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Article

Convolutional Neural Networks and Deterministic
Computer Vision Based Object Detection and
Quantification of Visual Tablet Surface Defects
Eric Freiermuth* , David Kohler, Albert Hofstetter , Juergen Thun and Michael Juhnke *

F. Hoffmann-La Roche Ltd., Grenzacherstrasse 124, 4070 Basel, Switzerland
* Correspondence: pro.freiermuth.eric@gmail.com (E.F.); michael.juhnke@roche.com (M.J.)

Abstract: Tablet surface defects are typically controlled by visual inspection in pharmaceutical industry.
This is an insufficient response variable for knowledge-based formulation and process development,
and it results in a rather limited robustness of the control strategy. In this article, we present an
analytical method for the quantitative characterization of visual tablet surface defects. The method
involves analysis of the tablet surface by a digital microscope to obtain optical images and three-
dimensional surface scans. Pre-processing procedures are applied for the simplification of the data to
allow the detection of the imprint characters and tablet surface structures by a Faster R-CNN object
detection model. Geometrical measured variables like perimeter and area were derived from the
results of the object detection model and statistically analyzed for a selected number of tablets. The
analysis allowed the development of product specific acceptance criteria by a small reference dataset,
and the quantitative evaluation of sticking, picking, chipping and abrasion defects. The method
showed high precision and sensitivity and demonstrated robust detection of visual tablet surface
defects without false negative results. The image analysis was automated, and the developed algorithm
can be operated by a simple routine on a standard computer in a few minutes. The method is suitable
for industrial use and enables an advancement for industrial formulation and process development,
while providing a novel opportunity for the quality control of visual tablet surface defects.

Keywords: tablet visual inspection; microscope surface scan; debossing; sticking and picking; image
analysis; machine learning; artificial intelligence; quality control

1. Introduction
Tablets are one of the most common forms for medication on the market, including conventional

immediate- and extended-release tablets, orally disintegrating tablets and chewable tablets [1,2]. This is
mainly due to the convenience they represent for the patient and to the ease of development and man-
ufacturing for the pharmaceutical industry. Other advantages like the small volumetric footprint and
the stability of the solid dosage form are favorable features, especially in the context of self-medication.
To help customers and professionals identify tablets over wide ranges of product lines; their shape,
size, color, and imprints differ. This supports the prevention of medication errors by providing differ-
entiation to the medicine [3,4]. Additionally, mechanical, stability and functional requirements make
the formulation and process design choices crucial for pharmaceutical development.

The first step of tableting is to obtain a powder blend, by means of several techniques, depending
on the active pharmaceutical ingredient and the excipients. Once this blend is obtained, the next step
is to compress the blend with a multi-station rotary tablet press. At this stage, the tablets obtain their
characteristic shape, size, and imprint; they are called tablet cores. Tablet cores are often film-coated to
obtain the final product. Coating is mainly applied to adapt appearance but can also have additional
functionalities, such as improvement of swallowability, palatability and smell, protection against
oxidation and moisture, and control of dissolution. During these manufacturing processes, multiple
defects can appear on the tablet’s surface.
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The most frequent failure modes of the tablet cores are sticking and picking [5]. Sticking is a
prevalent issue in formulation and process development, where the material adheres to the surfaces
of manufacturing equipment, such as tablet press punches. This can result in tablets with rough
surfaces or even undesirable indents on their surface, depending on the severity of the sticking. It
may lead to inconsistent dosage forms as well as yield loss and waste. Additionally, if sticking occurs
consecutively, it can jam the punch in the tablet press, resulting in continuously malformed tablets.
Picking is more specific; it is a type of sticking that happens at the imprint characters. It refers to the
issue where small amounts of formulation material adhere to the embossing of the characters on the
tablet punches. Especially islands are concerned by this issue, for example the central part of an O
character. Other failure modes include chipping and abrasion of the tablet core. Chipping occurs
when a portion of the tablet’s side breaks off, while abrasion results in a rough surface. Both defects
can arise from tablets falling and rubbing against, for example metallic surfaces. These issues differ
from sticking and picking, which occur during the tableting process, whereas chipping and abrasion
arise during further manufacturing and packaging. Examples of such failure modes can be seen in
Figure 1. Visual tablet surface defects are a real threat to the confidence a patient gives to a medicine.
Therefore, detecting these defects is crucial to ensure consistent quality. Most often, quality control
is visually performed by a trained operator on a selected number of sample tablets per batch. This
approach leads to multiple limitations. The main concern is the limited sample size for quality control,
leading to a high probability of missing critical defects. Another concern is the qualitative assessment
of such defects, i.e. each operator has its own appreciation for categorization whether a sample tablet
does or doesn’t correspond to the reference tablet. This leads to instabilities in quality control and
limited robustness of the control strategy. Additionally, the qualitative assessment makes it almost
impossible to compare, learn and optimize the tablet formulation and manufacturing process during
development.

