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Abstract: Additive manufacturing is one of the continuously developing areas of technol-
ogy that still requires reliable monitoring and quality assessment of obtained products.
Considering the relatively long time necessary for manufacturing larger products, one of
the most desired solutions is video quality monitoring of the manufactured object’s surface.
This makes it possible to stop the printing process if the quality is unacceptable. It helps to
save the filament, energy, and time, preventing the production of items with poor aesthetic
quality. In the paper, several approaches to image-based surface quality assessment are dis-
cussed and combined towards a high correlation with the subjective perception of typical
quality degradations of the 3D printed surfaces, exceeding 0.9. Although one of the most
significant limitations of using full-reference image quality-assessment metrics might be the
lack of reference images, it can be overcome by using mutual similarity calculated for image
regions. For the created dataset containing 107 samples with subjective aesthetic quality
scores, it is shown that the combination of even two metrics using their weighted sum
and product significantly outperforms any elementary metric or feature when considering
correlations with subjective quality scores.

Keywords: 3D prints; image analysis; image quality assessment; multi-metric fusion;
combined metrics; additive manufacturing

1. Introduction
An increasing interest in additive manufacturing technologies, observed in recent

years, makes it possible to enhance the rapid prototyping, customization, and small series
production of various parts and elements. Starting from the RepRap project, initiated in
2005, through the expiration of the patent for additive printing in 2009, to further rapid de-
velopment of this branch of technology, the most popular and widely available technology
is based on Fused Deposition Modeling (FDM) utilizing polymer filaments, such as PLA
(polyactic acid) and ABS (acrylonitrile butadiene styrene) [1]. Some other important types of
3D printing technology are SLA (stereolithography) and mSLA (masked stereolithography).

The development of additive manufacturing technology is particularly important in
the era of Industry 4.0 due to the possibility of using various materials, not only the popular
plastic filaments, but also metal or concrete, for 3D printing. Therefore, various types of 3D
printers available on the market require more or less precise calibration and, depending
on the materials used for their construction as well as the type and quality of filaments,
provide varied quality of final products [2].

Three-dimensional printing is a complex process, the quality of which is influenced
by many factors such as nozzle diameter, head temperature, layer height, printing speed,
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and filament diameter [3]. The above parameters are related to the maximum volumetric
flow, expressed in mm3 per second, which determines how much material the extruder
and head system is able to extrude. Nowadays, slicer programs have the ability to set
a limit on this parameter, which leads to a reduction in the printing speed, depending on
the layer height and layer’s line width. However, even for correctly selected parameters,
the printing process may be temporarily disrupted or completely interrupted. An example
of such problems may be dirt or a foreign body in the filament, which usually leads to the
nozzle being partially or completely clogged.

The main problems with 3D print quality come from the lack of selection of appropriate
printing parameters—filament calibration for the process. Head temperature that is too
low leads to under-extrusion due to the nozzle being blocked by unmelted material. On the
other hand, too high temperature usually leads to stringing and the filament’s warping on
the edges of the printed object. Additionally, poor quality filament with varying diameter
differing from the required one (typically 1.75 mm) may lead to similar quality problems.
The extruder motor rotates at a given angle and speed to extrude the appropriate amount
of material. If the filament diameter deviates from the required one, then for a larger
diameter the extruder will feed more filament, leading to over-extrusion. Nevertheless,
an under-extrusion is also possible when the stepper motor is unable to push out the excess
material and misses some steps. This will cause the material not to be supplied in the
appropriate amount. For the samples used in the paper, the printing defects were obtained
by interfering with the extruder’s operation.

Although in many applications, especially those involving the use of relatively cheap
and widely available 3D printers, the presence of even minor distortions or cracks on the
surface of a 3D printed object results in disqualification of the manufactured item, in some
cases it is possible to correct minor surface defects after printing is complete. From an
aesthetic point of view, the presence of such minor defects might be acceptable; however,
the detection of some more significant issues during the printing process should result
in its termination. Hence, it is possible to save material, energy, and time, preventing the
production of objects that would be thrown away. Nevertheless, although there exist some
3D printing-monitoring solutions based on the use of cameras, there is still a need for
improvement of existing surface quality-assessment methods for 3D prints to achieve better
correlation with subjective opinions.

In a recent paper [4], an overview of the current state-of-the-art of the quality control
for additive manufacturing has been presented, with a particular emphasis on video
feedback and 3D scanning. Its authors indicate the need for quality control for robust
and reliable 3D printing due to the lack of a comprehensive solution and the need for
further work.

