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Abstract
This study evaluated an automated histomorphometric analysis method for assessing implant osseointegration. Sixty-eight 
histological images of implants installed in the tibiae of 40 rats were analyzed using the manual method and ImageJ software 
to evaluate the %BIC (bone-implant contact) and %BBT (bone between the implant threads). In the automated histomorpho-
metric analysis method, the similarity of the RGB color channels was analyzed, and the black background region of the image 
was excluded, to select the region of interest. The contour curve was extracted, excluding points that do not belong to the 
contact between the implant and the bone, i.e., the image edges. A Gaussian filter was applied to smooth small imperfections 
in the curve. An analysis of the curve points in relation to their neighboring points was conducted, and the local maximum of 
the curve was selected, excluding points that were too close together and keeping only those that represent the peaks of the 
implant curve. The peaks and the corresponding portion of the curve were used to select the region of the original image and 
calculate the %BIC and %BBT values. A comparison of the results obtained for both parameters in both evaluation methods 
was then performed using Pearson’s correlation test. A strong correlation was observed between the analyses (r = 0.99). Thus, 
the proposed automated histomorphometric analysis method was shown to be reliable for assessing implant osseointegration.
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Introduction

The assessment of osseointegration of titanium implants 
is a widely used analysis to evaluate the interaction of the 
implants surface and bone tissue that is a key factor to indi-
cate the quality of these devices [1]. In Dentistry, dental 
implants are an important option for the rehabilitation of 

patients who have lost one or multiple teeth, impairing mas-
ticatory function, phonetics, and social interaction due to 
aesthetic deficiencies [2, 3]. Due to the popularization of 
oral rehabilitation with implants, numerous experimental 
studies have been conducted aiming to improve the osse-
ointegration process to improve the predictability of this 
phenomenon in a myriad of clinical conditions [4–7].

Osseointegration depends on the characteristics of the 
implants, especially their macrostructure and microstructure. 
The development of new implant designs and the need for 
testing under more challenging biological conditions make 
it necessary to evaluate these phenomena through histomor-
phometric analyses [4, 8, 9]. For the evaluation of implant 
osseointegration in experimental or clinical studies, the 
bone-implant contact (BIC) and amount of bone between the 
threads of the implant (BBT) are analyzed using histological 
slides obtained from collected samples [6, 10]. Indeed, these 
parameters indicate the relationship between the implants 
surfaces and the bone tissue of the host resulting in the fixa-
tion of the dental implants that enables resistance to support 
the occlusal load promoted by the prosthesis. BIC and BBT 
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are parameters related to how connected the implant is to the 
bone tissue, thus, higher values of BIC and BBT mean the 
implant is more connected to the bone tissue. This type of 
method is also useful to determine the biological potential 
of implants surfaces in the obtention of the osseointegration 
in different types of bone and in distinct systemic conditions. 
This information is important in the indication of different 
dental implants in the treatment of different types of edentu-
lism. So, the BIC and BBT analysis are of great importance 
to provide these outcomes that guided clinical decision-mak-
ing. This evaluation is performed manually with the help of 
software for image analysis, a complex process that requires 
significant training and work time [4, 11, 12]. In addition, 
the evaluator must be trained to reduce the error analysis that 
is common to occur in non-experienced evaluators.

With recent technological advancements, studies have 
been conducted to evaluate the performance of automated 
histological analysis processes, in order to streamline the 
process and improve the quality of the analyses, reducing 
the possibility of human errors [13, 14]. In medicine, the 
term “computational pathology” has been used to refer to an 
interdisciplinary science that promotes the development of 
computational approaches to analyze and model medical his-
topathology images [15]. The use of computational methods 
has been adopted to assist medical sciences in various ways: 
in the segmentation of nuclei and white blood cell count-
ing [16, 17], detection and segmentation of nuclei in gastric 
cancer images [18], histological slide color correction using 
artificial intelligence [19, 20], and clinical applications of 
artificial intelligence in the identification of cancers and 
other oral pathologies [21, 22].