Figure 1. Optical microscope images illustrating common tablet manufacturing defects. The concerned areas are
indicated by the blue rectangle. (a) Chipping: Loss of material from the tablet edges. (b) Picking: defect related to
the debossing. (c) Sticking or Abrasion: punch related defects or indented by transport and handling.

With the rapid evolutions in the field of automated image processing, more interest is given into
these solutions for quality control [6–8]. Multiple companies are already offering analytical machines
enabling the detection of tablet surface defects, as for example Cognex Corp., Pharma Technology s.a.
and Sensum d.o.o. [9–11]. These machines utilize computer vision and machine learning approaches
for the analysis of tablet surfaces and are designed for large batches and high throughput production.
Several studies have explored defect detection through machine learning based image processing,
primarily focusing on optical image classification [12–14]. These studies demonstrate the capability
of machine learning to evaluate tablet surfaces, ranging from coating defect detection to counterfeit
identification. Pathak et al. [14] used for instance a convolutional neural network for the detection
of surface defects in film-coated tablets. The model demonstrated an accuracy of 99.6% for chipped
tablets and 99.4% for broken tablets using 25,200 images of tablets for model training.

The motivation of this study stems from the limitations of the current industrial practices for the
assessment of tablet surface defects and the corresponding challenges for formulation and process
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development. This study presents a simple and pragmatic knowledge-based approach for the quanti-
tative characterization of visual tablet surface defects using optical tablet images and deterministic
computer vision algorithm and object detection models. These object detection models are built
upon advanced architectures that utilize convolutional neural networks as main building blocks. The
algorithm seeks to automatically detect visual tablet surface defects such as sticking, picking, chipping,
and abrasion by leveraging a small, product specific reference dataset and quantitatively evaluating
results against product specific acceptance criteria.

2. Materials and Methods
2.1. Materials

Throughout the study, tablets of varying types were analyzed, encompassing two main shapes:
oblong and round. Their size can vary from 3 to 20 mm. Their surfaces are more or less curved and on
one of them they presents a debossing of multiple character. Often the characters are R, O, C, H, E since
the tablets come from development batches. One can note that this ROCHE debossing is not always
the same, depending on the punches, the font, font size and orientation are different. In some cases
however, the characters are different, with numbers for example, to indicate the dosage. Additionally,
some tablets are coated with a different colors.

The microscope used for this study is the Keyence VR-3200. The main feature of this microscope
is to deliver two distinct measurements. The first acquisition is an optical image taken with a lens and
the second measurement is a height/depth map of the surface. Together this leads to a reconstructed
3D image. The optical image can be taken with different magnification intensities (12x, 25x and 38x).
It also offers the possibility to perform stitching to reconstruct a bigger image. However, the height
mapping has a fixed precision in term of pixel density, which corresponds to the 12x magnification.
Nevertheless, three different measurement modes can be used for the height mapping, which take
more or less time and mostly affect the precision of the measurement on the pixel level. The focus is
calibrated by the user for every new measurement and guaranties that the optical image is sharp and
that the height mapping is in range. The last important parameter to consider is the luminosity for
the height mapping, depending on the set luminosity, some places of the measurement window are
overexposed or underexposed leading to loss of height information in these regions.

The software of the microscope used in this analysis is the Keyence VR-3000 G2 Series Software
in version 2.5.0.116. The latter enables multiple data output possibilities. Although the software
can perform complex analyses, automating the analysis workflow using integrated functions is not
considered to maintain versatility. Hence, only the raw data from the measurements are retrieved, the
optical image is saved in a RGB .png file format and the three-dimensional surface scan data (height
map) in a .csv file format containing the matrix of all measurement points. The resolution of the two
output is the same, namely 1024 × 768, with perfect spatial pixel to pixel correspondence. An example
of the data output is shown in Figure 2. An important feature of this microscope is the possibility to
make multiple measurements in one run and to automatically save all the results to a folder. This is
done by programming an inspection routine for each stage position and combining them into one
unique inspection file. Once this routine is generated all the measurement settings are fixed, including
luminosity, height mapping mode, high dynamic range image acquisition.

From the raw data in Figure 2b it is noticeable that the height data presents a good description of
the surface. Even in the low contrast representation using a heat-map, the debossing is recognizable.
Given this output the assumption made at this stage was to choose the height data as primary source
for identifying defects like picking, sticking, chipping or abrasion. Undoubtedly, the optical image
presented in Figure 2a offers a highly detailed representation of the surface. Notwithstanding, the
characterization of structures in an optical image is inherently challenging due to the influence of
parameters such as focus, color contrast, and shadowing on the magnified image of the tablet.
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Figure 2. Raw measurement output data of the microscope. (a) Optical image taken at minimal magnification
(12x) with high dynamic range mode, meaning no part of the image should be over or under-illuminated. (b)
Three-dimensional surface scan data (height map) displayed as a heat-map, the color-map varies from red to blue
depending on height (red is high, blue is low).

