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Abstract—Computer Vision (CV) is a major driving force of
factory automation. In automated production environments, CV
systems gather important qualitative and quantitative informa-
tion on system status and product properties, thereby allowing in-
the-loop decision making. Despite recent advances in vision tech-
nology, automated assessment of complex textile properties and
reliable defect detection remain challenging tasks. In particular,
undetected defects of weft knitted fabrics with spatial extent in
the production direction (color defects, pattern errors, laddering
or stripes) are critical because of their impact on the entire
production batch. Moreover, repeating errors in fabric texture
such as stripes or loop distortion can be mistaken for an intended
pattern texture. These defects can only be detected during
production by trained and experienced operators. Downstream
(off-line) inspection on the other hand allows to detect a larger
number and variety of defects, however it has the downside
that defects are only detected rather than corrected and the
faulty material is declared as waste. In this paper, we introduce
an image processing method for automatically detecting stripe
defects in circularly knitted fabric. Stripes are periodic defects
that are difficult to detect during production even by experienced
human inspectors. We show how a barely visible defect can be
optically enhanced to improve manual assessment as well as how
image processing and machine learning can be used to allow
automated stripe detection. The performance of the suggested
method is evaluated quantitatively by analyzing the results of
different image descriptors and machine learning methods and
by training and testing it on three sets of fabric produced with
different knitting machines and parameter settings.

I. INTRODUCTION

Industrial knitting is a complex production process. Of all
state-of-the art industrial knitting procedures, large circular
knitting machines allow the highest productivity compared
to flat and small circular knitting machines. Fabric quality
is strongly influenced by machine parameters, mainly yarn
tension, take-off tension, sinker height and rotation speed.
Already small misadjustments of the machines electromechan-
ical components may lead to fabric defects. While obvious
defects such as holes or laddering can be detected using current
automatic inline process surveillance methods, stripes are only
detectable by trained experts in downstream inspection. A
stripe is a common knitting defect that occurs if at least one of
the yarn feeding systems is misadjusted and applies a different
tension to the yarn. The result is a local inhomogeneity of loop
height in wale direction in the resulting fabric (Figure ??).
The fact that stripes can only be detected with a significant

Fig. 1. Example results of our proposed algorithm. Top: Two almost identical
samples, with (left) and without defect (right). The red boxes indicate image
regions maginifed in the center view. Center: The magnified view allows a
better defect detection. The stripe is visible as a number of periodic horizontal
lines in the left image (indicated by the arrows) while the right image is defect-
free. Readers of the digital version may zoom in for better inspection. Bottom:
Both center images processed with our algorithm. The differences between
defect and non-defect image data are drastically enhanced, allowing a robust
automatic defect detection. Note that the defect image was taken from the
sample set with visually detectable fault (10 cN, see Sec. IV for details); our
algorithm is also able to detect much subtler defects that can only be seen by
trained experts.

delay between production and inspection means that a large
amount of fabric may have been produced before a defect
is detected and corrected. In extreme cases, the difference in
loop height may be too fine to be recognized by the operator
but still strong enough to affect later production steps such as
dyeing, where inhomogeneously produced fabric may become
irreversibly stained, resulting in significant financial losses for
the producing companies.

In this work, we therefore introduce an image processing
system for fully automatic detection of subtle stripes which
are currently only detectable by trained human inspectors. We
show that a multistage image enhancement pipeline allows



to emphasize the stripe location, making it easily detectable
even for non-trained persons (Fig. 1). Additionally we show
that a machine learning algorithm can be trained using the
enhanced images to automatically detect stripes in new images.
To the best of our knowledge, this work is the first to describe
an image-based stripe enhancement algorithm or an automatic
stripe detection for defects that are otherwise difficult to assess.

II. PREVIOUS WORK

Analysis of textiles with image processing methods has been
the topic of a large number of publications. The survey by
Kumar et al. [1] gives both an overview as well a taxonomy
of a wide range of approaches. Here, we focus on selected
methods for knit defect detection. Abou-Taleb and Sallam [2]
presented a system for real-time defect detection that was
tested on a knitting machine simulator. Their approach uses
spectral transformations and statistical image analysis to detect
defects with a reported classification rate of 50% to 92%,
depending on the defect. Shady et al. [3] used a system based
on Fourier analysis and neural networks for defect detection in
knitted fabrics, reporting successful classifications for 60% to
100% depending on defect type. Saeidi et al. [4] presented
an online inspection system based on Gabor wavelets for
feature extraction and a neural network for classification. Their
system is capable of detecting a variety of different defects
with a detection rate between 50% and 95.87% depending
on the type of defect. A common property of all presented
systems is that they are designed for the detection of visually
clearly detectable defects. In contrast, our system introduces
a novel concept that is able to enhance and detect defects
that are only detectable by expert operators in a close visual
inspection. Notably, several of the cited authors reported that
their proposed systems show their worst classification rates
for subtle defects such as stripes. This indicates that our
contribution can fill an identified shortcoming of current defect
detection systems.