Due to the advantages of automation in the process of 
evaluating histological images, the development of these 
methods is necessary to reduce the evaluation time and 
improve accuracy when assessing the osseointegration pro-
cess. The objective of this premilinary study was to develop 
and evaluate a script based on computer vision capable of 
automating the analysis of implant osseointegration through 
BIC and BBT values of implants installed in the tibiae of 
rats in order to speed up and improve the process of obtain-
ing BIC and BBT values.

Methods

This study was previously approved by the Animal Ethics 
Committee of the Federal University of Uberlândia (UFU), 
protocol no. 030/20. For this study, 48 rats (Rattus nor-
vegicus, Wistar strain) aged 3 months, weighing between 
250 and 300 g, were kept in an environment with con-
trolled temperature (21 ± 1 °C), humidity (65–70%), and 
light cycles (12 h). The animals were fed with appropriate 
food and had access to water and food ad libitum. This 

study was conducted according to the ARRIVE guidelines 
for conducting preclinical studies.

Sample Collection and Histological Slide 
Preparation

The 68 histological images evaluated in this study were 
manufactured for a previous study (Process CEUA/FOAr 
#32/2016). The animals were kept in an environment with 
controlled temperature (21 ± 1 °C), humidity (65–70%), 
and light cycles (12 h), fed with appropriate food and 
had access to water and food ad libitum. The study was 
conducted according to the ARRIVE guidelines for con-
ducting preclinical studies. In that study, the animals were 
subjected to treatment with supra-physiological doses of 
testosterone, and the effect of this treatment on the osse-
ointegration of implants with untreated surfaces was 
evaluated. A total of 40 animals were used. After 14- and 
42-days post-implant placement, the animals were eutha-
nized, and two tibiae with the implants were collected and 
fixed in 4% paraformaldehyde for 48 h.

The samples were then dehydrated in a graded series 
of ethanol (60–100%) and infiltrated with a light-curing 
resin (Technovit 7200 VLC, Kultzer Heraus GmbH & CO, 
Wehrheim, Germany). The blocks containing the implant 
and bone tissue were sectioned at a central point using 
a grinding system (Exakt Apparatebeau, Hamburg, Ger-
many), obtaining two cuts per tibia. The final sections were 
approximately 45 μm thick and stained with Stevenel’s 
blue associated with acidic fuchsine before being analyzed 
under an optical microscope (DIASTAR products-Leica 
Reichert & Jung, Wetzlar, Germany) with a 100 × mag-
nification. Histomorphometric analyses were performed 
using image analysis software (ImageJ, San Rafael, CA, 
USA). The percentage of bone-implant contact (%BIC) 
and the bone area between the threads (%BBT) were ana-
lyzed in the first six threads of the implants (approximately 
1.25 mm in length). These analyses were performed by a 
blinded and trained examiner.

Manual Analysis of %BIC and %BBT

Using a tracing tool, the total length of the implant surface 
was determined, followed by the length of the bone tissue 
in contact with the implant surface, allowing obtention of 
the percentage of bone in contact with the implant (%BIC). 
Using the same tracing tool, the total area between the 
threads of the implant was determined, followed by the total 
area of bone tissue between the threads of the implant, which 
enabled us to obtain the percentage of bone tissue between 
the threads of the implant (%BBT) (Fig. 1).
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Preprocessing

First, we pre-processed the images to ensure that they were 
all oriented in the same way, that is, with the region of the 

implant, identified by the black color in the images, at the 
bottom of the image (Fig. 2A). This step is necessary to 
ensure standardization and facilitate the subsequent analysis 
steps.

