the whole system. The 

technique of the longest edge detection described in section 3.2 is per-
formed resulting in a kidney contour (Fig. 5A–C, stage a), often 
inaccurate. 

3.3.2. UL algorithm 
We perform sweeping in the following sequence: from ki− 1 to ki slice, 

but ki− 1 position is located closer to M (middle slice) than ki. The main 
concept is to use the result of kidney detection from ki− 1 slice to detect 
the ki slice. First, we prepare morphology skeletonization () of ki− 1 slice, 
which is then shortened from all ends by a predetermined number of 
pixels (s), in our studies s = 6. The s parameter depends on the density 
of the CT scans and the image resolution. The higher the density, the 
lower the s value. In the next step, we run the colorization algorithm 
(section 3.4), starting from areas: Ae and Ai. Area Ae is defined as the 
area outside the circle with the center at the point pe, which is the 
geometric center of Sk and radius Re which equals (2). 

Re = 0.8 ∗ max(Skwidth , Skheight) (2) 

The Ai an area made of all Sk pixels. 
To run the colorization algorithm properly, areas Ae and Ai must be 

marked with different colors. In our algorithm, we use green for Ae and 
red for Ai. 

The result of the colorization algorithm are two new areas and the 
boundary between them determines a kidney outline (ki). Then, we use 
ki to detect the kidney (ki+1) in the next slice. 

3.3.3. LU algorithm 
The LU algorithm is a similar technique to UL. It is used in sweeping 

from ki− 1 to ki, but ki position is located closer to M (middle slice) than 
ki− 1. The main difference here is that it omits the step of shortening the 
edges because ki kidney area is not smaller than ki− 1 kidney area. The 
other algorithm steps remain the same in both methods. 

3.4. Colorization 

Colorization is the process of transforming a grayscale image into a 
Fig. 2. On the left: CT scan with a predetermined, fixed scaling factor. On the 
right: the image after in-situ scaling. 
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colorful image, often used in the film and photography industry. There 
are many techniques for video and image colorization [18,19]. Most of 
them are based on the use of markers manually applied to a grayscale 
image. Those markers determine the color to be applied to the specified 
area. The process of converting the grayscale image into a colorful image 
is shown in Fig. 6. Colorization is a transformation of an image (B) to 

image (C). 
This transformation can be accomplished with various optimization 

techniques, with the most popular one being the region growing algo-
rithm [20]. In this solution, starting from selected areas, the color is 
expanded. Unfortunately, this technique does not yield accurate results. 
Other techniques use image segmentation, e.g. the Watershed algorithm 
[21] or cluster analysis, e.g. k-means [22]. The process of colorization of 
an already segmented image is simple and accurate, but segmentation 
itself is a very difficult task because of the side effect - 
over-segmentation. Accuracy is achieved with optimization methods 
that minimize the cost of a specified function. In this solution described 
in [23], the YUV (U and V are the chrominance channels) color space is 
used for segmentation. The main assumption of the algorithm is that 
neighboring pixels of similar intensity should have a similar color and is 
based on the function (3): 

Fig. 3. The complete process of edge detection in a grayscale image. Image A: input image, B: image after Canny method application, C: image after smoothing. D: 
the edge that reaches the highest value of Fn. 

Fig. 4. The diagram shows the complete two-way sweeping process. Slice in-
dexes are designated by successive values from 1 to N. 

Fig. 5. The illustration of kidney recognition sweeping process in CT sequence. Rows A-C show the middle slice on stages a, b and c. Row D shows kidney C processed 
in stages a, b, and c for slice other than the middle one. 
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J(U) =
∑

r

(

U(r) −
∑

s∈N(r)

wrsU(s)

)2

(3)  

which minimizes the difference between the color U(r) in pixel r and the 
average weight of adjacent colors. The wrs is a weight function with a 
sum equal to one. This value is high when the intensity of individual 
pixels - Y(r) is similar to Y(s), and low when the intensity of pixels 
differs. 

The colorization algorithm we used utilizes the weight function 
described in [23]. Typically, color markers are applied to the input 
image (Fig. 6A) manually. Our solution is fully automatic. 