2.2. Background Suppression

First of all, one needs to isolate the main object of interest, namely the tablet. This means
there needs to be a automatic way to separate the tablet from the background, and this on the two
measurement outputs, the optical image and the height map. Two challenges emerged from this
problematic. The first concerns the geometry of the tablet, since between different projects, the size
and form of the tablets vary enormously. Furthermore, the tablets are not always perfectly placed in
the middle of the measurement window. The second issue is that, depending on the tablet’s maximal
height, the microscope can or can not measure the height of the background, leading to NaN (Not a
Number) values around the tablet. Considering these instabilities, a mathematical solution like a height
threshold or a geometric mask are not ideal. Moreover, the optical image seems to be more attractive
to perform this differentiation since it has always a defined value for each pixel and one can achieve
a high contrast with the background depending on the color of the holder. This led to investigate
more sophisticated methods for automatic background suppression. In modern image processing
software this feature is an important and very used tool. In the OpenCV library a lot of traditional
algorithms are already integrated to perform this task. They use for example Local SVD binary patterns
or Gaussian-mixture segmentation to differentiate between foreground and background. However,
after testing these algorithms, their performance was found to be low. They suffered from a high
sensibility to changes, like color or shape of the tablets. Ultimately this led to consider state-of-the-art
solutions using pre-trained convolutionnal neural networks. The retained solution is U2-Net which is
an open-source model for background subtraction [15]. It is featured in commercial image processing
softwares like Pixelmator Pro. Additionally this study is developed fully in python which makes it
easy to implement in the framework of this work. Once the binary mask is obtained with the U2-Net
model, it can be applied on both of the two measurement outputs of the microscope. This is possible
thanks to the fact that each pixel has a one-to-one spatial correspondence.

2.3. Tablet Support

The proposed workflow requires the capability to measure multiple tablets in an automated
process. Therefore, a custom holder for multiple tablets has to be made. Other constraints had also
to be taken into account while designing this support holder. Namely, to make the background
subtraction as efficient as possible the holder has to exhibit a color contrast with the tablets. Also,
the holder should be non-reflective since the height measurement procedure involves a surface scan
with alternating light and dark spots. Finally, the holder should be able to host 24 tablets, which is
the maximum simultaneous measurements the microscope can do, while fitting on the motorized
microscope stage. Different plastic materials with different colors were tested to asses which one of
them gave the best results. In the experimental stage tablets are mostly white or yellow, in rare cases
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they are red due to coating. Therefore, the color of the holder should be black for maximum contrast.
The best results were given by the black and mat Onyx plastic from Markforged. This material is
a Nylon plastic reinforced with carbon microfibers. The interesting feature of this material, with
respect to this work, is the small reflectivity and mat finish, due to the carbon fibers. Additionally,
different holders had to be printed to accept diverse tablet geometries. The round tablets can fit inside
a universal sized holder. However, the oblong tablets are more likely to sit tilted inside the holder,
especially, when they are too small. This led to the need of distinct sizes for oblong shaped tablets.

2.4. Flattening and Normalization

The processing in this section is only applied to the height map data. The goal is to simplify the
data and to translate it to an actual interpretable image. Once the background is subtracted or masked,
one is left with a data matrix representing the surface of the tablet. This data has to be normalized
to enable efficient comparison and image conversion. Unfortunately, this step will cause loss of the
exact height information since the real values will be transformed. Anyway, the most interesting
part is the contrast, that is, the height difference between the different surface structures, so this loss
of information is not significant. The subsequent transformation is the flattening of the surface. To
achieve optimal contrast for the surface structure, especially given the tablet’s strong curvature, the
surface is fitted using a degree 4 polynomial function. This transformation is implemented using the
Python library scikit-learn (version 1.6.0). The resulting fit will then be subtracted to the original
height to obtain the flattened surface. Afterwards, a second normalization is performed; the minimum
height is set to the value 0 and the maximum to the value of 255. A linear operation maps all the
remaining heights to the 254 remaining values. This corresponds to an 8-bit encoding as found in a
grayscale image, enabling therefore to describe the height mapping data as an image representing the
flattened surface of the tablet. This transformation is necessary since the common object detection
neural networks need mandatorily images to work with. The second aspect is the data size reduction;
the height data as a .csv file takes around 8 MB of storage where as the flattened gray-scale .png file
takes only 80 KB. Moreover, the microscope outputs the exact pixel to length ratio that is needed to
reconstruct the surface areas and lengths on the image. One potential drawback of this encoding is the
small number of levels, one could think about encoding the image in 16-bit, ranging to 65536 shades of
gray. However, after testing, this idea was abandoned due to lack of support from PyTorch (version
2.5.1) and OpenCV (version 4.10.0.84) for such image encodings.

