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Abstract—A vision-based measurement (VBM) system to quan-
tify the yarn density of woven fabrics during production is
presented. As an extension to an earlier developed fabric flaw
detection system, the proposed framework consists of a combi-
nation of basic and custom-made image processing techniques
that allow to precisely track single wefts and warps within
fabric images – in real-time. Several adaptations allow for the
measurement of density changes for plain, satin and twill weaves.
In this work, the algorithmic framework has been evaluated in
several comprehensive on-line experiments on a real-world air-jet
loom and is additionally compared to three alternative methods
for fabric density measurement. It proved to be precise, robust
and applicable for industrial use as it overcomes many of the
existing shortcomings of current methods.

I. INTRODUCTION

With over 300 billion Euros global turnover, the textile
industry accounted for 6% of the world trade in 2002 [1]. The
production of woven fabrics is a major sector within the textile
industry and and can be sub-categorized into several finer
industry sectors, whereas weavers and producers of technical
textiles are the most prominent ones in the European Union.
Woven fabrics are not only used for apparel applications, but
are also built into tire cords, airbags, filtration devices, safety
belts, fire resistant clothing, bullet-proof cloth and countless
more technical products. They are produced by interlacing two
distinct and orthogonal yarn sets according to a predefined
pattern (i.e. weave). Vertically and horizontally passing yarns
are denoted as warps and wefts, respectively, and intersection
points between wefts and warps are called float-points. Two
kinds of float-points can be distinguished: weft-floats refer
to float-points for which a weft passes above a warp and
warp-floats denote yarn intersections with a warp residing
on top of a weft. The basic weave patterns are the plain,
twill, and satin weave. The mechanical process of interlacing
wefts and warps is carried out by spacious and complex
industrial weaving machines. Different kinds of looms can be
distinguished. The most common types for the production of
woven fabric are water/air jet, rapier and projectile looms.
They share in common that a weft is either pulled, shot
or guided through a set of up and down flexed warps. The
process of inserting a weft is called pick operation. Industrial
looms can achieve pick rates of 30 insertions per second and
above. An excellent background on the production of woven
fabrics, including basic theory and nomenclature is given by

Adanur [2]. The measurement of various visual and physical
characteristics of woven fabrics for quality control purposes
is subject for research around the world. Within this context,
the problems of measuring fabric texture [3], roughness [4],
surface resistance [5], and hairiness [6] are addressed. Defect
detection is the most active research field in the area of woven
fabric quality control as summarized by [7] and [8]. The
yarn density of a woven material is another important quality
characteristic and is defined by the number of wefts per unit
length. The warp density is not relevant for measurement since
it is a constant that is determined mechanically by the operator
when the weaving machine is set up for operation. The exact
measurement of weft densities is of importance for quality
assurance and control tasks as for example the automatic
control of the material grammage.

In previous work, the specific problem of yarn density mea-
surement is commonly solved using vision based measurement
systems (VBM) [9]. In contrast to non-vision based measure-
ment approaches (e.g. by using X-Ray sensor technology), a
VBM system implies the usage of digital cameras which have
the advantage of compact dimension and low cost. Several
authors published possible methodologies to quantify yarn
densities using digital fabric images. Lin [10] proposes to
use co-occurrence statistics as introduced by Haralick [11] to
calculate the period of repetitive fabric patterns and derive the
weft density from it. Good results are reported for plain weaves
whereas the algorithm tumbles when applied to satin and twill
weaves. Jeong et al. [12] employ a method based on gray-value
scan-line intensity profiles along single rows and columns
of a fabric image. The period of the resulting sinusoidal
curves allows to derive the fabric density. The proposed
method is straight-forward and computational inexpensive. A
similar concept is proposed by Pan et al. [13] which combines
scan-line profiles with the Hough-Transformation and image
binarization to measure yarn densities. The presented results
seem to be robust and precise, but the computational time
of the proposed framework is expected to exceed real-time
limitations. A combination of scan-line profiles for float-
point detection and co-occurrence statistics for float-point
classification is also proposed by Wang et al. [4], [14]. The
authors report excellent results for fabric weave detection and
density measurement as evaluated on a database of 8 woven
fabric images with twill and plain weaves. Our experiments,



however, clearly showed that VBM methods based on scan-
line profiles are not applicable to measure the yarn density of
many real-world fabric types since very tight yarn alignment
and regularity restrictions apply in order for these methods
to succeed. Natural fabric images, especially satin and twill
fabrics, do not meet these requirements. Corresponding sample
fabrics can be found in the database published in [15]. Tech-
niques for fabric density measurement based on the analysis
of the fabric’s Fourier spectrum are discussed by Xu et al.
[16], Tunák et al. [17], Ravandi et al. [18] and Sari-Sarraf
[19]. The authors design straight-forward band-pass filters
in the frequency domain and apply these to the signal to
extenuate frequencies that do not relate the repetitive pattern
of wefts and warps. After filtering and inverse transformation
into the spatial domain, basic image processing techniques are
used to the measure the periodicity of the filtered image and
hence derive the distance between adjacent yarns. Reported
measurements are stable and precise for either plain, twill
or satin weaves. In fact, spectral analysis can generally be
considered as a good approach to achieve high precision
measurements at moderate computation times. It can, however,
only provide a global density measurement in contrast to a
local measurements, which would allow measuring the density
at different locations in the image. Moreover, the stability
of these methods can not be guaranteed for twill or satin
weaves as we found out in our experiments. Pan et alumni
[20] address the difficult problem of density measurements in
colored fabric materials. Within this scope, the authors propose
to use a combination of color-gradients, gray-level scan-line
profiles and band-pass filtering to measure the density of yarns
in double-system colored fabrics. In addition, they recently
proposed a method to measure the density of single-system
colored materials [21] by color clustering different blocks
of the fabric image and then applying the gray-value scan-
line method to each block individually. Finally, Techniková
et al. [22] conducted a competitive benchmark comprising
the majority of the aforementioned methods which revealed,
that all proposed algorithms work well for plain weaves and
selected fabric classes, but there is no method yet that works
reliably on a wider range of fabric types.