3.5. The complete kidney detection procedure 

The first step is to load 1..N of CT images. Images 1 and N are end- 

slices of the kidney. The image M = N / 2 is the middle slice if we as-
sume the even scanning density. The algorithm starts from M -th scan 
(Fig. 7A). Initial kidney detection is performed using the M0 algorithm 
(Fig. 7B), and morphological operations - closing, hole-filling, and 
skeletonization (Fig. 7C–D). We performed the closing by applying a 
single disk-shaped structuring element with a 10- pixel radius to close 
the largest gap, and to preserve the circular nature of the object. In the 
next step, we used sweeping scanning as described in section 3.3. 
Depending on scanning direction (up or down), the LU or UL algorithm 
is performed. Fig. 7E shows the result of skeleton shortening (in this 
case, the UL direction). Next, we calculated areas: Ae and Ai basing on 
the skeleton shape (Fig. 7F). These areas are the starting points for the 
growth algorithm. We used the colorization algorithm (described in 3.4) 
but any other method based on the region-growing technique can be also 
applied. Fig. 7G shows the result of colorization. Since the boundary of 

Fig. 6. An example of a colorization process in a typical photography: A- original image, B- manually applied markers, C- a colorized image.  

Fig. 7. A complete process of kidney detection in CT is based on the sweeping technique.  
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the areas is blurred we applied binarization following formula (4): 

c = img(r) − img(g) (4) 

If c > 0.1 ∗ mi then the pixel is classified as part of the kidney, 
where the value of mi is the maximum pixel intensity of the current 
image. 

The result of the last operation is presented in Fig. 7H. This result, 
more accurate than Fig. 7B but still unsatisfactory, is an input for the 
next slice in the sweeping method processing. According to the bidi-
rectional scanning technique described in section 3.3, each image is 
processed at least twice. The result of kidney detection in the last stage 
(stage c of sweeping technique) is shown in Fig. 7I. 

In the last step of the sweeping technique (step C) the algorithm 
stabilizes, and the final detection result is the most accurate one. The 
whole process is presented in Fig. 8. 

In Fig. 8. steps 4–7 are part of the LU or UL algorithm. The complete 
result of kidney detection for one patient is shown in Fig. 9. Only 25 
scans of a total of 44 from 1 to N, stage C, is shown. 

After the sweeping algorithm is complete, we can prepare a fully 
automated 3D model of the kidney - Fig. 10. 

Fig. 10 shows the complete results of the automated 3D reconstruc-
tion of 3 different kidneys. 

4. Results 

To assess the effectiveness of the kidney detection algorithm, the 
binary results were compared to a kidney mask manually marked by an 
expert. The input data, provided by WIM, were archival and anonymous 
images from 28 patients with no possibility of personal identification. 
All experiments were conducted according to the Helsinki Declaration 
on responsible use. 

The images contained cases with and without tumor lesions and each 
of the 28 cases consisted of 32–212 scans. In total, we analyzed 1782 
different slices of left and right kidneys of different sizes, shapes, and 
locations. To evaluate the effectiveness of our technique (5) we used the 
F1-score (F1) (the Sørensen–Dice coefficient). 

This benchmark is widely used to evaluate the validity of systems 
supporting segmentation of medical data [24]. 

F1 =
2 ∗ TP

2 ∗ TP + FP + FN
∙100% (5) 

According to the above formula, TP is true positive rate describing 
the number of pixels marked as a kidney by the system and by the expert, 
FP – a false positive describing the number of pixels marked as a kidney 
by the system and by the expert as the background, and FN – a false 
negative describing the number of pixels marked by the system as the 
background and by the expert as a kidney. 

In each case, the deviation (SD) and confidence interval (CI) of 95 % 
were calculated with formula (6) and (7). 

SD =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑

(xi − μ)2

N

√

(6) 

According to the above formula xi is F1 score for each case, μ – value, 
and N – number of scans. 

CI =
(

μ − tα ∗
SD
̅̅̅̅
N

√ ; μ + tα ∗
SD
̅̅̅̅
N

√

)

(7)  

where tα is the value of Student’s t distribution with an assumed α value 
of 5%. 

Table 1 provides detailed results for 28 patients. For each case, the 
following measures were calculated: Mean F1-score, standard deviation, 
and 95 % confidence interval. 