A promising direction of research is the application of Convolutional Neural Net-
works (CNNs) for such purposes, e.g., for the calibration of Fused Deposition Modeling 3D
printers, which has been examined in a recent paper [5]. The applied network has demon-
strated its usefulness for the detection of various types of defects, including cracks [6],
stringing [7], as well as under-extrusion and over-extrusion [8], which had been detected
separately in previously presented solutions. Another advantage of this approach is its
ability to detect and quantify the degree of warp deformations [9,10]. Another application
of neural networks, related to printing error detection and correction using a multi-camera
machine vision system, is presented in the paper [11], where a large number of images of
the nozzle tip and material deposition captured at various production stages were used to
train the network.

A complicated measurement system designed for dimension accuracy verification was
proposed by Pollak et al. [12] that is based on a depth sensor and a precise servomechanism.
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Nevertheless, precise control of the dimensions of the manufactured object requires the
use of dedicated software, a programmable logic controller (PLC), and a servomotor.
Lishchenko et al. [13] have proposed an online surface quality-monitoring system based on
the analysis of the first and the last layer of the 3D printed samples using a laser profiler.
A quite similar approach, however, utilizing micro-lidar, is applied, e.g., in Bambu Lab X1C
and X1E devices, where the printing correctness and quality are checked for the first layer.
The micro-lidar is also used for the calibration of some other important parameters, such as
pressure advance and filament flow.

An original idea of using computer vision for the quality evaluation of 3D printed con-
crete structures has been proposed in the paper [14]. Similar to earlier papers, e.g., ref. [15]
where the plastic filaments have been examined, its authors assumed that higher entropy
variation characterizes lower-quality concrete surfaces. Nevertheless, in the approach pro-
posed for concrete structures, Local Binary Patterns (LPBs) were additionally applied for
texture analysis. Although the proposed methodology seems promising, its practical imple-
mentation and further verification are considered one of the challenges for further research.

The authors of the paper [16] used simple and popular methods, such as color differ-
ence calculated for CIELAB color space, Canny edge detector, Hu moments, and median
filtering, for quality control of 3D printed parts, achieving an overall accuracy of 86.5%.
As stated by the authors, the developed system has some limitations, e.g., related to its
sensitivity to lighting conditions and reflections, the necessity of tuning the filter size,
as well as some other parameters such as binarization thresholds.

A novel idea of the application of the linear regression, support vector regression
(SVR), and long short term memory (LSTM) network for the analysis of the filament flow
data has been presented by Mayer et al. [17]. This approach is based on using both scans of
the printed flat elements as well as time series from the in-process sensor measuring the
filament flow. The method was verified using a dataset of 73 flat samples, similar to the
database used in this paper. The authors noticed the necessity of further improvements of
the developed system to increase the reliability of the prediction and reduce inaccuracy.

Since the progress in the development of 3D printers is continuously high, there is still
a necessity for better quality-assessment methods dedicated to additive manufacturing,
which should be as fast and reliable as possible, considering the speed of the 3D printing
process. Nevertheless, as stated in Section 4.1, the approach proposed in the paper is
fast enough for the assumed application. Some of the methods, such as the detection
of spaghetti printing based on artificial intelligence methods, e.g., AlexNet and support
vector machine (SVM) [18], may already be found in some devices (e.g., Bambu Lab X1C
https://wiki.bambulab.com/en/knowledge-sharing/Spaghetti_detection, accessed on 18
March 2025); however, there is still a lack of a comprehensive quality-assessment solution.

An overview of some monitoring and control methods used in additive manufacturing,
based on the idea of Industry 4.0, may be found in the survey paper [19], whereas the
description of machine condition-monitoring methods for 3D printing has been presented
in the paper [20].

Considering the above analysis, the main objective of the paper is to develop an objec-
tive quality metric, that is a combination of some image features and known elementary
image quality-assessment metrics, providing high correlation with subjective quality scores,
exceeding 0.9. To achieve this goal, the dataset containing images and depth maps of 3D
printed specimens together with Mean Opinion Scores (MOS) related to their perceived
quality is necessary. Optimization of the parameters of the proposed nonlinear combination
model requires the use of full-reference image quality metrics in a modified form, using the
idea of mutual similarity.

 https://wiki.bambulab.com/en/knowledge-sharing/Spaghetti_detection
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2. Materials and Methods
To achieve the assumed goal of a relatively fast and accurate aesthetic quality assess-

ment of 3D printed surfaces, a database of images and depth maps obtained for 107 planar
samples was prepared. The dataset contains the photos and depth maps of planar samples
(their dimensions are 35 mm × 35 mm × 4 mm) captured by a Sony DSC-HX100V camera
(manufactured by Sony Corporation, Tokyo, Japan) in controlled illumination conditions
and the GOM ATOS 3D scanner (manufactured by GOM GmbH, Braunschweig, Germany),
respectively. All samples were produced with popular FDM 3D printers, such as Prusa i3,
RepRap Ormerod 3, and da Vinci 1.0 Pro 3-in-1, from two popular types of filaments, namely
PLA and ABS, using several colors of materials. The size of captured images obtained using
the camera without flash for the exposure time 1/125 s and 5 mm focal length using an au-
tomatic white balance is 1600 × 1600 pixels [21]. An illustration of some sample images
and depth maps for various quality specimens is presented in Figure 1. The dataset is avail-
able on the corresponding author’s website https://okarma.zut.edu.pl/?id=dataset&L=1,
(accessed on 16 April 2025).