Therefore, this paper presents a novel approach for on-
line fabric density measurement to overcome existing short-
comings. The idea is based on a yarn tracking algorithm
which determines the trajectory of single yarns within fabric
images and measures pixel-wise distances between them. The
basic concept is derived from a defect detection framework
which we introduced in earlier publications [23]–[25] and
which is upgraded in this work to automatically adapt to
continuously changing yarn densities in fabrics during man-
ufacturing. Again, the key principles of the adaption process
have been published earlier [26] but are significantly expanded
in this work in terms of algorithmic improvements and an
comprehensive evaluation including a competitive benchmark.
The main advantages of the proposed method are

1) applicability to a variety of woven fabric types,

Fig. 1. Photograph of the machine vision system mounted to an air-jet loom.
Seen are the camera, the vibration damper and the back-light illumination. 1)
The camera which is placed inside a vibration damping container on top of
the fabric. 2) 23 mm prime lens. 3) LED back-light which is installed below
the recoil of the fell at beat-up. Red light is chosen to match the sensitivity
of the camera sensor. 4) Currently produced fabric which is not measured. 5)
The loom’s reed.

2) its real-time capability,
3) robust measurement of local densities,
4) a space-saving design, and
5) easy integration into an existing algorithmic defect de-

tection framework.
To present the aforementioned achievements, Section II first

briefly discusses the hardware of the measurement set-up and
describes the image acquisition system. Section III presents
a recapitulation of the basic algorithmic procedure to track
single yarns in fabric images. The proposed framework is
then expanded in Section IV by an auto-adaptation process
which allows the measurement of fabric densities that change
quickly over time. Several measurements series on a real-world
industrial air-jet loom are conducted to evaluate the fitness
and robustness of the proposed framework. To our knowledge,
this is the first on-line measurement experiment for yarn
density quantification reported in literature. For comparative
reasons, three parallel density measurements were recorded by
using two alternative Fourier-space based algorithms and an
additionally installed X-Ray sensor as described in Section V.
All results are presented, compared and discussed in Section
VI. Finally, an outlook for future work is given in Section
VIII.

II. IMAGE ACQUISITION

The core of the image acquisition system is a JAI 500
GE industrial camera, with a 2/3′′ CCD sensor, providing
2456×2058 active pixels at a maximal framerate of 15 frames
per second. The camera is combined with a Schneider Optics
23 mm prime lens. Lens and camera are mounted onto a
vibration damping rack which is installed directly above the
insertion shaft of a Picanol Omni Plus 800 loom. The working
distance between fabric and lens is set to 10 cm. To calibrate



the system, several reference images with a ruler on it were
acquired. By manually measuring the number of pixels per
centimeter, the spatial resolution was determined to be 415
pixels/cm. As illumination technique, a back-light has been
chosen since it produces the best image quality in terms of
contrast and visibility of single yarns. For this purpose, a
6 × 6 cm LED field is installed right below the recoil of
the fell at beat-up. The LED shines through the fabric and
is controlled and synchronized with the camera trigger by a
flash controller. Acquired images are transmitted to a personal
computer using a Gigabit Ethernet interface. Figure 1 shows
the mechanical setup of the proposed system. The computing
hardware consists of a i7950 CPU, 8GB RAM and an GTX
580 GPU.

III. MACHINE VISION ALGORITHMS

The concept of tracking single yarns in highly resolved
fabric images has been discussed in earlier work within the
context of on-line fabric defect detection [23]. The framework
is, however, in the proposed form not suitable for on-line
fabric density measurement. This section first recaps the basic
algorithmic steps employed to detect the trajectory of single
yarns in arbitrary fabric weaves. Subsequently, fundamental
extensions are discussed that allow the framework to con-
tinuously adapt itself to different fabric appearances and to
measure varying yarn densities accordingly.

The idea of tracking single yarns is based on the idea of
grouping fabric image features in a grid matrix. The grouping
action is performed according to the relative alignment of
feature points with respect to a vector pair which is determined
a priori. The grid matrix is transformed into a yarn matrix in
a subsequent step using a linear transformation which assigns
single image features to specific wefts and warps. From here,
yarn trajectories can be interpolated with high precision in a
straight-forward manner.

A. System calibration

The algorithm needs three a priori input parameters that
must be provided manually by the user in an off-line configura-
tion step. The first required parameter is an image template of
a float-point which can be extracted from an arbitrary sample
image of the fabric under investigation. Figures 2a-c illustrate
three fabric samples of different materials and weaves and their
corresponding template selections. The size of the template
doesn’t influence the computation time and has only a minor
effect on the feature detection performance. Good results could
be achieved in all experiments by a template that covers the
area between two adjacent float-points in y- and x-direction.