The average F1-score of kidney detection is 88.08 ± 8.26 %. The 95 
% confidence interval ranges from 85.78–90.38. Despite the complexity 
of the task, the research yielded promising results. 

We also tested whether the presence of a neoplastic lesion affects 
detection of the kidney itself. From the whole kidney CT sequences, we 
selected a representative set of images with neoplastic and non- 
neoplastic lesions. These images were then used to calculate the F1- 
score of kidney detection. The results of this examination are pre-
sented in Table 2. 

Basing on the results from Table 2, we found no significant relation 
between the presence of neoplastic lesions and the accuracy of the 
kidney contour detection. 

To assess the effectiveness of the algorithm, we tested if F1- score 
accuracy depends on the number of the analyzed slice (1 − M − N). 
Detailed results are presented in the diagram in Fig. 11. 

Based on the results of the diagram in Fig. 11, we found no relation 
between the slice order and the kidney detection F1-score accuracy. The 
local minima visible in the chart are most often caused by poor quality of 
the slice. 

As a part of research, we also performed a complex comparative 
study of our system against three alternatives. We analyzed four 
following systems:  

• K-Mean (KM) – paper [8],  
• Fuzzy C-Means (FCM) – paper [25],  
• Spatially constrained KFCM (SKFCM) – paper [7],  
• Adaptive two-way sweeping (ATWS) – our proposal. 

The system KM is based on the K-Means algorithm and is a popular 
tool for data clustering. Its main purpose is to find k points - marked as 
cluster center - cp, which best represent the analyzed dataset. The 

Fig. 8. The whole process of kidney detection for all CT slices.  
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following function is implemented (8), (9): 

E =
∑m

p=1
ep (8)  

where 

ep =
∑

i

⃒
⃒xi − cp

⃒
⃒2 (9)  

and xi belongs to a cluster center cp. 
The implementation of the full system requires the K-Means clus-

tering, a selection of data thresholding, finding the two largest objects, 
and the removal of small objects. The full system was presented in paper 
[8]. 

Another system is based on the Fuzzy C-Means technique. This al-
gorithm is based on clustering, in which a given pixel can belong to 
many subsets. It uses a reduction function (10). 

Ym =
∑N

i=1

∑C

j=1
Mm

ij xi − c2
j (10)  

where m is a real number greater than 1, Mij is a degree of membership of 
xi in cluster j, xi is data measured in d-dimensional space and cj is the d- 
dimensional center of the cluster [26]. The final segmentation is 

performed using the KNN and SVM algorithms. 
The complete clustering system was presented in paper [25]. 
The third system we tested is the SKFCM algorithm. It is an image 

segmentation based on the fuzzy C-Means with spatial information 
SKFCM kernel. The key in the system is function (11). 

Jm =
∑c

i=1

∑N

k=1
um

ik(1 − K(xk, vi) )

+a
∑c

i=1

∑N

k=1
um

ik(1 − K(xk, vi) )

+a

(11)  

Where c is the number of clusters for the dataset {xk}
N
k=1, n is the number 

of pixels, m is the weighting exponent specifying the number of fuzziness 
of final classification, {vi}

c
i=1 are the centers, table {uik} is the partition 

matrix, a allows for control of penalty effect, xk is the average from 
neighboring values of pixels xk and K is the Gaussian kernel function. 
The example results of the SKFCM algorithm use are shown in Fig. 12. 

The final recognition of the kidney outline is possible after applying 
the GrowCut algorithm. The full system was described in work [7]. 

The fourth system under examination is based on our adaptive two- 
way sweeping technique. All four systems were tested on 100 randomly 
selected CT slices of kidneys. 

Fig. 9. The complete result of kidney detection for one patient.  

Fig. 10. The 3D modeling of the kidneys is fully automated.  
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In total, the four systems were analyzed for the F1-score of kidney 
area recognition, data processing time (DPT), and consistency of results 
(SD). The measure of the F1-score allows determining the system pos-
sibilities for recognizing kidney shape and location. We used Eq. (5) to 
assess the F1-score of each system since this is a crucial parameter for 
clinical environment. The next parameter - data processing time - allows 
us to assess how much data can be processed in a limited time. All 
systems have been tested on the typical user-client unit - intel core i7 
processor with 16GB of RAM, using the MATLAB environment. Another 
parameter - measure of result consistency - helps to assess how the ac-
curacy of recognition depends on the number of scans analyzed. The 
requirement a reliable system should meet is a high similarity of result 
accuracy. To evaluate this parameter, we measured the standard devi-
ation of F1-score expressed by formula (6) 

The lower value of the standard deviation indicates a greater system 
consistency. The results are presented in Table 3. According to these 
results, the ATWS method has the highest average accuracy of kidney 
recognition. 