MOS = 4.6304 MOS = 3.0778 MOS = 2.0879 MOS = 1.1087 

Photos of specimens 

Depth maps 

Figure 1. Illustration of some sample images and depth maps from the developed dataset for various
quality specimens together with their MOS values.

An integral part of the database is the set of expert assessments expressed on a 4-point
scale (good, moderately good, moderately poor, and poor quality), as well as subjective
assessment values (Mean Opinion Scores) obtained as a result of perceptual experiments
conducted among a group of several dozen volunteers. These MOS values, verified as
consistent with expert assessments, were used as a reference for the development and opti-
mization of automatic quality-assessment metrics to achieve the highest possible correlation
with subjective quality scores.

The use of MOS values, similar to general-purpose image quality assessment [22], is
the result of subjective experiments where the observers were asked about the perceived
quality of the 3D printed surfaces. These opinions were related only to the aesthetic
assessment in contrast to the assessment of mechanical parameters that may be measured,
usually using destructive testing (e.g., using stress, squeezing, tearing, tensile, bending,
twisting, etc.) [23]. The word “aesthetic” is used to emphasize this difference, as we do not
assess any mechanical properties of the 3D printed samples.

https://okarma.zut.edu.pl/?id=dataset&L=1
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Since the quality evaluation of 3D printed surfaces differs from the general-purpose
image quality assessment (IQA) due to the different nature and properties of the assessed
images, a direct application of many well-known full-reference IQA metrics is often im-
possible. An important limitation is the typical lack of a reference image representing the
perfect quality surface obtained using the same type and color of the filament, which might
be used for comparison purposes. Therefore, several approaches were proposed during
our earlier research, leading to some elementary quality metrics and features, which are
fundamental for the hybrid approach discussed in the paper.

2.1. Texture-Based Approach

The first idea considered for the evaluation of the 3D printed surfaces is based on the
assumption of the regularity of the visible patterns generated during the manufacturing
process. Since 3D printers based on the fused deposition modeling technology produce the
object by laying the melted filament layer by layer, such layers are usually well visible. In the
case of the most typical distortions, caused by lack of filament (so-called “dry printing”) or
too high delivery speed of the material, the regularity of these layers is affected. Therefore,
considering the photo of the 3D printed surface (obtained from a camera located on the
side instead of the typical location above the 3D print) as the texture, its statistical features
based on the analysis of the normalized Gray-Level Co-occurrence Matrix (GLCM) may be
determined. Among such features, known as Haralick features, the most relevant ones are
homogeneity, correlation, energy, and contrast. Since their values depend on the assumed
offset used during the GLCM calculations, the analysis of the repeatability of features for
varying offsets may be conducted, leading to a good classification of high and poor quality
samples as presented in the paper [24].

To analyze the repeatability of the selected Haralick features for various offsets, only
the vertical GLCMs should be computed since the use of the horizontal GLCMs leads
to unstable results due to the high sensitivity to even relatively small image rotations.
Nevertheless, the main drawbacks of this approach are the necessity of calculation of
several GLCMs as well as the dependence of the values of individual Haralick features on
the quantization [25], and, more importantly, on the color of the filament. Calculation of the
GLCM is preceded by the necessary color-to-grayscale conversion of the acquired photos,
typically conducted using the well-known ITU Recommendation BT.601-7 implemented,
e.g., in MATLAB’s rgb2gray function.

2.2. Application of Image Entropy

Another possibility for analyzing the surface structure of 3D prints is using image
entropy. Intuitively, low values of image entropy indicate a relatively small amount of
information visible on the image plane. Hence, in the case of 3D prints, one may expect
low randomness and the lack of distortions of the structure of the visible layers. Therefore,
high image entropy should be a characteristic feature of low-quality 3D prints, with visible
distortions that reduce the regularity of visible patterns.