Moreover, a yarn vector pair must be provided which defines
the approximate distance in pixels between adjacent wefts and
warps in the fabric image. This information directly corre-
sponds to the initial density of the fabric. Figure 2d illustrates
a possible selection for a yarn vector pair dweft,dwarp). The
selection of the yarn vectors must not be pixel-precise, yet
some limitations apply in order for the overall algorithm
to succeed. The implied accuracy for the selection directly

Fig. 2. Four fabric samples of plain (a,d), satin (b) and twill (c) weave
[26]. Possible selections for corresponding float-point templates are shown
(magnified). On the example of the plain weave fabric image d, its float-
points are marked with white dots, a possible selection for the grid vector
are highlighted with red arrows and the weft and warp distance vectors are
shown by green colored arrows.

depends on the fabric weave and the spatial arrangement of
float-points within the fabric. The minimal precision for the
yarn vectors dweft and dwarp in x- and y-direction in pixels
is computed by

ρx =
Wx[pixel]

lx
(1)

ρy =
Wy[pixel]

ly
, (2)

where Wx,Wy represent the spatial extend (in x- and y-
direction, respectively) of a normal weave within a fabric
image in pixels and lx, ly represent the number of elements
in the fabrics basic weave pattern in x- and y-direction. As
an example, Figure 7 illustrates a 3-1 twill fabric. The spatial
extend of a normal weave in this fabric image is 84 × 135
pixels (as indicated by the red square in Figure 7c). The basic
weave pattern has a dimension of 4 × 4 (see Figure 7b) and
correspondingly, the tolerance for the selection of the yarn
vectors is 21× 33 pixels.

Two distinct grid vectors must be further provided. A grid
vector defines the direction between a given float-point to one
of its closest, adjacent float-points within the fabric image. The
selection of the two vectors is arbitrary and the precision of the
xy-coordinates must not be pixel-exact, it can be approximate.
Real-world fabric images are near regular textures, i.e. they are
slightly irregular on a local scale which is why a perfect grid
vector pair for the entire image cannot be selected. Subsequent
algorithms are designed to handle this characteristic. The basic
orientation of the vectors must, however, roughly fit to the real
alignment of adjacent float-points and they must be distinct.
The tolerance for the selection of the grid vectors g1 and g2 is
controlled by a regularization term κ and the minimal distance



(in pixel) between two adjacent float-points. If the minimal
distance dmin is for example 50 pixels (as in the fabric shown
in Figure 7), the tolerance ψxy for the grid vectors is computed
by

ψx = ψy = dmin · κ, (3)

i.e. it is a circle of radius 20 in the above example with κ =
0.4. Figure 2d depicts a possible selection for a grid vector
pair (g1, g2) on the example of a plain weave. Section III-C
discusses the selection of the term κ. All parameters can be
retrieved in a straight-forward manner from one single fabric
reference image using an image processing tool that allows to
display the coordinates of individual pixels. As a convenient
alternative, we proposed a methodology that iteratively uses
Fourier analysis and Fuzzy C-mean clustering to calculate the
grid and yarn vectors automatically within the context of blind
weave detection in woven fabrics [15].

B. Float-point detection
By using a normalized cross-correlation, a fabric image is

first matched to the float-point template [25] according to

F (I,T) :=
F−1 [F(I) · F∗(T)]√∑
I2 − 1

A
[
∑

I]2 ·
√
A · σT

, (4)

where F ,F−1,F∗ denote the Fourier transform, its inverse
and complex conjugate, respectively, I is the input fabric
image, T is the mean subtracted template, A the number of
pixels within the template, and σT the standard deviation of
the template’s gray value intensities. The operator (·) denotes
a point-wise multiplication.

The resulting correlation image Ixcor = F (I,T) shows
strong local maxima at locations where the fabric image
resembles the template, i.e. at float-point locations. In order
to quickly retrieve the xy-coordinates of these local maxima,
the correlation image is further processed by a maximum filter
which sets pixels values within a defined neighborhood to the
local maximum. The process is also known as morphological
dilation [27] and can be efficiently implemented using GPU
hardware. The filtered image is compared pixel-wisely to
the correlation image. Pixel locations where the gray values
of both images are equal correspond to local maxima and
are considered as float-point coordinates within the image.
Accordingly, a float-point is a pixel with a x- and a y-
coordinate. The pixel must not necessarily correspond to the
center of mass of a float-point, different adjacent pixels could
also be selected. The term float-point feature subsequently
describes a structure with the xy-coordinates of a single float-
point and its corresponding correlation coefficient. All found
float-point features of a given fabric image are saved in a list
L.

C. Feature point grouping

In a subsequent step, the float-point features are structured
in a grid matrix, i.e. their indices with respect to the list
L are structured in a matrix with respect to their spatial
arrangement. The procedure is described roughly at this point

to give the reader an overview. For a detailed understanding
of the methodology, it is referenced to the project website
[28] where commented Matlab source code is provided. To
begin with, a temporary search matrix S, a queue Q and
the grid matrix G are initialized with zeros. The grid vectors
introduced in Section III-A are henceforth denoted as g1 and
g2. By starting at an arbitrary float-point feature (generally
chosen to be the closest float-point feature to the image center),
the structuring algorithm proceeds according to the Matlab
pseudo-code presented in Annex 1. Each element in the query
queue is represented by a structure defined by a field for its
estimated image coordinates (imgCoord) and a field for its
grid matrix coordinates (matrixCoord). During each iteration,
a float-point feature q is removed from the query queue, and
its closest node point (seekPt) (in terms of Euclidian distance)
in L is found (Listing 1, line 11-13). If the closest float-
point exceeds a certain distance to q, the search matrix S is
marked as NOT FOUND at the position indicated by the matrix
coordinates of q and a new iteration starts (line 16). Otherwise,
a FOUND flag is registered in S, and the image coordinates of
the closest float-point feature are saved in the grid matrix at
the matrix coordinates given by q (line 19-20). Now, since
q could be matched to a node point, four new potential
float-point positions p1−4 are derived from that position. The
new matrix coordinates of the four points are calculated by
{{xm + 1, ym}, {xm− 1, ym}, {xm, ym + 1}, {xm, ym− 1}},
where xm and ym are the individual matrix coordinates of
q (line 19, function updateNeighbors()). The search matrix is
labeled as LISTED at the four new matrix coordinates. Addi-
tionally, four new image coordinates are estimated for the new
positions p1−4 by adding the four grid vectors {±g1,±g2} to
the image coordinates of seekPt (line 23, function estimXY()).
The four new points are attached to the query queue and a
new iteration starts (line 25).