2.5. Segmentation and Classification

Once this flattening is performed, the surface will count multiple features, such as letters, numbers
and other defects. This leads to the core of the algorithm: object detection. During this step, characters
and possible defects on the images are identified. The precise output of this step consists of a bounding
box, a label and a detection score ranging from 0 to 1. The bounding box is a collection of pixel
coordinates on the image, delineating a specific region. The label associated with the bounding box
indicates the nature of the detected object, in this case the corresponding defect or character, and
the detection score serves as a quantitative measure of confidence in the identification. Within the
scope of this study, the analyzed tablet are always debossed. This approach allows to evaluate, during
the development stage, whether picking is likely to occur if the tablet progresses to the production
phase. Therefore, the algorithm should be able to detect the letters and numbers individually, to
have the possibility to asses the quality of each structure independently over multiple tablets. For
such a problem statement, the first algorithm class to come in mind is Optical Character Recognition
(OCR) algorithms, like Tesseract OCR [16]. However, they suffer from a great weakness; they are
really bad at detecting rotated characters. This is a major drawback since especially for round tablets,
controlling the orientation when measuring is really difficult. Moreover, those algorithms are not able
to detect defects like sticking, chipping and abrasion. Considering these difficulties the chosen solution
is to train a custom trained object detection model to fulfill the desired application. This approach is
based on machine learning and uses Convolutional Neural Networks (CNNs) to perform the object
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detection. Within this framework two task can be distinguished. The first one is segmentation, this
task refers to the operation of detecting regions of interest in the image. The second task necessary
for object detection is classification, where the regions detected previously are associated with a label
corresponding to the most probable class of objects depending on the training data.
A variety of state-of-the-art models are available to do object detection on images, the three primary
models used today are YOLO (You Only Look Once), SSD (Single Shot Detector) and Faster R-CNN .
Each model features a unique architecture, offering different trade-offs in terms of complexity and
accuracy. However, they all share the same foundational building block, which are CNNs. The
latest version of YOLO is the most efficient model, it exhibits an impressive accuracy while running
sufficiently fast to achieve real-time detection [17]. SSD and YOLO are both considered real-time
detection networks, their speed is mainly due to the fact that they don’t separate segmentation and
classification in two distinct networks. Regarding accuracy Faster R-CNN and YOLO are comparable.
However, the machine learning frameworks used in this project, namely torchvision (version 0.20.1)
and PyTorch (version 2.5.1) feature only the possibility to choose between SSD300 (300 stands for the
input image size, 300x300) and Faster R-CNN. We selected Faster R-CNN model with a ResNet-50
backbone considering accuracy and integration into the algorithm. This architecture is based on the
work of Ren et al. [18]. In this model, segmentation and classification are separated.

To train such a network, the first step is to adapt the size of the last layer, replacing the classifier
head of the network to match the number of output neurons with the number of different output
classes expected by the training data. Additionally, it is important to have a pre-trained network with
a big image dataset as the large amount of parameters require large amounts of training data. In
this case the COCO (Common Objects in COntext) image dataset, which counts 330K images and 1.5
million object instances, was used. This approach enables to train the network on a small number of
examples while still having a very accurate detection. The next step is to full-parameter fine-tune the
model on the new dataset. This means no neuronal layer is frozen and the model is allowed to adapt
every one of its weights to better match the training data. This is especially important for the desired
application since the training data is very different from the COCO image database. The training
dataset was created by measuring a large amount of different tablets and to annotate the obtained
gray-scale images. Here, annotating means the procedure of drawing bounding boxes on the image
and labeling them manually. The key to have an accurate detection is to have high variety inside
the dataset. This variety relies in the shapes, sizes, characters, coatings of the tablets as well as their
orientation during measurements. To enhance the number of orientation and sizes it is possible to
rotated and zoom the images after the measurement. The important part being to make sure that the
bounding box is still valid after the transformation. In computer vision this procedure is called data
augmentation. Additionally, some tablets were artificially degraded to obtain defect examples for the
training. Regarding the labels, i.e. the different classes of objects, the most common debossing in the
tablet development process is ROCHE or RE. Due to a high number of examples for these letters it was
possible to classify them into two categories good or bad. This classification can help to identify letters
that don’t correspond to the expected shape, and therefore represent an additional detection layer for
picking. For example if the central island of the R is missing or a part of the E is not debossed properly.
For the additional letters and numbers, the classification is independent from defects, meaning that
they can only be detected as one class even if they present a non-conformal shape. This is mainly due
to lack of example data. Finally, a defect class is created for every strange structure, such as sticking,
chipping or abrasion defects observed on the training data. This class is not as well defined as the
other classes since two defects are rarely identical. However, by broadening the definition for this
specific class one expects the model to use it as an unknown structure classifier.

2.6. Quantification

Until now, the algorithm can identify the letters R, O, C, H, E and labels them as good or bad
depending on the training data. However, this is not a true acceptance criterion; it has an inherent
flaw, as it does not explain why the model chooses one class over another. To enhance the sensitivity
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of the analysis, the model should be fine-tuned with a new training set for each project. This dataset
should include only one type of tablet and account for defective tablets as well. Moreover, this is
only a discussion for ROCHE debossings the other characters are detected but not evaluated quality
wise. To address this issue the python library OpenCV (version 4.10.0.84) will be used. The goal is to
obtain quantities out of the previously detected characters. Since the object detection model indicates
the coordinates of the bounding boxes as output, one could imagine a second algorithm that will
extract the area of every character as well as the perimeter of its contour. This is solved by temporarily
cropping the image and to consider only one bounding box at a time. Afterwards, one applies a
Gaussian adaptive threshold to obtain a binary image of the character. This method is similar to a low
pass filter for frequencies as it neglects slow changing pixels and thus filters out noise to only keep the
character. Afterwards, a contour detection algorithm is applied. This function is already integrated
into OpenCV and is based on the work of Suzuki and Be [19]. One examples of this procedure can be
seen in Figure 3. The contour detection algorithm generates a hierarchy tree which allows to identify
the confinement relationship between the different contours.