Nevertheless, since the image entropy strongly depends on the filament’s color, its
direct use for the quality assessment of 3D printed surfaces does not lead to satisfactory
results [15]. Therefore, one may use not only the global entropy calculated for various
channels or various color models (e.g., Red, Green, Blue, Hue, or luma component Y from
the YUV color model) as the entropy-based features but also their average local values
calculated using the division of an image into blocks. Additionally, the global or average
local entropy may be combined with its local variance, leading to color-independent quality
assessment of 3D printed surfaces as proposed in the paper [15]. These types of local
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entropy-based metrics have also been used as the elementary metrics/features in the
experiments discussed in this paper.

Considering the dependence of the image entropy on the color of the filament, instead
of conversion into grayscale or the choice of a selected color channel, a color-independent
representation of the surface structure of the 3D prints may be used. Such a possibility may
be used by applying the 3D scanning procedure for the manufactured samples, where the
varying depth of the 3D scans should reflect the structure of individual layers regardless
of the color of the filament. For such depth maps, represented as grayscale images after
normalization of data range, such features as image entropy may also be calculated [26].

2.3. Feature-Based Approaches

Another direction od research conducted towards a reliable quality assessment of
3D printed surfaces is the use of various image features that may be calculated using
several detectors and feature extractors such as, e.g., Harris corner detector, Scale-Invariant
Feature Transform (SIFT) [27], Speeded Up Robust Features (SURF) or Oriented FAST
and Rotated BRIEF (ORB) based on the combination of the FAST keypoint detector and
BRIEF feature descriptor [28]. Some other possibilities are the use of the Histogram of
Oriented Gradients (HOG) [29] or Local Binary Patterns (LBP) [30], as well as the application
of Hough transform together with the CLAHE algorithm proposed in the paper [31].
Analyzing the results obtained using the above feature detectors and descriptors, some
statistical features such as median, average, standard deviation, kurtosis, or skewness may
also be calculated for some of them.

Since the best results have been obtained using the HOG descriptor [32] and Hough
transform [31], these methods are considered representative for this group in further
experiments. The idea of the application of the Hough transform is based on the assumption
that for a high quality 3D printed surface, the number and the length of the detected straight
lines should be noticeably higher than for the images representing the contaminated
surfaces. To compensate for the influence of non-uniform illumination, the additional
application of histogram equalization using the CLAHE algorithm has been proposed.
Then, further binarization of the analyzed image may be conducted using the classical Otsu
method [33], leading to the binary image, which is further subject to the Hough transform.

To increase the independence of results on some geometrical image deformations, we
have proposed using the Monte Carlo method for a random selection of image regions
where the straight lines are detected on the obtained binary image [31]. Finally, the proposed
metric is based on the average length of the detected lines for a specified number of
randomly selected regions. For high quality 3D prints, these values should be close to the
width of the analyzed regions, whereas in the presence of distortions, the lines detected
using the Hough transform are noticeably shorter.

Another idea is the application of Histogram of Oriented Gradients, where the dom-
ination of horizontal or vertical gradients should be observed for high quality surfaces,
depending on the orientation of the sample. In the paper [32], the calculation of the local
HOG features was proposed where the cell size was 32 × 32 pixels with the block size
4 × 4 pixels with the overlapping by half of the block size to ensure the high classification
accuracy. The comparison of the local features for high quality 3D prints should demon-
strate relatively high similarity among them; therefore, the values of the calculated standard
deviation or variance should be low compared to poor quality samples. Nevertheless, ad-
ditional statistical measures, such as average, median, skewness, and kurtosis, may also
be calculated for HOG features. A similar approach was also considered for Local Binary
Patterns, although the obtained results were significantly worse.
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2.4. Mutual Image Similarity Based on Full-Reference IQA Metrics

The most promising results of the quality evaluation of the 3D printed surfaces may
be achieved using the modified approach based on the use of the full-reference general-
purpose image quality-assessment metrics. Since their direct application would require
knowledge of the reference image, which is usually unavailable, the proposed solution
is the calculation of mutual similarities. In this case, the image may be divided into 4, 9,
or 16 fragments using the 2 × 2, 3 × 3, or 4 × 4 blocks grid, respectively. Then, mutual
similarities may be calculated between each of the blocks using the same methods as
for the comparison of two images using full-reference (FR) IQA metrics, typically using
the popular Structural Similarity (SSIM) metric or one of its several modifications and
extensions, considered in the paper. The number of mutual similarities, further averaged,
for N × N blocks may be expressed as M = 0.5 × N × (N − 1); hence, for 16 blocks,
120 values are obtained. Therefore, the use of a higher number of blocks would cause
much longer computation time with a similar classification accuracy or a similar correlation
with subjective quality scores. In further experiments, several elementary metrics were
calculated for 4, 9, and 16 blocks, considered—together with some other features discussed
above—as the inputs for the optimization of the combined (hybrid) metrics proposed in
the paper.