Only matrix positions that are neither labeled as FOUND,
NOT FOUND nor LISTED are processed. In this way, the
algorithm will converge and Q will be empty at some point,this
is when the process terminates. Figure 5b illustrates the
structure of a final grid map for a satin weave fabric. Figure 3
illustrates the process of creating a grid map on the example
of three successive iterations.

The search radius ’searchArea’ used in line 13 in Listing 1
is determined to be searchArea = κ · min(|g1|, |g2|). It
determines the maximal distance that a valid float-point feature
may deviate from its estimated position. The constant κ is the
same as in Equation (3). In order to avoid false matches, the
search radius should be smaller than the minimal expected
distance between adjacent float-point features. This way, the
regularization term κ should be selected to range in the interval
[0.2, 0.8]. The exact value is not crucial so that κ has been
empirically set to 0.4 in all our experiments and was kept
unchanged since. Smaller values for κ require a more precise
selection of the grid vectors. The procedure results in a grid
matrix as depicted in Figure 5b, in which single float-features
are structured relatively to the proximities defined by the grid
vectors. The grid matrix is subsequently transformed into the



Fig. 3. Illustration of a grid map construction as described in Section III-C. Three successive iterations with updated contents for search (S), grid (G) and
Query Queue (Q) matrices are shown.

yarn matrix as follows:

∀x ∈ {1,...,O},∀y ∈ {1,...,P} :

Y(x′, y′) = G(x, y), with (5)[
x′

y′

]
= round(K ·

[
x
y

]
), and (6)

K =
[
dweft dwarp

]−1 · [g1 g2

]
, (7)

where O and P represent the height and width of the grid
matrix, dweft and dwarp denote the yarn vector pair introduced
in Section III-A, and the function round() rounds a float
value to its nearest integer number. An illustration of a yarn
matrix is given in Figure 5c. It can bee seen how float-points
of the same weft are now arranged in the same row of the
yarn matrix and float-points of the same warp in the same
column. The correct calculation of the transformation matrix
K is essential for the success of the proposed method as it
maps single float-points to specific yarns. It depends on the
grid and yarn vectors that are both required to reside within
the accuracy limitations defined by the Equations (1) - (3). The
grid and yarn vectors must be recalculated as soon as these
restrictions do not hold anymore, other wise, the method will
return skewed and shifted yarn trajectories that do not relate
to the real trajectories of yarns.

D. Trajectory tracking

To track the trajectory of each yarn (i.e. the coordinates
of each yarn skeleton), the pathway of a yarn between two
adjacent column/row float-points in the yarn matrix is modeled
by a straight line. The slope of that line is used to interpolate
the coordinates of all pixels between the two float-points.
By connecting all lines for a specific column/row, the yarn
trajectories can be visualized efficiently. The procedure is
based on the idea that the trajectory of a yarn will not
change abruptly within the short distance that separates two
adjacent float-points. Conditioned by mechanical restrictions
of the weaving process, the assumption holds also for defective
material as shown in Section VI. Figure 4 illustrates the
tracked yarns for various fabric types. Another advantage of
the proposed method is its invariance according to the yarn

Fig. 4. Results of the yarn tracking process. The fabrics of plain (a) satin (b)
and twill (c) weaves are shown with tracked float-points (green), wefts (blue)
and warps (red).

texture, shape and thickness. Since the method deals only with
yarn trajectories (i.e. yarn centroids), other yarn parameters
than the floating-point appearance have no impact on the
methodology.

IV. ADAPTIVE TRACKING

When the density of a fabric image varies, the visual
appearance of its float-points as well as the direction of its grid
vectors and yarn vectors will change significantly so that the
grid matrix algorithm will fail to operate properly. However,
several changes and updates to the described procedure will
allow the algorithm to measure varying densities in real-time.

1) To begin with, the active measuring area within the
fabric is restricted by defining a region of interest (ROI)
around the central part of the image. The ROI covers
about 70% of the original image area. The intention here



Fig. 5. Illustration of a 5× 5 satin weave fabric with corresponding grid and yarn map [26]. a) Scheme of a satin weave with given binding and node point
features marked as color coded dots. Grid vectors {g1,i, g2,i} and yarn spacings {dwarp,i, dweft,i} for a given iteration i are shown. b) Corresponding grid
map in which feature points are sorted relatively to the grid vectors. c) Final yarn map in which each row’s (column’s) feature points correspond to the same
weft (warp) in the fabric.

is to avoid measurement errors at border regions of the
image which may be caused by lens induced distortions
and vignetting. A convenient side effect is the higher
computational efficiency due to the reduced data volume.

2) Within the ROI, the distance between adjacent wefts
and warps is calculated at pixel level. For each yarn
trajectory, the number of pixels to the next left (warp) or
lower (weft) yarn trajectory is calculated. The distances
are first averaged for all pixels of a given yarn and then
averaged again for all wefts and warps within the fabric’s
ROI. This results in two precise measurements α′ (weft)
and β′ (warp) of the averaged spacing between adjacent
wefts and warps, respectively.

3) The new values for yarn vectors are compared to ex-
isting measurements α and β which were calculated
from the preceding image (or were defined off-line by
the operator). For comparison, the absolute difference
between existing and new measurements is calculated:
∆α = |α− α′|, ∆β = |β − β′|.

4) When the yarn density varies from one image to another,
changes in yarn vectors can be captured as described
above. Changing grid vectors are, however, more dif-
ficult to determine. Fortunately, yarn vector variations
and grid vector changes are linearly proportional. In
this way, the alteration of grid vectors can be estimated
by calculating the component-wise ratio between yarn
vectors and grid vectors

λ1 =
g1(1)

α
, λ2 =

g1(2)

β

γ1 =
g2(1)

α
, γ2 =

g2(2)

β
.