Fig. 1   Image representing manual analysis of BIC and BBT. Black 
arrow, indicates the toolbar of the ImageJ; Green arrow, indicates the 
contact of bone tissue to implant surface (BIC); Red arrow, indicates 

the area of bone tissue between the threads of the implant (BBT); 
Yellow arrow, indicates the area between the threads of the implant

Fig. 2   A Image after spatial orientation. B Image after applying the filter that separates the region of implant from the bone region
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Segmentation

The segmentation step aims to separate the implant region 
from the bone region of the image. To accomplish this, 
we computed (i) the average of the image’s RGB chan-
nels, �RGB , and (ii) the average of the difference between 
each pair of RGB channels, diffRGB . We selected the image 
region with �RGB < 100 and diffRGB < 40 as the implant 
region. In the complementary region (bone), we applied 
a closing operation using a disc of r = 15 as a structuring 
element to correct imperfections in the segmentation. We 
then defined the implant region as the largest connected 
component in the image. The final step removes small 
points and other artifacts left from previous segmentation 
steps, thus resulting in the segmented image S (Fig. 2B).

Contour Extraction

Given the segmented image S, we extracted the contour, 
i.e., the set of ordered points that represents the limits 
of the object (Fig. 3A). We removed points that coin-
cide with the edges of the image, i.e., large sequences of 
points having the same values on the X- or Y-axes. This 
resulted in the contour region that represents the contact 
between the bone and the implant, C. As the segmenta-
tion process can generate small flaws and noise in the 
contour, smoothing is necessary (Fig. 3B). We applied 
Fourier transform to the contour spectrum combined with 
a Gaussian of � = 13 to smooth the contour. For this step, 
we also used a process of replicating and repeating the 
curve to preserve its extremities [23].

Region of Interest (ROI) Detection

The contour region that represents the contact area between 
the bone and implant presents a zigzag pattern defined by 
the implant thread. Therefore, to calculate the BIC and BBT, 
it is necessary to detect the various peaks formed by the 
implant thread. This is done by analyzing each point on 
the contour with its two neighbors (anterior and posterior), 
located at a distance d = 15. A point with value on the Y-axis 
that is greater than its two neighbors is considered a prob-
able peak (Fig. 4A). As the segmentation process generates 
imperfections, some points may be erroneously detected as 
false peaks. Thus, we applied a filtering process to select 
only the four most relevant peaks, i.e., those equally distant 
from each other, as the points necessary for the BIC and 
BBT calculation (Fig. 4B).

Detection of BIC and BBT Regions

We selected the contour segment from the first to the last 
peak of the implant thread and then dilated this region in 
the segmented image S using a disc with radius r = 3 as a 
structuring element. This was performed to increase the area 
analyzed and provide greater confidence in the result. This 
region represents the set of points used to compute the BIC 
(Fig. 5A). We also selected the region delimited by the peaks 
and this contour segment, which defines the area to be ana-
lyzed by BBT (Fig. 5B).

Computing BIC and BBT

After defining the regions, it is necessary to separate the dif-
ferent elements of the original image to correctly compute 
the BIC and BBT (Fig. 6). These elements are represented 

Fig. 3   A The area contour extracted from segmented image. B Contour of the implant surface after smoothing
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by different colors: white, purple, and black. We used the 
average of the image’s RGB channels, �RGB , and the average 
of the difference between each pair of RGB channels, diffRGB , 
to separate them: white elements are selected when we con-
sider pixels with �RGB ≥ 90 and diffRGB < 30; black elements 
are selected when we consider pixels with 𝜇RGB < 90 and 
diffRGB < 30; and purple elements are the remainder of non-
selected pixels.

Pixels defining black elements (implant) are not used to 
compute the BIC and BBT, only white and purple elements, 
so the black elements are discarded. We counted the number 
of white and purple pixels inside BIC and BBT regions, 
respectively. These measurements are defined as the num-
ber of purple pixels divided by the (number of purple pix-
els + number of white pixels) inside a region. The machine 
used is equipped with Intel(R) Core (TM) i5-4440 CPU @ 
3.10GHz, 16GB RAM, 64-bit Operating System and MAT-
LAB R2018b 64-bit. The time required by the automated 
method to collect the %BIC and BBT data was measured.