The most widely known metric which is the base for many other IQA methods, namely
Structural Similarity (SSIM), was proposed by Wang and Bovik [34] as the product of three
components reflecting the most typical distortions, namely loss of contrast, luminance
distortions, and the structural distortions. This metric is calculated locally using the sliding
window approach, applying the 11 × 11 pixels Gaussian window. These values, being the
quality map of the image, are further averaged, and the final SSIM value is obtained. In the
case considered in the paper, these SSIM values are calculated mutually between the image
fragments and then averaged again. The same approach is applied for the other IQA-based
methods used in our experiments.

One of the earliest metrics based on the idea of the SSIM utilizes the observation that
heavily blurred images are not always properly measured using this metric. Therefore,
Edge-Based Structural Similarity (ESSIM) metric was proposed in 2006 by Chen et al. [35],
which is based on the Sobel edge filtering and further calculation of edge direction vectors
and their histograms for 16 × 16 pixels image blocks. Then, the comparison of edge
histograms is used in the original SSIM formula instead of the structural part together with
luminance and contrast comparisons. The application of the local variance calculation in
the preprocessing step was proposed in the paper [36], leading to the Quality Index based
on Local Variance (QILV).

Another modification of the SSIM metric, proposed in 2009 by Sampat et al. [37],
is known as Complex Wavelet SSIM (CW-SSIM). This metric is based on the assump-
tion that some distortions cause phase changes reflected in the local wavelet coefficients.
Additionally, it is insensitive to small rotations and shifts between the compared images.

On the other hand, one of the most widely known modifications of the SSIM was
proposed by Zhang et al. in 2011. This metric, referred to as Feature Similarity (FSIM) [38], is
based on comparison of phase congruency and gradient magnitude using a similar formula
to the original SSIM implementation. Both these low-level features are complementary as
phase congruency reflects the importance of a local structure, whereas gradient magnitude
is sensitive to contrast information. Another idea, proposed by Zhang and Li [39] was
based on the use of spectral residual similarity. The proposed SR-SIM metric utilized the
specific visual saliency model designed to reflect the attention mechanisms and finally
the perceived image quality. The local similarity maps between the compared images are
calculated using the gradient modulus determined using the Scharr filter. Obtained spectral
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residual visual saliency (SRVS) maps and gradient values are compared using the same
formulas as those used in SSIM and FSIM metrics.

Liu et al. proposed the application of Gradient Similarity (GSIM) [40], also based
on the mathematically similar formula to the SSIM metric, where the gradient values are
determined using 5 × 5 pixels kernels, making it possible to measure both contrast and
structure changes. Later, the idea of DCT Subbands Similarity (DSS) was proposed by
Balanov et al. [41] where the structural changes in subbands of Discrete Cosine Transform
were measured and appropriately weighted.

Another approach proposed by Wang et al. in 2016 is the use of Multiscale Contrast
Similarity Deviation (MCSD) [42]. This metric also has relatively low computational
complexity and high correlation with subjective quality scores determined for the most
relevant IQA datasets. Its authors proposed the calculation of contrast similarity maps in
three scales and further pooling of three contrast similarity deviations determined for those
maps. On the other hand, two Analysis of Distortion Distribution-based metrics, namely
ADD-SSIM and ADD-GSIM, were proposed by Gu et al. [43] where a new pooling model
was the main focus. Nevertheless, the authors analyzed distributions of distortion position,
distortion intensity, frequency changes, and histogram changes as the main elements
influencing the overall image quality. Since the proposed pooling scheme was used mainly
for the SSIM and GSIM metrics, both these versions were used in our paper.

The SSIM-like formula may also be applied for the comparison of various features
obtained using some transforms, similarly to already mentioned CW-SSIM or DSS metrics.
Another such example is known as Riesz transform and Visual contrast sensitivity-based
feature Similarity index (RVSIM) [44], where the use of Riesz transform was preceded by the
application of a Log-Gabor filter for the decomposition of reference and distorted images.
The Riesz transform feature matrix was then combined with gradient magnitude similarity
and weighted using the visual contrast sensitivity function (CSF). The combination of
contrast maps and visual saliency, as an extension of the MCSD metric, was proposed
by Jia et al. [45], and is referred to as Contrast and Visual Saliency Similarity-Induced
Index (CVSSI).

An original idea for extending the structural similarity metric, known as SSIM4, was
proposed by Ponomarenko et al. [46] where the fourth multiplicative component of the
metric reflects a predictability of image blocks, defined as a minimum mean squared error
(MSE) between the block and its neighboring blocks. Color versions of metrics considered
in this paper (CSSIM, CSSIM4) were used in our experiments as well.