The operator (·) denotes an element-wise access to single
elements within a vector.

5) The proportional factors λ1, λ2, γ1, and γ2 are used to
estimate the change of the grid vectors depending on the

yarn vector change by updating according to

g1(1) = g1(1)− λ1 ·∆α, g1(2) = g1(2)− λ2 ·∆β
g2(1) = g2(1)− γ1 ·∆α, g2(2) = g2(2)− γ2 ·∆β.

6) The search radius from Listing 1 is updated

searchArea = κ ·min(|g1|, |g2|).

7) The current yarn vectors are updated for future process-
ing:

α := α′, β := β′.

8) The yarn matrix in Equation (5) is recalculated and
updated.

9) The float-point template image is updated. A new tem-
plate is cropped from the current fabric image at a
position which is centered around the float-point which
is closest to the center of the image.

For the grid vectors, only the y-components are expected
to vary during the weaving process since a variation in weft
densities is not expected to affect the density of warps. Hence,
the x-components of the grid vectors are updated for con-
sistency only. The above listed adjustments allow the system
to reliably measure the fabric density, even if it is quickly
changing over time. The fabric material is in consistent motion
during production and continuously rolls down into the field of
view of the camera. In case of abrupt changes, the upper and
lower portion of the image generally show different densities
which, however, are averaged during the measurement process.
This property of the image acquisition system corresponds to a
low pass characteristic, smooths abrupt changes in yarn density
and hence allows the system to work in a robust and reliable
way.

V. EVALUATION METHODS

The proposed framework has been qualitatively evaluated
on an Omni Plus 800 loom from Picanol. Image acquisition
and computation hardware have been set up as described



in Section II. The Figures 8, 9, and 11 plot measurement
series taken on the operating loom during the production of
a polyester 3-1 twill fabric (shown in Figure 7). During the
measurements, the fabric densities were varied in a range
of 8 wefts/cm up to 36 wefts/cm in different time intervals.
The overall time for each measurement varied between one
and ten minutes for each measurement. In addition to the
proposed method, three alternative measurement methods were
evaluated in order to provide a medium for comparison and
benchmarking. Within this context, an X-Ray sensor was
installed at the loom’s take up (cf. Section V-B) and in addition
to the proposed algorithmic framework for yarn tracking, two
custom algorithms that are based on the analysis of the fabrics
Fourier spectrum (cf. Sec. V-A) were implemented and tested
on the same fabric image data. Both analog signals, i.e. the
operator machine target values and the X-Ray signal, were
sampled with a sampling rate of 100 Hz. Images were recorded
with a frame rate of 15 frames per second. To synchronize
all signals, the lower resolved density signals retrieved by the
digital image processing algorithms were interpolated to match
the sampling rate of the analog signals. The spatial resolution
of the fabric images has been fixed to 415 pixels/cm. Two
additional experiments were conducted to quantitatively assess
the measurement precision of the proposed system and its
applicability to different materials and weaves.

A. Fourier analysis

As pointed out in section I, we consider the analysis of
the fabric’s Fourier spectrum to be the most robust option for
density measurements as opposed to methods that deploy gray-
level scan-line profiles or various pattern analysis tools. Thus,
two customized Fourier analysis algorithms are introduced
here to evaluate their performance on the given image data
set.

For both algorithms, the following steps apply. The fabric
image is first transformed into the Fourier domain using a
2D Fast-Fourier transformation. The spectrum is then shifted
so that the direct component is located at the image center.
Subsequently, the spectrum is logarithmized to align its power
distribution. A peak detection procedure, similar to the method
discussed in Section III-B, is conducted. The spectral image is
hereby processed by a dilating maximum filter and the result
is compared to the input image at pixel by pixel. Locations
where the intensity values do not change are considered as
local maxima (i.e. peaks). Localized peaks are further filtered
by using an empirically selected threshold for their spectral
intensity values.
• In the first method, the system is calibrated off-line by

manually selecting the spectral peak that corresponds to
the density of the first (calibration) image of the density
measurement series. The xy-coordinates of that peak are
saved in a variable and its adjacencies serve as region of
interest (ROI). For every new fabric image, a spectral
peak is found that is closest to the current ROI (in
terms of Euclidean distance). This peak is considered
as the target peak. The method follows the assumption

Fig. 6. Scheme of a weaving machine, lateral view. The machine vision
system is installed right behind the recoil of the fell at beat-up, whereas
the X-Ray sensor is installed next to the fabric beam because of its larger
dimension.

that the density between two subsequent fabric images
varies within the precision limitations discussed in Sec-
tion III-A. The matched peak then becomes the new
ROI, which allows the system to adapt itself to varying
densities. The algorithm is denoted here as Fourier ROI
tracking.

• The second method doesn’t require a calibration. Lo-
calized peaks are filtered again by discarding all points
that are located too far from the central y-axis of the
spectral image (again, an empirically selected threshold
is used). Among the remaining peaks, the peak with the
highest spectral intensity is found and is considered as the
target peak. This method assumes that a) the repetitive
pattern of wefts within the fabric image appears as the
most prominent frequency along the y-axis in the spectral
domain (next to the direct component), and b) that wefts
run completely horizontal within the fabric image. The
algorithm is denoted here as Fourier maximum tracking.

Once a target peak has been identified, the weft density for
the current image can be calculated as follows:

dweft =
R · |py − cy|

H
, (8)

where H is the image height, py is the y-coordinate of
the current target peak, cy is the y-coordinate of the direct
component and R is the spatial resolution of the image.