III. MATERIALS AND METHODS

In this section, we describe the image enhancement pipeline
and all image descriptors and machine learning methods used
for the proposed automated workflow.

A. Image Enhancement

Our suggested multistage pipeline is presented in Fig. 2.
In a preprocessing stage, images are converted to gray scale
if necessary and contrasts are enhanced using histogram
equalization. These initial steps aim at minimizing inter-image
variances induced by lighting inhomogeneities or differences
induced by different fabric colors. Subsequently, the prepro-
cessed images are convolved wih a Gabor filter kernel. Gabor
filters are a subgroup of spectral filters that allow to enhance
image structures with a given size and direction [5]. It is
common practice to apply a bank of differently parametrized
Gabor filters to an image to enhance structures of different
directions and scales, thereby gaining more information on
the image contents. However, as stripe size can be determined

from the cell size and their direction is determined by the
yarn direction, typical stripe structures can be enhanced us-
ing a single, well-parametrized Gabor filter oriented in yarn
direction. This allows for both faster computation and more
specialized structure enhancement. As Fig. 3c shows, the
stripe structure is enhanced by Gabor filtering resulting in a
periodic pattern, while non-defect images show no periodic-
ity. While this enhancement works well for clearly visible
stripes, subtle stripes caused by only small differences in
yarn tension cannot be clearly identified. We therefore apply
a synthetically designed matched filter to further enhance
periodically repeating patterns in the fabric. Matched filters
work similar to Gabor kernels and make it possible to find
areas similar to a defined template structure in a target image.
However, they allow to use arbitrary patterns as template and
are therefore more versatile. The template image used for
filtering is defined by generating a set of short horizontal
lines with a vertical distance defined by image resolution, cell
height and number of equipped yarn feeding systems in such
a way that the distance between the lines matches the distance
between two subsequent occurrences of the same yarn in the
image. As shown in Fig. 3d, the proposed matched filter makes
it possible to enhance the difference between defect and non-
defect images even further.

B. Feature Extraction and Classifier Training

While the enhancement step increases the visibility of
defects for human inspectors, additional image processing
steps need to be applied in order to support the extraction
of strong features for machine learning. To this end, we first
process all enhanced images with a narrow spectral lowpass to
remove high-frequency components in the image’s horizontal
direction. While removing the local deail information, the
resulting textures show a clear difference between defect
and non-defect images even for very subtle stripes, thereby
allowing automatic classification based on well-established

Fig. 2. Our proposed image processing pipeline



(a) Original input images

(b) Preprocessing (Grayscale conversion and histogram equalization)

(c) Horizontal Gabor filter

(d) Matched filter convolution

(e) Spectral lowpass

Fig. 3. Enhancement of complex defects by our proposed pipeline. Two
visually almost identical images of fabric samples are processed to reveal
subtle differences in the pattern regularity. Note: Readers of the digital
document may zoom in for better inspection.

machine learning and texture description methods. We used
the following descriptors for feature extraction:

• Local Binary Patterns (LBPs) [6], which analyze each
pixel’s neighborhood and compute a binary code based
on the current pixel’s intensity compared to each of
the neighboring pixel intensities. While computationally
inexpensive, LBPs have shown good performance in a
large number of texture classification tasks.

• Histogram of Oriented Gradients (HOG) [7], an image
descriptor that computes image gradient orientations in

defined parts of the image and then computes an orien-
tation histogram by binning the results. Since its intro-
duction in 2005, the HOG descriptor has been extremly
successful in object detection tasks.

• Gray Level Co-Occurrence Matrix (GLCM) [8], a well-
established method for statistical image analysis. To
compute a GLCM, the intensities of neighboring pixels
are compared and intensity pairs are binned and stored
in a square matrix. In addition to the matrix itself,
several characteristic matrix properties such as contrast
and homogeneity can be computed and used as additional
features. In our case, we use a simple 2-entry feature
vector containing the GLCM’s correlation and contrast
values.

The resulting feature vectors can be used to train any classifier
capable of two-class classification. In our work, we analyze
the performance of two well established machine learning
methods:

• Support Vector Machine (SVM) [9], a statistical method
that computes the optimal seperating hyperplane between
two sets of samples. Introduced in the late 1990s, SVMs
have since then been successfully applied to a large
number of machine learning problems.