3. Proposed Approach
Considering the above-discussed methods, over 100 various metrics and features were

examined and their correlations with subjective MOS values were calculated for 107 images
from the dataset considered in the paper. It is worth noting that some of the methods
proposed in our earlier papers were initially verified for a smaller number of samples,
hence the necessity of a reliable comparison of various approaches for the same dataset of
images representing the photos of the 3D printed surfaces.

In one of our previous conference papers [26], the simplified combination of some
features as the weighted product with optimized exponent weights was proposed, leading
to Pearson’s Linear Correlation Coefficient with subjective scores reaching 0.8353. This was
achieved for the combination of FSIM (for 4 blocks), averaged local entropy of depth maps,
Hough transform-based metric (with the use of CLAHE), and the kurtosis of the HOG
descriptor. On the other hand, the application of the same model for the combination of five
SSIM-like IQA metrics made it possible to achieve the PLCC = 0.8565 [21]. The five metrics
used in this weighted product, assuming the division of the assessed image into four blocks,
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were FSIM, CW-SSIM, MCSD, ESSIM, and GSIM. A similar correlation (PLCC = 0.8537)
was obtained for the combination of the same metrics applying the division of the image
into 16 fragments.

Since the nonlinear combination of metrics using the weighted product may not be
an optimal solution, we propose to extend this model using additionally the weighted
sum of the same metrics. This approach does not increase the computational cost in
a significant way, as for N metrics it requires only the additional N summation operations,
N multiplications, and N operations related to raising to a power, which is the result of
optimization of the model’s parameters. The proposed model may be expressed as:

Qcombined =
N

∑
n=1

(
an · Qbn

n

)
+ aN+1 ·

N

∏
n=1

Qcn
n , (1)

where Qcombined denotes the proposed combined metric, and Qn are the values of N
elementary metrics. The variable n stands for the number of the elementary metric, and the
parameters an, bn, and cn, as well as aN+1, determine the weighting coefficients, which are
obtained as the result of the optimization. The optimization is conducted with the use of the
absolute value of the PLCC between the combined metric Qcombined and the MOS values for
107 samples as the goal function subject to maximization. For this purpose MATLAB® (ver.
R2024a) fminsearch function may be used, which is based on the simplex search method,
jointly with well-known gradient-based optimization methods. The operating principles of
the proposed approach are illustrated in Figure 2.
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Figure 2. Illustration of the idea of the proposed approach.

To find the best possible combination of metrics, the PLCC values obtained after the
optimization of seven parameters (a1, a2, a3, b1, b2, c1, and c2) for all combinations of
two metrics (N = 2) were checked. Then, the ”best” combination of the two metrics was
used together with all remaining metrics used as the third one and a similar optimization
procedure was used—in this case the addition of an additional metric to the model causes
the addition of three additional parameters (an, bn, and cn). The starting point for the
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optimization was the set of parameters leading to the highest PLCC value obtained without
the additional metric. To verify the linearity of the relation between the combined metric
and the subjective quality scores, the scatter plots were also analyzed. These obtained
for the “best” combined metrics are presented in Section 4, together with the obtained
correlation values and the results of the ablation study.

4. Discussion
4.1. Analysis of Experimental Results

The analysis of the correlation obtained for the proposed combined metrics should be
preceded by the presentation of the correlation values achieved for elementary metrics and
features. Top ten values, including also rank-order correlations, are presented in Table 1,
whereas the results achieved for the five ”best” combinations of two metrics are shown in
Table 2.

As presented in Table 1, only two SSIM-like elementary metrics (FSIM and CW-SSIM)
may be found among those leading to the highest correlation with subjective quality scores,
whereas the others utilize various variants of entropy-based calculations. Nevertheless,
the entropy values strongly depend on image contrast; therefore, local calculations are
conducted to reduce the direct influence of contrast on the evaluation results, as well as
preprocessing operations, e.g., before the calculation of the HOG features.

Table 1. The correlation values of 10 “best” elementary metrics with subjective scores obtained for
107 images from the considered dataset.

Metric PLCC SROCC KROCC

EV (16 blocks) 1 0.6936 0.6673 0.4811
FSIM (9 blocks) 0.6820 0.6845 0.5185
FSIM (4 blocks) 0.6780 0.6826 0.5114
FSIM (16 blocks) 0.6756 0.6865 0.5195
CW-SSIM (9 blocks) 0.6323 0.6098 0.4232
CW-SSIM (16 blocks) 0.5929 0.5823 0.4027
CW-SSIM (4 blocks) 0.5807 0.5633 0.3981
kurtosis of HOG 0.5075 0.5177 0.3874
MV (RGB+hue 256 blocks) 2 0.4816 0.4920 0.3480
EVAR (16 blocks) 3 0.4462 0.5300 0.3660

1 EV is the average local entropy obtained for the depth maps. 2 MV is the product of the mean of the local
entropy and its variance calculated separately for each RGB channel and hue channel. MV values calculated
for three RGB channels are then averaged and multiplied by MV obtained for the hue channel. 3 EVAR is the
variance of the local entropy calculated for the depth maps.