Statistical Analysis

GraphPad Prism 9 software (San Diego, CA, USA) was uti-
lized for inferential data analysis. As the data were normally 
distributed, indicated by the Shapiro–Wilk normality test, 
the Pearson’s correlation test was employed to measure the 
degree of correlation between the %BIC and %BBT values 
from the two evaluation methods. A 95% confidence level 
was applied to all statistical tests used in this study.

Results

A high level of correlation was found between the manual 
and automated analyses of %BIC and %BBT (r = 0.99; 
p < 0.001). The time to perform all the measures by the auto-
mated method was around 30 s. Figures 7 A and B show the 
correlation graphs between the manual and automated evalu-
ation methods for %BIC and %BBT, respectively.

Discussion

The time invested in the evaluation of histological images 
in scientific research, along with the need for team training, 
are some of the technical difficulties in histomorphometric 
analyses. Automated analysis methods have the potential to 
improve accuracy and reduce the afore mentioned technical 
difficulties, and the method proposed in the current study 
was shown to be reliable for assessing implant osseointegra-
tion through the analysis of %BIC and %BBT. In this first 
study, the script used is an initial version that meets only the 
specificities of this research. Based on the results presented, 
the script was useful for the evaluation of the osseointegra-
tion. However, some improvements may be permoed and 
tested to check if the good outcomes showed in this study 
may be maintained despite the variations of stain quality 
and methods.

Despite the convenience of data collection using the auto-
mation method, the process of creating the necessary script 
for its operation required time and study in the field of com-
puting. The developed script uses a computer vision method 
based on the detection of color patterns through the RGB 
channels, allowing the computer to differentiate structures 

Fig. 4   A Peaks detected by neighbor analysis. B Peaks selected after filtering that excluded the false peaks
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Fig. 5   A Segmented image with ROI (region of interest) of the BIC. Red arrow, indicates the region of interest of BIC analysis. B Segmented 
image with ROI (region of interest) of the BBT. Black arrow, indicates the region of interest of BBT analysis

Fig. 6   A Image with ROI (region of interest) of the BIC without the 
segmentation filter. Red arrow, indicates the region of interest of 
BIC analysis. B Segmented image with ROI (region of interest) of 

the BBT without the segmentation filter. Black arrow, indicates the 
region of interest of BBT analysis

Fig. 7   Correlation graphs between the manual and automated evaluation methods of %BIC (A) and %BBT (B) respectively
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based on the colors presented [13, 24–26]. For this automa-
tion process, some parameters used in several steps, such as 
segmentation, contour extraction, detection of the ROI, and 
the BIC and BBT had to be established through experimen-
tation in order to deal with many variations present in the 
images (such as contrast and orientation) to finally obtain 
the analysis data.

In our study, the segmentation step was designed to sepa-
rate the background (the black regions) from the foreground, 
which consists of the bone tissue and implant structures typi-
cally represented by white and purple tones in the images. 
Given that these regions are highly distinct in terms of inten-
sity and color, the segmentation task does not present the 
typical challenges commonly addressed by advanced state-
of-the-art segmentation methods. Techniques considered 
state-of-the-art (artificial intelligence techniques, such as 
convolutional neural networks) depend on a large amount 
of data to be used properly. Unfortunately, the limited num-
ber of samples in our study prevents many techniques from 
being properly used, as they could lead to biased results 
or overfitting. In addition, some combination of techniques 
are proposed to solve very specific problems. One example 
is the work [13]. Like ours, this work uses a combination 
of traditional image processing techniques to perform the 
segmentation of bone canals, a structure completely dif-
ferent from the one analyzed here, both in appearance and 
structure. As for the work [16], we can see that most of 
the techniques compared are traditional in literature, which 
demonstrates that they still play an important role in image 
processing in the most diverse fields of study. As shown by 
the results reported in the work [16], the K-means method, a 
traditional clustering algorithm, obtained the best accuracy 
in several databases, emphasizing the importance of these 
methods until nowadays.