B. X-Ray measurement

In addition to the camera sensor, an X-Ray sensor has been
installed on the loom. The permeability of the fabric material
for X-Ray radiation varies anti-proportional with its weft
density. This characteristic is used in the measurement setup
to capture the change in weft densities during production.
Due to their rather large dimension, the X-Ray transmitter and
receiver must be installed next to the fabric beam where the
finished produced fabric is taken-up, cf. Figure 6. This causes
a measurement delay of up to 7 minutes (depending on the



Fig. 7. Sample of the 3-1 polyester twill fabric used in this work for the evaluation of the proposed machine vision based measurement system. The bottom
images show b) the basic weave pattern (the letter x marks warp-floats, c) a magnified view of the material and the spatial extend of a weave (red square),
and d) tracked yarns and detected float-points.

machine production speed and the density) with respect to the
measurement of the machine vision system, which is installed
right behind the fell at beat-up. The dynamic range of the X-
Ray sensor for fabric densities between 20 and 36 yarns/cm is
between 3.3 and 3.6 V. This way, the signal must be amplified
and transformed according to the scaling function

dweft(x) =
a

x
− b, (9)

to provide meaningful information about the weft density.
Here, the variable x represents the X-Ray signal in Volt, and
the scaling constants a = 860 and b = 225 were found
empirically by comparison with the ground truth data. Since
the X-Ray signal is very noisy, a large 1000-tap sliding average
low-pass filter has been applied to the signal after recording.
The number of taps for the filter has been selected according
to the sampling frequency of 100 Hz.

C. Generalization capabilities

To evaluate the capability of measuring the density of
arbitrary weaves, i.e. plain, twill and satin, an off-line fabric
image database was acquired. The database consists of 50
images with ten different fabric materials (cotton, polyester
and viscose fibers) covering plain (four material types), twill
(four material types) and satin (two material types) fabrics.
Five images were acquired from each fabric type, one for the
calibration of the parameters (grid vectors, yarn vectors and
the template) and four images were kept for the evaluation.
A density ground truth for all ten fabric classes was manually
created by counting the yarns within each image using a photo
processing software. The average weft density was computed
and subsequently rounded to the nearest integer. A ground
truth error of maximum ± 1 yarns/cm is assumed due to the
manual measurement and single yarns that partially outside

the image. The results of the off-line evaluation are presented
in Table II.

D. Precision and measurement uncertainty

In order to get a quantitative statement of the measurement
precision and uncertainty, additional on-loom measurements
were performed using the polyester 3-1 twill fabric introduced
earlier. Densities from 5 yarns/cm to 40 yarns/cm in steps of
5 yarn/cm were produced. For each density, 30 seconds of
image material were recorded and analyzed without varying
the density during the analysis. The density in the fabric
images was controlled by picking images at random and by
manually counting the number wefts per centimeter using a
photo processing software. This way, the machine production
precision could be validated. Again, a ground truth error of
± 1 yarns/cm is assumed. The results are presented in Table
I.

VI. RESULTS

The curves in Figure 8 and 9 show the results of two
conducted experiments that evaluate the proposed algorithmic
framework for visual yarn density measurement. Here, only the
density measurements of the proposed method and the ground
truth machine target density have been recorded over time
periods of 6 and 1 minutes, respectively. In a third experiment,
the proposed method and two Fourier based algorithms (cf.
Section V) have been tested in parallel. The X-Ray sensor
has been additionally added to the measurement setup. The
results of the all-in experiment are shown in Figure 11. For
all conducted experiments, the machine vision system and all
hardware related components were kept unchanged and have
been set up on the operating loom as detailed in Section II.

In Figure 8, the blue dashed curve shows the operator’s input
for targeted machine density values plotted against time. The



red curve depicts all measurements recorded by our proposed
image processing framework during the same time period. The
resulting signal is shown without any further post-processing.
It can be seen that measurements are very precise, as the
deviation from the targeted machine values seldomly exceeds
0.2 yarns/cm as soon as the sensor’s field of view matches the
produced fabric corresponding to the machine target value (see
black circle). By comparing the two curves in Figure 8, it can
be seen that there is a time delay between operator input and
the actual measurement, which depends on the fabric’s density.
For lower densities of 8 yarns/cm, the delay is approximately
10 seconds and increases to up to 28 seconds for densities of
22 yarns/cm. This behavior is directly linked to the constant
machine pick rate of 900 picks per/minute which causes the
production rate to decrease with higher densities. Hence, the
measurement curve will always have a bias compared to
the target machine curve. There is one outlier at about 274
seconds in Figure 8 when the density abruptly changes from
22 yarns/cm to 16 yarns/cm. As anticipated in Section IV,
the large jump from 22 to 16 yarns/cm could be handled, i.e.
system quickly re-calibrated itself. Similarly, Figure 9 shows a
measurement over a shorter time period of 60 seconds. Here,
the described low-pass characteristic of the proposed system
can be observed, as sharp changes in density over a short time
interval (≤ 10 s) cause a wash-out of the measurement curve.

In Figure 11, the green curve depicts the measurements
of the X-Ray sensor. The signal was low-pass filtered and
scaled as described in Section V-B. Furthermore, due to the
rearwards location of the X-Ray sensor, the original signal
was shifted to the left by 270 seconds by post-processing
for illustration reasons and to allow a facilitated comparison
with the other signals. Apart from its noisiness, the shifted
X-Ray signal corresponds well to the ground truth curve.
Higher deviations from the set density can be observed at
approximately 3.30 min. The X-Ray sensor is not affected
by abrupt changes in density.