Figure 3. Contour detection procedure on a R character bounding box. Displayed units are in pixels. (a) Cropped
gray-scale image; (b) Gaussian adaptive threshold binary image; (c) Detected contours.

Additionally, it provides an option to extract the area and the perimeter of a given contour in
number of pixels. To obtain the true character area, if an internal contour is detected, its area will be
subtracted from the external contour area. Regarding the perimeter of the character, the operation is
an addition instead of a subtraction.To obtain the character surface area and the character perimeter,
one needs to multiply the precedent numbers by the pixel to length ratio. This value is given by the
microscope and depends on the magnification. For the used magnification, namely 12x, the length of
one pixel corresponds to 23.505 µm.

Finally, all the external contours of the characters are drawn on the gray-scale image. The detected
label and the calculated area are displayed next to the bounding box for easy comparison. The final
result for one tablet can be seen in Figure 4b. Additionally to the letters this contour detection is also
performed on the exterior border of the tablet. This enables to also have information about the overall
size of the tablet. The tablet perimeter is obtained via this method on the gray-scale image. However,
the tablet area is found to be more reliably measured on the optical image after thresholding. An
example can be found in Figure 4a.
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Figure 4. Detection output for one generic tablet; after segmentation, classification and quantification. The area
values in red are given in [mm2]. (a) Optical image. (b) Gray-scale height image. In blue the detected labels, i.e.
the detected characters and the corresponding bounding boxes are displayed. The labels already classify the
characters between the good or bad label based on training.

2.7. Tolerance Interval
2.7.1. Tolerance Interval for Tablet Characters

For every measured tablet one obtains the area and perimeter for each detected character. Hence,
by performing a measurement on multiple tablets of the same kind, one is able to do a statistical
analysis on the obtained values. The common way to deal with such data implies the use of a Tolerance
Interval (TI). The utility of the TI lies in its ability to assert that at least a specified proportion p of
the population, with a certain degree of confidence α, resides within the given interval. This type
of interval is particularly useful in manufacturing contexts, where a small sample must define the
acceptance criteria for a virtually infinite number of future units. The critical distinction between
a confidence interval and a TI pertains to the quantity that the interval bounds. In the case of a
confidence interval, the objective is to estimate the bounds of the parameters of a given distribution,
namely the mean and the standard deviation, based on a random sample. Conversely, a TI is used to
bound a specified portion of future measurements. Additionally, a third type of interval exists, known
as the prediction interval, which is differentiated from the TI by its purpose of setting predictions for
a specific number of future samples. For further discussion it is critical to assume the data to follow
a normal distribution. This assumption leads to a TI described by Equation 1 where µ is the sample
mean, σ is the sample standard deviation and k2 is the two-side k-factor [20]. With x being a new
data-point.

x ∈
[

Tp
∼

,
∼
Tp

]
= [µ − k2(1 − α, p, n) · σ , µ + k2(1 − α, p, n) · σ] (1)

Multiple approximations exists to calculate the k-factor, the most known and used one was derived
by Howe [21], and is given by Equation 2, where z(1+p)/2 is the critical value of the standard normal
distribution and χ2

1−α, n−1 is the critical value of the chi-square distribution.

k2(1 − α, p, n) = z(1+p)/2

√√√√ (n − 1)(1 + 1
n )

χ2
1−α, n−1

(2)

The result of this statistical analysis can be summarized on a chart containing box-plots for the data
and the TI for each character. It is important to note that, to obtain the TI, the proportion p and the
confidence α need to be set by the user. An example of this chart is given in Figure 5, which is a result
of an analysis performed on 24 identical oblong tablets.

On these box plots, the area is zero centered to better compare the different intervals. To avoid loss
of information, the legend indicates the mean of the data-points, their standard deviation and also their
number, i.e. the number of detected character. Otherwise, the box plots follow standard conventions.
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They represent the minimum, first quartile (Q1), median, third quartile (Q3), and maximum of a
dataset. They use a box to indicate the interquartile range and "whiskers" to show the range outside
the quartiles, with any outliers typically plotted as individual points. In the example of Figure 5, the
area of the characters are very consistent over the multiple tablets. For each character the standard
deviation σ is less than 0.015. Also, all characters have been detected 24 times meaning there seems to
be no tablet with a picking defect. Even if some outliers to the box plots exist, all the area data-points
are included in the TIs. Additionally, no defect was detected by the model meaning absence of sticking.
Similar box plots are realized for the perimeter of each character. This facilitates more accurate picking
detection by allowing for the control and comparison of each character’s perimeter and area against
the different TIs. This can be further motivated by the fact that certain character with picking could
present the same area as the standard one by having a slightly different shape.