Although it was not the objective of this study, the auto-
mated method turns the data collection process faster, as 
the %BIC and %BBT values from the 68 images analyzed 
were obtained within 30 s. Despite the time of evaluation 
by manual method was not measured, the reduction of the 
time of evaluation provided by the automated method was 
obviously. It is important to note that the data processing 
speed is directly related to the computational capacity of 
the machine used. In addition to the speed of data collec-
tion, automation can reduce the possibility of human errors, 
as manual analysis may be influenced by the evaluator’s 
experience and training [27]. Therefore, research address-
ing implant osseointegration can provide faster and more 
accurate results, which could have a more immediate impact 
on the state of the art in rehabilitative treatment in dentistry 
and related fields.

Computational approaches have a wide range of appli-
cations in various areas of dentistry. Recent studies using 
an algorithm have shown good results in the detection of 

carious lesions through the analysis of periapical and inter-
proximal radiographs [28, 29]. Other recent studies have 
evaluated the effectiveness of an algorithm for detecting 
sinusitis through the analysis of panoramic radiographs [30, 
31]. A study by Nayak et al. (2006) [32] showed good results 
using artificial intelligence for the classification of patho-
logical conditions by evaluating fluorescence spectroscopy 
in oral tissue. The findings of the current study and others 
[28–32] demonstrate that advances in computational areas 
for performing histological image analyses and other imag-
ing exams present great potential to promote the replacement 
of manual analyses with automated methods.

The results obtained through automation in the current 
study are directly dependent on several factors, including 
the quality of the bone tissue staining. Since the entire data 
acquisition process relies on color pattern detection, poor 
staining quality of the histological slides can lead to false 
results or even prevent image analysis [20]. Although the 
conventional staining method currently has high predicta-
bility when performed by an experienced professional with 
appropriate equipment, there is still a possibility of errors 
in the process when these conditions are not met. A recent 
study, for example, compared the accuracy and precision 
of an experienced evaluator in detecting breast cancer in 
images with and without color correction treatment using 
artificial intelligence. In the untreated images, the accuracy 
and precision were 81.59% and 79.78%, respectively, while 
in images that underwent color correction treatment by the 
algorithm, the accuracy and precision increased to 92.87% 
and 92.33%, respectively [20]. In the present study, this type 
of correction was not necessary due to the uniform staining 
pattern of the slides used. In slides where this pattern is 
not achieved, it is possible that these adjustments would not 
reduce the accuracy of the automated evaluation; however, 
this hypothesis requires further testing.

Although the data acquisition method is automated, some 
processes still require human involvement to ensure that the 
results are as close to reality as possible. The presence of a 
human operator remains essential throughout the entire sam-
ple processing phase and during the pre-processing phase of 
the obtained images, guiding them spatially. The choice of 
parameters for the segmentation, contour extraction, ROI 
definition, BIC, and BBT calculations was defined by the 
operator. All parameters were established through extensive 
experimentation aimed at handling the considerable variabil-
ity present in the images, such as differences in contrast, res-
olution, orientation, and anatomical features. For example, 
the choice of a radius like r = 15 was determined empirically 
by testing multiple values and observing their impact on the 
accuracy and consistency of the results across the dataset. 
The selected parameters represent a balance that ensures 
robust performance under the diverse conditions found in 
the images used. It is also worth noting that the script used 
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in this study was developed exclusively for the evaluation 
of osseointegrable implants in areas of native bone, and the 
staining method used was Stevenel’s blue and acid fuch-
sine. For conditions different from those in the present study, 
adjustments need to be made to the script in order to avoid 
generating false results or preventing image analysis. There-
fore, another limitation of this study is the fact that this is a 
first attempt to automate this analysis process, many adjust-
ments will still need to be made in order to enable more 
generalist use of this resource by other researchers who use 
this analysis method.

Conclusion

The automated histomorphometric analysis method evalu-
ated in the current study was shown to be reliable for obtain-
ing BIC and BBT values of osseointegrated implants.
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