The curves for the Fourier maximum tracking (dashed
black), Fourier ROI tracking (gray) and the proposed method
(red) were not post-processed. The curves are based on the
analysis of more than 9000 images of the earlier discussed 3-
1 twill fabric. It can be seen that the Fourier based algorithms
correspond very well to the ground truth machine target
values with very little noise. The ROI tracker gives the best
measurement results until approximately 6.50 min, where a
abrupt density change from 20 to 25 yarns/cm occurs. The
algorithm hence loses the correct target peak and is not able
to recover afterwards as the measurement curve significantly
differs from the ground truth. The Fourier maximum tracker
on the other hand loses the correct signal at an abrupt density
change from 36 to 30 yarns/min that occurs at approximately
3.5 min. The algorithm is, however, able to recover afterwards
as it guides itself back to the correct measurement curve and
keeps track of it until to the end of the experiment. During
the stable measurement phases, both algorithms return exactly
the same result which is expected, since discrete spectral peak
detection forms the basis for both measurements.

Finally, the measurement curve of the proposed method is
only slightly more noisy than the Fourier based methods, but
handles all abrupt density changes without problems. As a
qualitative statement, the measurement corresponds well to the
programmed density of the produced fabric – it is very precise
as soon as the sensor measurement and machine target values
are in sync.

The programmed curves (blue) in Figures 8-11 obviously
do not correspond to the real produced fabric because of the
production delay that is a function of the density. Accord-
ingly, experiments 1-3 only give qualitative insights into the
system performance with regards to stability and robustness.
A quantitative assessment of the system’s precision can be
concluded from Table I which summarizes the results of the
constant density experiment (see Section V-D). In particular,
it can be seen that the density measurement of the proposed
framework is precise over the entire density range as the
averaged measurement results correspond well to the ground
truth. A maximal difference of 0.33 yarns/cm can be observed
on a density of 25 yarns/cm. Higher deviations can be observed
for higher fabric densities. In consideration of the assumed
ground truth error of ± 1 yarn/cm, it can be stated that the
system measurements are precise. From Table II it can be
seen, that the system performance is not affected by the fabric
material or weave. Precise measurements with little deviation
can be reported for either plain, twill or satin weaves.

Fig. 8. On-loom density measurement (red) for an time interval of 360
seconds and corresponding ground truth densities (dashed blue) [26]. A very
precise measurement can be achieved when the system is in sync as indicated
by the dashed circle. The density depending time delay between targeted
machine values and actual measurement can clearly be seen.

VII. DISCUSSION

The experiments showed that the proposed method out-
performs existing algorithms for fabric density measurement.
Gray-level scan-line based methods (as proposed by [4]) are
limited to materials with rather simple weave pattern and were
not applicable to several of the highly resolved images which
have been investigated in this work. Figure 10 illustrates scan-
line profiles computed from one of the fabrics introduced in
Section V-C. Here, it can be seen that weft locations cannot
be detected reliably. The Fourier based algorithms have the
best measurement accuracy but show severe stability problems



TABLE I
EVALUATION RESULTS OF THE PROPOSED METHOD ON EIGHT MEASUREMENT SERIES WITH CONSTANT WEFT DENSITIES. FOR EACH EXPERIMENT, 30

SECONDS OF IMAGE MATERIAL (450 IMAGES EACH) WERE RECORDING WITHOUT ALTERING THE DENSITY OF THE 3-1 POLYESTER TWILL FABRIC.
SHOWN ARE THE MEAN DENSITY MEASUREMENT x̄ AND THE CORRESPONDING STANDARD DEVIATION s FOR EACH MEASUREMENT SERIES.

Ground truth density 5 10 15 20 25 30 35 40
x̄ 5.32 10.13 14.75 21.02 25.33 30.03 34.78 40.32
s 0.25 0.27 0.25 0.31 0.28 0.31 0.35 0.36

TABLE II
EVALUATION RESULTS OF THE PROPOSED METHOD FOR FABRIC DENSITY MEASUREMENT ON A DATABASE OF 50 FABRIC IMAGES IN 10 FABRIC CLASSES
A-J WITH PLAIN (P), SATIN (S) AND TWILL (T) WEAVES. FOR EACH CLASS, FIVE IMAGES WERE ACQUIRED: ONE FOR THE CALIBRATION OF THE SYSTEM

PARAMETERS AND FOUR FOR THE EVALUATION. THE MEAN DENSITY MEASUREMENTS x̄ AND THE CORRESPONDING STANDARD DEVIATIONS s ARE
SHOWN.

Fabric sample A B C D E F G H I J
Ground truth
Weft density 20 26 15 24 45 20 41 24 30 35
Weave P P P S T S T P T T

Measurements
x̄ 19.68 26.23 15.41 23.85 45.05 19.93 39.83 24.28 29.92 35.34
s 0.07 0.15 0.09 0.18 0.21 0.12 0.25 0.19 0.23 0.28

Fig. 9. On-loom density measurement (red) for a time interval of 60 seconds
and corresponding ground truth densities (dashed blue) [26]. For too abrupt
changes, the system shows a blur-out on quick density variations.

when facing abrupt changes in density. The X-Ray sensor
does not face these problems, but is susceptible to noise,
shows higher measurement deviations and must be installed
at a distant location from the actual fabric production due to
its dimension, which makes time critical control and quality
assurance tasks difficult to implement because of the large
dead-time.

The proposed algorithmic framework overcomes the men-
tioned shortcomings as it shows a robust and reliable mea-
surement characteristic with little deviation as it can be seen
in Table I. Abrupt changes in density do not affect the system.
The measurement precision is similar to the results reported by
Wang et al. [4], however, the authors based their findings on
the evaluation of only eight fabric images, whereas this work
was bulk evaluated in 5 experiments covering several thousand
images of fabrics with different materials and weaves. The

results are hence expected to be more meaningful. The mea-
surement precision appears to be precise enough for potential
control tasks. An important add-on is that our method allows
the measurement of local densities among different areas of
the fabric image, which has high value for defect detection
tasks.