Figure 5. Box plots of the zero centered area (x − µ) for the R, O, C, H, E debossed characters on 24 oblong tablets.
Additionally, the Tolerance Interval (gray) calculated on this dataset, containing 95% of the population p with 95%
confidence α, is displayed. The number of character recognized n, the mean area µ and the standard deviation σ

for the different characters are indicated in the legend.

2.7.2. Tolerance Interval for Tablet Body

The previous TIs are only meant to asses if picking is detected. For sticking, the algorithm fully
relies on the capacity of the model to detect anomalies on the surface. However, for chipping, in
addition to the detection of the model, other methods can be used to detect these defects. Based on the
same principles as for the contour detection of characters, it is possible to make a contour detection of
the tablet itself. This procedure can be done on the height gray-scale image as well as the optical image.
Similar to the characteristic attributes for the character, this method extracts the area and perimeter of
the entire tablet for both images. To ensure optimal stability in measurement accuracy, the selected
characteristic attributes for further computation are the tablet area from the optical image and the
tablet perimeter from the height gray-scale image. Additional TIs will then be computed for these
attributes to assess the occurrence of chipping on the tablet, see Figure 6.
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Figure 6. Box plots of the tablet surface perimeter and tablet surface area on 24 oblong tablets. Additionally, the
Tolerance Interval (gray) calculated on this dataset, containing 95% of the population p with 95% confidence α, is
displayed. The number of tablets recognized n, the mean area µ and the standard deviation σ for the characteristic
attributes are indicated in the legend.

2.8. Process Flowchart

To summarize, the proposed algorithm recognizes characters on the surface of the tablet, while
providing the area and perimeter of the latter, in order to identify picking. The tablet perimeter and
tablet area are also extracted by means of contour detection, in order to identify chipping. Additionally,
if an anomaly is detected on the surface, it will likely be classified as a defect by the object detection
model. This is designed to identify the presence of sticking, chipping and abrasion. Finally, specifically
for the R, O, C, H, E characters, the object detection model classifies them as good or bad depending
on the examples provided during training. All these characteristic attributes can now be compiled
together to obtain a categorization for the tablet, either ’Good’ or ’Suspicious’. The tablet is considered
’Suspicious’ when one or more characteristic attributes are not included in the TIs. Furthermore, the
tablet is also considered ’Suspicious’ if the object detection model identifies a defect or any bad character.
This final logic component is technically an OR gate, which will return ’Suspicious’ when at least
one of the underlying algorithms is detecting an anomaly. The process flowchart for the proposed
algorithm in operating mode can be found in Figure 7. Note that the flowchart is different when
creating a reference measurement since the tablets are chosen to be visually pre-classified as ’Good’
by the operator. Therefore, the algorithm just needs to calculate the TIs for the different characteristic
attributes.
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Figure 7. Process flowchart of the developed algorithm in operating mode, including data-acquisition, pre-processing, analysis, quality assessment and reporting. The quality assessment is done with
Acceptance Criteria (AC) based on Tolerance Intervals (TI) of a reference measurement and on a previously trained Faster R-CNN object detection model.
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3. Results
3.1. Precision

In order to further validate the results, it is important to verify the precision of the measurement
in the acquisition stage. The procedure for this experiment is to perform two identical measurements
on the microscope, meaning that no tablet is replaced or moved in between acquisitions. By comparing
each individual data point for both measurements it is possible to conclude on the precision of the
method. This is especially important to validate the use of TIs. To display the relationship between
individual data points, multiple parity plots are generated. Each parity plot concerns one specific
characteristic attribute. Figure 8 presents the parity plots for the character area’s. It shows a high
consistency between the two measurements since nearly all the data points are on the diagonal
representing the ideal parity. Notably, the perimeter of the characters is prone to more variability
between the two measurements, as showed in Figure 9. This observation can be confirmed by the tablet
area’s and tablet perimeter’s showed in Figure 10. To better quantify this variability is it possible to
calculate the Normalized Root Mean Square Error (NRMSE) for each characteristic attribute; the values
are shown in Table 1. The NRMSE value is 2 to 5 times larger for perimeter than for area validating the
advantage of area over perimeter. Nevertheless, both attributes are important for detecting picking or
chipping defects since the defects are random.

Figure 8. Parity plot for the area of each character between two identical consecutive measurements of 15 tablets
on the microscope. The dots are the individual data points and the central xy line represents the ideal parity.

Figure 9. Parity plot for the perimeter of each character between two identical consecutive measurements of 15
tablets on the microscope. The dots are the individual data points and the central xy line represents the ideal
parity.

Table 1. Normalized Root Mean Square Error (NRMSE) for the character perimeter, character area, tablet perimeter
and tablet area between two identical consecutive measurements of 15 tablets on the microscope.