It should be noted that the FCM system requires initial data feed and 
the time of data pre-processing was not included in the results. More-
over, the ATWS technique is limited by the need of processing at least 
several, if not all, CT slices for a given case and processes each image two 
to three times. 

5. Discussion 

The article presents the technique of automatic kidney boundary 
detection for a sequence of CT images. The research takes advantage of 

current achievements in processing and analyzing data stored as digital 
medical images. The images used are characterized by different reso-
lutions and origin. Verification of the results was supervised by a team of 
specialists from the Military Institute of Medicine in Warsaw. The 
methods developed within the framework of the project will be helpful 
in the diagnosis, as well as in the therapy planning and evaluation of the 
kidney disease therapy. 

The proposed approach is a novel solution that involves detection of 
the kidney contour with the application of the region-growing system 
based on the colorization algorithm, comm used only in digital 
photography. This algorithm has never been used for medical images 
before. Optimization methods guarantee high efficiency of segmentation 
and minimize the cost of the specified function. The paper presents a 
complete two-way slice scanning system, which consists of several up- 
down sweeps to optimize and adjust segmentation parameters. 

A review of the literature in the field of kidney detection techniques 
shows that the authors focus usually on the analysis of a single slice [7,8, 
26] which can be then analyzed separately. The method presented in 
this article requires an analysis of all slices for a given case to adapt the 
algorithm. This increases data processing time, but the benefit is a 
higher detection accuracy and consistency (reliability) of the results. 
The two-way sweeping technique used in the ATWS system can be 
implemented in other kidney identification systems to increase their 
accuracy. 

To assess the effectiveness of this method, an F1-score was calcu-
lated. The F1-score benchmark is commonly used in the evaluation of 
medical image segmentation systems. Additionally, standard deviation 
and 95 % CI range were calculated. The obtained F1-score was 88.08 ±
8.26 % and the average CI ranged from 85.78–90.38. Automatic kidney 
outline detection was performed for 1782 slices, differing in terms of 
illumination, location of kidneys, and other surrounding organs. The 
images were taken from 28 different patients. The confidence interval 
analysis with a 5% cut-off was performed which made it possible to 
check whether the marginal results have an impact on the overall quality 
of the system. The width of the confidence interval is within a narrow 
range proving the reliability of the estimation, as narrower the CI 95 % 
is, the more reliable the results are. This is crucial since the size of the 
kidney outline varies according to the slice index tested. For small 
outlines, even a minute detected error can largely influence the F1-score. 
Therefore, we have tested the relationship between F1- score and slice 
number and found there was no causation. The results are presented in 
the chart. 

The kidney segmentation technique presented in this paper is within 
the scope of work evaluating the possibility of locating the image’s 
component objects, tracking the shape of organs, and morphological 
transformations to reconstruct a 3D model. The ATWS technique, was 
compared to similar works in terms of subject and used methods. Three 
alternative solutions were examined: KM, KCM, and SKFCM [8,25,7] 
based on clustering, KNN classification, K-Means, C-Means fusion, and 
GrowCut. As a result of tests performed on a sample of 100 CT slices, we 
obtained F1-scores of: 78.75 ± 8.27 and CI range (76.75− 80.75) for KM, 
81.37 ± 7.94 and CI range (79.26− 83.48) for FCM, 83.83 ± 8.42 and CI 
range (81.53− 86.13) for SKFCM and 86.19 ± 9.47 and CI range 
(83.87− 88.51) for ATWS. The confidence interval for each method is 
similar with ATWS having the highest F1-score value. We also measured 
the data processing time (DTP) for each of the methods. Due to the fact, 
that the ATWS method (134 DPT) analyzes a single slice 2–3 times, it 
yields the highest response time. Compared to the KM technique (40 
DTP) it is about 3 times longer; compared to the FCM method (60 DTP), 
2 times longer; and compared to the SKFCM method (95 DTP), 1.5 times 
longer. This is due to the multiple two-way sweeping to optimize the size 
parameters. 