• Random Forests (RF) [10], an extension of the decision
tree algorithm in which a full decision tree is split into
a group of smaller decision trees with randomly picked
nodes, hence strongly increasing robustness and mini-
mizing overfitting risk. Random forests are fast trainable
classifiers that show competitive performance on complex
problems.

IV. EXPERIMENTS AND RESULTS

All samples analyzed in this work were collected on the
same 30 inch industrial circular knitting machine equipped
with 18 yarn systems. Two production sessions (A and B) were
conducted in which fabric samples using 250 dtex cotton yarn
were knitted. In each session, three 1 m2-sized samples of
defect (two samples per session) and non-defect (one sample
per session) fabric and were produced. Non-defect samples
were knitted by setting all 18 forwarding systems to a yarn
tension of 6 cN, while the two defect samples had one of
the forwarding tensions slightly changed to 8 cN and 10 cN,
respectively. Increasing tension to 10 cN resulted in a defect
barely detectable by untrained persons, while a yarn tension
of 8 cN resulted in a subtle defect that remained undetected
by untrained persons and could only be identified by experts
during visual inspection. All samples were photographed using
a 5 megapixel industrial RGB camera at a resolution of 20
pixels/mm using a white backlight panel for illumination. 25
full-resolution images were acquired from each sample and
processed with the proposed pipeline. Subsequently, each re-
sulting image was divided into 20 patches of 50% image height
and 20% image width, which resulted in 500 patches for each
sample used for classifier training and validation. Classifier
performance was evaluated using 2-fold cross validation, each
time using only images of one of the sessions for training and



CASE 1 LBP HOG GLCM
SVM RF SVM RF SVM RF

TP 914 906 761 922 947 946
TN 436 412 263 171 468 474
FP 46 54 199 38 13 14
FN 44 68 217 309 12 6
Accuracy 0.9375 0.9153 0.7111 0.7590 0.9826 0.9861

CASE 2 LBP HOG GLCM
SVM RF SVM RF SVM RF

TP 432 452 450 464 433 431
TN 178 213 72 127 154 144
FP 48 28 30 16 47 49
FN 62 27 168 113 86 96
Accuracy 0.8472 0.9236 0.7250 0.8208 0.8153 0.7986

CASE 3 LBP HOG GLCM
SVM RF SVM RF SVM RF

TP 476 476 460 457 464 468
TN 235 236 227 221 232 230
FP 4 4 20 23 16 12
FN 5 4 13 19 8 10
Accuracy 0.9875 0.9889 0.9542 0.9417 0.9667 0.9694

TABLE I
PERFORMANCE OF DIFFERENT FEATURE DESCRIPTORS AND CLASSIFIERS
ON THE TEST SETS. DEFECT-FREE SAMPLES ARE DEFINED AS POSITIVE,

FLAWED SAMPLES ARE NEGATIVE

only images from the remaining session for testing, thereby
reducing the classifier overfitting risk by minimizing similarity
between training and test data.

We evaluated all 9 possible combinations of the descriptors
and classifiers described above. All computations were per-
formed using functionality provided by MATLAB’s1 machine
learning and statistics toolboxes. The averaged results of
both cross-validation runs are shown in Table I. Depending
on the chosen feature descriptor and classifier combination,
classification rates of up to 97% are possible. Additionally,
Fig. ?? shows the seperability of the two classes using the
2D-feature vector acquired by GLCM analysis for each of the
training and test sets.

V. DISCUSSION

Classification rates vary depending on the choice of de-
scriptor and classifier. It can be seen that descriptor choice
has a stronger impact on the system performance than the
chosen classifier. The two statistics-based descriptors (LBP
and especially GLCM) show superior performance than the
locality-preserving HOG descriptor, indicating that local gradi-
ent information plays a minor role for this type of classification
task. High classification rates for fully cross-validated data
indicate a highly competitive performance of the proposed
method, however the resuts suggest that further studies with
more diversified data need to be conducted to assess the
performance on more complex images. An inspection of the
GLCM-derived features shown in Fig. ?? shows a very good
seperability using a combination of our proposed enhancement
and statistical image features, resulting in a classification rate
of 97.1% using a simple two-entry feature vector.

1 mathworks.com

VI. CONCLUSION

In this paper, we presented a method for automated en-
hancement and detection of subtle periodic defects in knitted
fabric. It was shown that the suggested pipeline allows both a
visual enhancement defect appearance for manual inspection
as well as training of a machine-learning based classifier for
automatically detecting defects. The method shows excellent
classification rates of above 97% on the current samples.
Future work includes adapting and validating the approach
on larger and more complex datasets, introducing new defect
classes as well as integrating the pipeline into an online in-
spection system that makes it possible to detect defects without
delay and possibly leads to automatic online readjustment of
machine settings based on image data.
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