Characters TabletsR O C H E
NRMSE Perimeter (×10−2) 12.78 10.99 7.89 8.74 6.16 34.60
NRMSE Area (×10−2) 2.39 2.15 3.60 3.63 2.98 8.88
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Figure 10. Parity plot for the tablet perimeter and tablet surface area between two identical consecutive measure-
ments of 15 tablets on the microscope. The dots are the individual data points and the central xy line represents
the ideal parity.

This precision evaluation demonstrated that the measured data exhibit sufficient consistency,
allowing for confident use in evaluating the characteristic attributes of the tablet. Especially the
measured area is very precise between the two measurements.

3.2. Case Studies
3.2.1. Defect Identification

To verify the capability to detect defects, the algorithm is faced with a new group of 24 tablet cores
presenting defects. Every one of these tablets originate from the same batch but exhibit a high disparity
in quality. Around half of the tablets present slight picking with one tablet out of four presenting a
strong picking defect. They are not subject to chipping or sticking but some surfaces present abrasion.
This will allow for an assessment of whether the area and perimeter detection on the characters,
along with the calculated TI, is effectively identifying picking and to what extent. Furthermore, this
procedure will also test the model’s sensitivity, as these tablets are not part of the training dataset for
the Faster R-CNN object detection model. It should be noted that, in this case study, the TI is calculated
over the current measurement and not a reference measurement.

The resulting box plots for this analysis are given in Figure 11. First of all one can see that there is
a large difference in TI size for the different characters. This behavior can also be seen by the standard
deviation that is two times bigger for O, C and H than for R and E. Since O, C and H are placed at
the center of the debossing, it appears that the preferred picking location, on these tablets, seems to
be in the center of the debossing rather than on the sides. In addition, two outliers to the TI can be
identified. The O outlier corresponds to the tablet whose detection output is given in Figure 12a where
as the C outlier is given in Figure 12b. Since these are ROCHE debossings, the model evaluate also
their quality based on the training data. Notably, the two outlier were already detected as bad by
the Faster R-CNN model. Furthermore, the model was able to identify additional picking on other
characters even if the TI wasn’t exceeded. Such a behavior can be seen in Figure 12c, where every
character’s area and perimeter is inside the TI even if the tablet presents picking which was detected
by the model. This leads to the conclusion that the Faster R-CNN model is more sensitive to picking
defects than the calculated TIs with the chosen parameter p = 95% and α = 95%. It relates to the fact
that the model identifies the shape of the character and not just the area or the perimeter. Combining
these two approaches can either confirm the results or extend them to avoid missing on picking events.
Furthermore, for other characters than ROCHE it is important to have the acceptance criterion based
on the TI since the training data wasn’t sufficient to make a distinction between good or bad characters.
However, this can be easily implemented when an appropriate number of tablets with other characters
is available.
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Figure 11. Box plots of the zero centered perimeter (x − µ) for the R, O, C, H, E debossed characters on 24 oblong
tablets. Additionally, the Tolerance Interval (gray) calculated on this dataset, containing 95% of the population p
with 95% confidence α, is displayed. The number of character recognized n, the mean area µ and the standard
deviation σ for the different characters are indicated in the legend.

The algorithm should also be unsensitive to tablets that are not presenting any picking, this can
be verified in Figure 12d. The latter shows the detection output for a tablet corresponding to a good
standard, where no area or perimeter exceeds the TI, neither does the Faster R-CNN model evaluate
any character as bad. The outcome of this case study has shown that the algorithm is efficient to identify
visual picking defects. They are identified either through the calculated TIs or by the Faster R-CNN
object detection model. Each method offers distinct advantages, and when used synergistically, they
can enhance the accuracy of defect identification.
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Figure 12. Detection output for different oblong tablets with varying quality and defects; (a), (b), (c) were identified
as ’Suspicious’ by the algorithm. (a) Slight picking is visible on the O, C, H and E, the detected area from the
gray-scale height image confirms these defects. (b) Strong picking is visible for the O and C. (c) Strong picking on
the center island of the R. (d) Tablet with no defect, evaluated as ’Good’ by the algorithm.

3.2.2. Inter-Batch Assessment

In operating mode, the algorithm calculates a TI based on previous measurements to compare
the current data with a reference. This reference should consist of at least 20 tablets, selected by
the operator and visually pre-categorized as ’Good’, to ensure a sufficiently large reference size for
the TIs to achieve reliable results. An example of the zero centered area with a reference tolerance
interval is given in Figure 13. Notably, there is no outlier in this example meaning that the reference TI
captures correctly the visually identified defects. However, this is an isolated experiment on a unique
attribute, i.e. the character area. To test the efficiency of the proposed method for comparing multiple
datasets using all acceptance criteria based on TIs, an experiment involving three batches is conducted.
Each batch will serve as a reference not only for the other two batches but also for itself. The three
batches are visually controlled to identify real visual defects, in order to compare the algorithm defect
identification with the reality. The visual inspection identified picking defects in two out of the three
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batches, with no chipping detected. This leads to four possible classification displayed in a so-called
confusion matrix. True positive meaning there is a visual defect on one tablet and it was correctly
detected by the TIs. True negative meaning the tablets are visually ’Good’ and classified as such by
the algorithm. False negative meaning a visual defect was undetected by the TIs. And finally false
positive, when a defect is detected that don’t exist. Figure 14a presents the result of the verification
procedure using a TI calculated at p = 95% and α = 95%. The first notable observation from Figure
14a is that real defects in these batches are consistently detected by the TIs, also called as true positives.
However, there are a certain number of false positives detected in batches 1 and 3. The origin of these
false positives in batch 1 is related to the acceptance criteria for chipping, namely the TIs of the tablet
area and tablet perimeter.