Currently, there are many solutions based on machine learning 
available in the literature and deep neural networks seem to be a valu-
able direction of development. These systems are especially promising 
since their accuracy of organ detection and segmentation can reach 86 

Table 1 
The detailed results of kidney segmentation for 28 patients (evaluated in 
the whole CT image sequences).  

Case no Mean F1-score ± SD (95% CI range) [%]  

1 87.56 ± 5.64 (86.00− 89.12) 
2 78.84 ± 8.42 (75.68− 82.00) 
3 91.23 ± 7.48 (89.25− 93.21) 
4 90.83 ± 8.35 (89.09− 92.57) 
5 85.34 ± 10.78 (82.10− 88.58) 
6 88.12 ± 8.48 (86.26− 89.98) 
7 89.38 ± 9.47 (85.97− 92.79) 
8 77.89 ± 11.30 (74.00− 81.78) 
9 89.76 ± 8.43 (86.86− 92.66) 
10 84.74 ± 9.54 (82.57− 86.91) 
11 83.47 ± 7.43 (81.07− 85.87) 
12 88.23 ± 6.47 (87.15− 89.31) 
13 91.23 ± 11.64 (87.21− 95.25) 
14 93.73 ± 9.53 (90.29− 97.17) 
15 78.65 ± 8.42 (76.14− 81.16) 
16 77.47 ± 7.47 (75.67− 79.27) 
17 79.57 ± 8.53 (76.92− 82.22) 
18 88.73 ± 11.60 (85.36− 92.10) 
19 89.36 ± 9.64 (86.24− 92.48) 
20 92.47 ± 11.60 (88.73− 96.21) 
21 93.62 ± 7.75 (91.57− 95.67) 
22 92.56 ± 5.78 (91.01− 94.11) 
23 90.03 ± 6.86 (89.03− 91.03) 
24 89.34 ± 5.12 (88.64− 90.04) 
25 93.52 ± 3.01 (93.44− 93.60) 
26 91.62 ± 7.43 (90.34− 92.90) 
27 94.64 ± 8.94 (92.01− 97.27) 
28 94.34 ± 6.18 (93.19− 95.49) 
Avg 88.08 ± 8.26 (85.78¡90.38)  

Table 2 
Impact of neoplastic changes on the accuracy of kidney detection.  

Type Number of images F1-score [%] 

Neoplastic lesion 75 88.54 
Non neoplastic lesion 75 91.23  
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Fig. 11. Kidney recognition F1-score to slice order charts for three different cases (vertical scale range equals 0.6 – 1).  

Fig. 12. The result of using the SKFCM algorithm to detect the kidney in a CT image.  
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%–95 % [27–29]. However, data processing with neural network 
methods requires hardware availability and involves time restrictions. 
Machine learning is more memory consuming than our system, and re-
quires sophisticated equipment, e.g., GPU support for quicker results. 

Our system performs kidney segmentation with a 3D kidney model 
with accuracy similar to neural network systems. The limitation of our 
system is the inability to analyze a single scan – the system requires 
processing of all slices to obtain the final result. It also means longer 
processing time in comparison with classical morphological algorithms 
because of the need to adapt the parameters of the algorithm. 

However, these problems can be solved with parallel processing. We 
suggest fusion of methods, combining deep neural networks with clas-
sical morphological operations for further development in the field of 
kidney diagnostics. 

6. Conclusions 

Precise detection of the kidney outline in CT images is a time- 
consuming and tedious task. Typical CT image analysis often requires 
manual examination of several dozen slices. Therefore, this task bears 
time constraints and human error factors, including such seemingly 
trivial aspects as the personnel tiredness, poor lighting conditions, 
incorrectly calibrated equipment, or even the time of analysis. 

This work presents an innovative technique of automatic kidney 
contour identification on CT images. It often proves to be a daunting task 
due to the unclear shape and outline of organs. However, our technique 
allows obtaining an exact set of kidney contours for the whole organ. 
The exact outline of a kidney provides additional help for specialists 
describing the case and enables three-dimensional reconstruction of the 
organ with a high F1-score of 88.08 ± 8.26 %. 
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