Table 2. The correlation values of 5 “best” combined metrics based on the weighted sum and
weighted product of two elementary metrics with subjective scores obtained for 107 images from the
considered dataset.

Metrics PLCC SROCC KROCC

FSIM (16 blocks) & SR-SIM (16 blocks) 0.8705 0.8653 0.6879
standard deviation of HOG & MCSD (9 blocks) 0.8676 0.8731 0.6978
standard deviation of HOG & DSS (16 blocks) 0.8647 0.8816 0.7063
standard deviation of HOG & MS-SSIM (9 blocks) 0.8568 0.8727 0.6960
FSIM (4 blocks) & SR-SIM (16 blocks) 0.8554 0.8650 0.6879

As may be noted, although the highest correlation for elementary metrics is obtained
for the metric based on the entropy of depth maps, which requires the use of the 3D scanner,
the “best” combinations of two elementary metrics are based on the mutual calculations
of the IQA metrics or their combination with standard deviation computed for the HOG
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features. The increase in Pearson’s correlation from below 0.7 to over 0.87 fully confirms
the validity of the proposed approach. It is also worth noting that even the use of two
metrics with the proposed model lead to better results than presented in earlier papers
where only the weighted product has been used (0.8353 in the paper [26], and 0.8537 in the
paper [21], obtained for the combinations of four and five metrics, respectively).

Nevertheless, even better results may be achieved using the combination of three or
four metrics, using the “best” combination of two metrics as the starting point and adding
each of the remaining metrics or features to the model with further optimization of its
parameters. The results obtained for five “best” combinations of three and four metrics
are presented in Table 3, where only the additional metrics used together with FSIM and
SR-SIM (both computed using 16 blocks) are listed.

Table 3. The correlation values of 5 “best” combined metrics based on the weighted sum and weighted
product of three and four elementary metrics with subjective scores obtained for 107 images from the
considered dataset.

Additional Metrics PLCC SROCC KROCC

MCSD (4 blocks) 0.9012 0.9034 0.7327
CVSSI (9 blocks) 0.8978 0.9027 0.7352
QILV (9 blocks) 0.8941 0.9005 0.7377
CVSSI (4 blocks) 0.8863 0.8952 0.7253
SR-SIM (9 blocks) 0.8859 0.8869 0.7161

MCSD (4 blocks) & CSSIM4 (9 blocks) 0.9101 0.9092 0.7472
MCSD (4 blocks) & MV (mean 256 blocks) 1 0.9089 0.9062 0.7366
MCSD (4 blocks) & MV (green 256 blocks) 2 0.9088 0.9057 0.7377
MCSD (4 blocks) & Yavg (with CLAHE) 3 0.9058 0.9090 0.7419
MCSD (4 blocks) & EV (16 blocks) 0.9046 0.8980 0.7377

1 MV is the product of the mean of the local entropy and its variance calculated for the average of RGB channels.
2 MV is the product of the mean of the local entropy and its variance calculated for the green channel. 3 Yavg is
the average brightness calculated after the histogram equalization using CLAHE algorithm.

Analyzing the results presented in Table 3, the advantage of the use of the proposed
approach may be easily observed as even the use of three metrics makes it possible to
exceed PLCC = 0.9, and the use of four mutually calculated IQA metrics leads to PLCC over
0.91. Further optimization of five metrics does not lead to significantly better results; hence,
considering the increased computational complexity, the only reasonable combination
of five metrics is the use of FSIM (for 16 blocks), SR-SIM (for 16 blocks), MCSD (for
4 blocks), CSSIM4 (for 9 blocks), and MV calculated for red channel using 256 blocks. Such
a combination with optimized parameters makes it possible to achieve PLCC = 0.9116,
SROCC = 0.9092, and KROCC = 0.7454, whereas the use of some other metrics leads to
values similar to those achieved for 4 metrics (slightly over 0.91).

The illustration of the increasing linearity of the relation between the combined metrics
and subjective quality scores (MOS values) for a growing number of elementary metrics is
presented on the scatter plots in Figure 3. It is also clearly visible that due to the use of the
absolute correlation value as the goal function, in some cases the correlation is negative,
whereas in some others, e.g., for the combination of 2, 3, or 4 elementary metrics, positive.