Besides the grid vectors and yarn vectors, the method
requires the template and the regularization term κ to be
selected manually. As different (within limitations discussed
in Section III-A) selections for the grid vectors, yarn vectors,
and the regularization term will have no impact on the overall
measurement, the selection of varying float-point templates
will alter the results. For instance, the yarn trajectories will
differ by some pixels for each selected template; but, since
all yarn trajectories shift the same way, the overall density
measurement (which is based on relative distances between
adjacent yarns) is not affected.

Nevertheless, several drawbacks could be addressed in fu-
ture work:

• The framework is rather complex when compared to other
image processing based methods, which rises the need for
more powerful and hence more expensive computation
hardware.

• The method requires off-line parametrization and expert
knowledge in order to set up and calibrate the system.

• Furthermore, due to the chosen template matching ap-
proach for float-point detection, the method is yet limited
to non patterned fabric materials. Wefts and warps must
be of uniform color each, otherwise the correlation will
fail to robustly detect the correct location of repetitive
features. It is likely that the best way to handle this
limitation is by altering the imaging method. Color might



have no visible effect in fabric images acquired with near
infra-red, infra-red or ultra-violet light. The confirmation
of this hypothesis will be subject to future work. Another
strategy to handle patterned fabrics would be based on
models of weft/warp floats in terms of probability density
functions of gray value intensities.

Fig. 10. Row and column scan-line profiles (averaged gray values for single
image rows and columns) for an image of sample D (see Table II). Whereas
the scan results in warp direction (blue, scanned columns) are harmonic as
well as periodic and could be used to locate single warps within the image, the
low pass filtered curve in weft direction (red, scanned rows) is too inaccurate
for robust weft detection. The correct spacing between adjacent warps and
wefts for sample D is approx. 20 pixels and 11 pixels, respectively.

VIII. CONCLUSION

This work proposed a vision-based measurement system to
precisely quantify density changes in woven fabrics during
production. The proposed framework was originally designed
to detect flaws in fabric materials and has been extended in this
work to allow the measurement of varying material densities.
It is straight-forward to set up, as only three basic parameters
are required. The system is applicable for plain, twill and satin
weaves but is currently limited to non-patterned materials.
Several on-loom and of-loom evaluations proved its reliability
and applicability with high measurement precision and reliable
behavior. The system has been compared to alternative meth-
ods for fabric density measurement. Here, image processing
methods based on Fourier analysis and additional hardware in
form of an X-Ray sensor have been evaluated. The results
showed that the proposed framework omits the limitations
of these approaches as it produces a low-noise and a highly
accurate signal which robustly handles quick density changes.
It allows the measurement of local densities and due to its
compact dimension, it can be setup at a loom location that is
next to the point where the actual fabric is produced. Future
work will focus on developing new methods that overcome
the limitations to non-patterned materials. Furthermore, it will
be investigated how the proposed setup can be used in a
loom-integrated regulation process to control the grammage
of the material on-line. This will be an extension to the work
presented in [29], [30], where the X-Ray sensor has been used
for control tasks.
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[29] Y. Gloy, R. Büllesfeld, T. Islam, and T. Gries, “Application of a smith
predictor for control of fabric weight during weaving,” Journal of
Mechanical Engineering and Automation, vol. 3(2), pp. 29–37, 2013.

[30] Y. Gloy, T. Gries, and G. Spies, “Non destructive testing of fabric
weight in the weaving process,” in 13th International Symposium on
Nondestructive Characterization of Materials (NDCM-XIII), 2013.

APPENDIX

Annex 1. Matlab pseudo-code for the grid matrix algorithm.
1 %Q -> Float-Point queue
2 %S -> Search Matrix
3 %G -> Grid Matrix
4 %L -> Float-point list
5
6 Q = initializeQueryQueue();
7 S = initializeSearchMatrix();
8 G = initializeGridMatrix();
9

10 while hasMoreElements(Q)
11 q = popFromQueue(Q)
12
13 seekPt = nearestNeighbor(L, q.imageCoord,

searchArea)
14
15 if isEmtpy(seekPt)
16 S(q.matrixCoord) = NOT_FOUND
17 continue;

18 else
19 S(q.matrixCoord) = FOUND
20 G(q.matrixCoord) = seekPt.imgCoord
21
22 [p14,S] = updateNeighbors(S, q.matrixCoord)
23 p14 = estimXY(g_a, g_b, seekPt, p14)
24
25 Q(end+1) = p14;
26 end
27 end
28
29 function [p14, S] = updateNeighbors(S, mc)
30 x = mc.x
31 y = mc.y
32
33 p14 = [];
34
35 if S(y+1, x) == NOT_PROCESSED
36 S(y+1, x) = LISTED;
37 tmpSeed.matrixCoord.x = x;
38 tmpSeed.matrixCoord.y = y+1;
39 p14(end+1) = tmpSeed;
40 end
41
42 if S(y-1, x) == NOT_PROCESSED
43 S(y+1, x) = LISTED;
44 tmpSeed.matrixCoord.x = x;
45 tmpSeed.matrixCoord.y = y-1;
46 p14(end+1) = tmpSeed;
47 end
48
49 % ...
50 % repeat this for the positions
51 %{y,x+1} and {y, x-1} >
52 end % end updateNeighbors
53
54 function ns = estimXY(g_a, g_b, sp, ns)
55 ns(1).imgCoord = sp.imgCoord + g_a
56 ns(2).imgCoord = sp.imgCoord - g_a
57 ns(3).imgCoord = sp.imgCoord + g_b
58 ns(4).imgCoord = sp.imgCoord - g_b
59 end