Figure 13. Box plots of the zero centered area (x − µ) for the R, O, C, H, E debossed characters on 24 oblong tablets
from batch 2. Additionally, the Tolerance Interval (gray) calculated on a different dataset originating from batch 3,
containing 95% of the population p with 95% confidence α, is displayed. The number of character recognized n,
the mean area µ and the standard deviation σ for the different characters are indicated in the legend.

In batch 3, the false positives are attributed to the picking acceptance criteria, namely the TIs of the
character area and character perimeter. Furthermore, it is possible to make the same confusion matrix
and changing the population proportion p to 99% instead of 95%, while keeping the confidence α at
95%. This will increase the size of the interval since theoretically a larger part of the population should
be included. The resulting confusion matrix is presented in Figure 14b. The two confusion matrices
exhibit the same number of True Positives, meaning that both TI parameters are reliable to detect
picking events but the number of false positives is notably lower for p = 99%. Hence, the preferred
population parameter p is 99% in order to limit the number of false positives. However, this choice
is limited to the investigated tablet type because the scatter of the data points maybe different for
other types of tablet with varying shape, size and characters. Nevertheless, the main takeaway of this
case study is the successful identification of all visual defects present on the tablets, regardless of the
reference batch or the selected interval parameters. While too many false positives are not ideal, the
suspicious tablets will undergo a visual inspection where the operator can make the final decision.
Importantly, no false negative tablets were detected, the latter are more problematic, as they are not
intended to undergo a second inspection. It is possible to conclude that the calculated reference TIs
exhibit high sensitivity in detecting picking defects. By coupling these acceptance criteria with the
Faster R-CNN model classification for picking on ROCHE characters, a high level of confidence can be
placed in the method’s picking detection.
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Figure 14. Confusion matrices for three measurements conducted on batch 1 to 3. For different parameters used to
calculate the Tolerance Intervals (TIs), specifically the population coverage p and a confidence level α. The truth
values, i.e. the real defects, are obtained via visual inspection of every tablet sampled from the different batches.
The distinction is based exclusively on defects that are outlier to the TIs, calculated using measurement data from
the three different batches. (a) p = 95% and α = 95% ; (b) p = 99% and α = 95%

4. Conclusions
In this study, a new measurement workflow and algorithm was developed to detect and quantify

visual defects on tablets, specifically targeting sticking, picking, chipping, and abrasion defects. The
algorithm uses the microscope’s ability to generate an optical image and a three-dimensional surface
scan of the tablet. An inspection routine on the microscope software enabled us to automate the
data acquisition for up to 24 tablets per run. Afterwards, the simplification of the output data of the
microscope was done by using different procedures, involving a polynomial surface fit and a deep
neural network for background subtraction. This enabled to generate a suitable input for a Faster
R-CNN object detection model whose purpose is to detect characters and defects on the tablet’s surface.
The model was one-time trained on a dataset of 608 images of tablet cores and film-coated tablets with
different shapes, sizes, colors, orientations, and debossing’s. The model was able to detect the imprint
characters as well as sticking, picking, chipping and abrasion with high sensitivity, even if they were
rotated. Furthermore, the object detection model was then combined with a statistical analysis to create
additional quantification of the characters for picking by means of measuring the character area and
character perimeter. The same procedure is also applied to the tablet surface area and tablet surface
perimeter in order to detect chipping defects. Statistical analysis enabled us to calculate Tolerance
Intervals (TIs) on the different characteristic attributes of the tablets. These TIs combined with the
Faster R-CNN object detection model set multiple acceptance criteria for tablets which are then applied
to categorize as ‘Good’ or ‘Suspicious’. The method was evaluated and showed a high precision
between two identical measurements. The algorithm was then evaluated on a new set of tablets
containing some tablets with visually detectable defects and on an inter-batch assessment experiment.
The results showed that the algorithm is able to detect sticking, picking, chipping and abrasion with
a high sensitivity. The algorithm was also able to compare multiple datasets using TIs and to detect
visual defects in a new batch of tablets without false negative results; demonstrating its suitability
for comparison and quantitative evaluation of tablets from a new batch with data obtained from a
reference batch. The algorithm was optimized for the operation by a simple routine with user interface
accessible through a web browser. The resulting software is able to run on a standard computer with
the ability to evaluate and report results of one run in less than two minutes. These characteristics
and the flexibility to analyze small and large sample sizes, enables the industrial applicability of the
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workflow and algorithm for knowledge-based formulation and process development as well as for
quality control with high robustness of the control strategy.
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