Comparing the time necessary for the production of an individual specimen and the
time required for computation of 5 metrics and their combination, the proposed approach
may be successfully applied in real-time situations. An automatic quality assessment of
a single specimen takes not more than a few seconds or less, depending on the computa-
tional power of the computer used, whereas the same time would be necessary for printing
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of just a small fragment of an object containing just a few layers of the filament. All the
considered algorithms are much faster than the 3D printing process.
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Figure 3. Scatter plots obtained for the “best” elementary metric and the “best” combined metrics
constructed from 2, 3, 4, and 5 elementary metric or features.

4.2. Ablation Study

To confirm the usefulness of the proposed model based on the combination of metrics
using the weighted sum and weighted product, according to Equation (1), an additional
ablation study was conducted to determine the correlations obtained using the simplified
models: using only the weighted product, and using only the weighted sum. The results
achieved for such simplified metrics are presented in Table 4. Analyzing the results obtained
for the same sets of metrics as presented as the “best” in Section 4.1, a significant decrease
in correlations may be observed in comparison to the proposed model containing both
the weighted sum and the weighted product, especially if the weighted sum is removed.
A graphical comparison of the obtained PLCC values is presented in Figure 4.

Table 4. The correlation values obtained for the “best” combined metrics using only on the weighted
sum and only the weighted product achieved for 107 images from the considered dataset.

Number of Metrics PLCC SROCC KROCC

2 (weighted product) 0.7862 0.7857 0.6078
3 (weighted product) 0.8238 0.8277 0.6515
4 (weighted product) 0.8266 0.8300 0.6501
5 (weighted product) 0.8265 0.8302 0.6505

2 (weighted sum) 0.8545 0.8678 0.6925
3 (weighted sum) 0.8637 0.8742 0.7041
4 (weighted sum) 0.8841 0.8972 0.7285
5 (weighted sum) 0.8877 0.9010 0.7411
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Figure 4. Illustration of the PLCC values with MOS values for the considered dataset obtained during
the ablation study for the weighted product, weighted sum and the proposed model.

5. Conclusions
The application of the nonlinear combination of various methods used for the quality

assessment of 3D printed surfaces with the use of both weighted sum and weighted product
of the same set of metrics makes it possible to achieve high correlation with subjective
aesthetics assessment collected from volunteer observers. As demonstrated in the paper,
the proposed model outperforms not only elementary metrics but also the combinations of
them based exclusively on the weighted product as well as only on the weighted sum. Due
to the use of various general-purpose FR IQA metrics with the assumed calculation of the
mutual similarities, the compensation of their non-linearity is possible without the necessity
of using the reference image of the 3D printed surface, which is usually unavailable.

The obtained experimental results fully confirm that the idea of combined metrics is
useful not only for general-purpose IQA but also for the automatic quality evaluation of the
3D printed surfaces. The limitations of the proposed approach may cause possible errors
that may occur as the result of the presence of some other types of distortions, using some
other materials (filaments), as well as strongly varying lighting conditions. Nevertheless,
a further increase of the correlation with Mean Opinion Scores would require the use of
some other metrics or features since the use of their higher number in the proposed model
does not lead to a significant increase in the PLCC values. This approach may be considered
one of the directions of our further research.
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The following abbreviations are used in this manuscript:

ABS acrylonitrile butadiene styrene
ADD Analysis of Distortion Distribution
BRIEF Binary Robust Independent Elementary Features
CLAHE Contrast Limited Adaptive Histogram Equalization
CNN Convolutional Neural Network
CSF contrast sensitivity function
CVSSI Contrast and Visual Saliency Similarity-Induced Index
CW-SSIM Complex Wavelet Structural Similarity
DSS Discrete Cosine Transform Subbands Similarity
FAST Features from Accelerated Segment Test
FDM fused deposition modeling
FR IQA full-reference image quality assessment
FSIM Feature Similarity
GLCM Gray-Level Co-occurrence Matrix
GSIM Gradient Similarity
KROCC Kendall Rank Order Correlation Coefficient
LBP Local Binary Patterns
LSTM long short term memory
MCSD Multiscale Contrast Similarity Deviation
MOS Mean Opinion Score
MSE mean squared error
mSLA masked Stereolithography
ORB Oriented FAST and rotated BRIEF
PLA polyactic acid
PLC programmable logic controller
PLCC Pearson’s Linear Correlation Coefficient
QILV Quality Index based on Local Variance
RVSIM Riesz transform and Visual contrast sensitivity-based feature Similarity index
SIFT Scale-Invariant Feature Transform
SLA Stereolithography
SROCC Spearman Rank Order Correlation Coefficient
SR-SIM Spectral Residual based Similarity
SRVS spectral residual visual saliency
SSIM Structural Similarity
SURF Speeded Up Robust Features
SVM support vector machine
SVR support vector regression
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