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Abstract—A vision-based inspection system to measure woven
fabric yarn densities during production is presented. As an
extension to an earlier developed fabric flaw detection system,
the proposed framework consists of a combination of basic and
custom-made image processing techniques that allow to precisely
track single wefts and warps within fabric images. Several
adaptations allow the measurement of density changes for plain,
satin and twill weaves. Only 3 parameters are required to set
up the system, which can easily be obtained using any common
photo processing software. The algorithmic framework has been
evaluated in this work on a real-world loom and it proved to be
robust and applicable for industrial use.

I. INTRODUCTION

Woven fabrics are produced by interlacing two distinct
and orthogonal yarn sets according to a predefined pattern
(weave). Vertical and horizontally passing yarns are denoted
as warps and wefts, respectively. Intersection points between
wefts and warps are called float-points. Two kinds of float-
point 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 most
common weave patterns are plain, twill, and satin weave. The
mechanical process of interlacing wefts and warps is carried
out by spacious and complex industrial weaving machines i.e.
power looms. Different kinds of looms can be distinguished.
The most common types for the production of woven fabric
are air jet, rapier and projectile looms. They share in common,
that a weft is 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. The yarn density (or pickage)
is an important characteristic of each fabric and is defined by
the number of wefts per inch. Common fabric densities are in
a range of 13-150 wefts/inch.

This paper addresses the specific problem of visual on-loom
yarn density measurement. As mentioned earlier, yarn density
is a critical material characteristic which determines not only
shape and appearance of a given fabric but also its physical
condition and behavior. Its exact measurement is of importance
for quality assurance tasks such as control tasks, e.g. automatic
control of material grammage. Classic fabric defect detection
algorithms are designed to accentuate and detect deviating
patterns (defects) from an homogeneous background pattern
(fabric) and cannot be applied to measure fabric density.
Several authors thus discuss customized methodologies to

measure yarn densities in digital fabric images. In this context,
Lin [1] proposes to use co-occurrence statistics as proposed
by Haralick [2] 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. The use of co-occurrence
statistics does not seem suitable for real-time applications.
Jeong et. al. [3] 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. Experiments,
however, showed that the proposed concept is not applicable
to many real-world fabric types as a very tight yarn alignment
and regularity restrictions are required in order for it to
succeed. A similar concept is proposed by Pan et. al. [4] who
combine scan-line profiles with Hough-Transformation and
image binarization to measure yarn densities. Even thought
presented results seem to be robust and precise, alignment and
regularity restrictions will apply too, and the computational
time of the proposed framework is expected to exceed real-
time limitations. Xu et al. [5] on the other hand employ tech-
niques based on the analysis of the fabric’s Fourier spectrum.
Reported measurements are stable and precise for either plain,
twill or satin weaves. In fact, we consider spectral analysis to
be a good approach to achieve high precision measurements
combined with moderate computation times.

This paper presents an alternative approach for on-line
fabric density measurement. It is based on a yarn tracking
algorithm which determines the trajectory of single yarns
within fabric images and measures pixel-wise distances be-
tween them. The concept is derived from a defect detection
framework we introduced in earlier publications [6], [7] and is
expended in this work to handle the problem of continuously
changing yarn densities in fabrics during manufacturing. The
main advantages of the proposed method are 1) its versatility
since it can be applied to virtually any woven fabric type and
2) its real-time applicability.

The first sections of this paper describe the measurement
set-up including a description of the image acquisition system
and a recapitulation of the basic algorithmic procedure to track
single yarns in fabric images. Subsequently, the framework is
expanded to allow the measurement of yarn densities which
may vary quickly over time. The system is evaluated on a real-



world industrial loom. Results are presented and discussed in
a final step and an outlook for future work is given.

II. IMAGE ACQUISITION

The core of the image acquisition system is JAI 500
GE industrial camera, with a 2/3′′ CCD sensor, providing
2456 × 2058 active pixels and at 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 rack which is installed directly above the insertion shaft of
a Omni Plus 800 loom from Picanol. The working distance
between fabric and lens has been fixed to 4 in so that the
spatial resolution of acquired fabric images reaches values of
1000 pixels per inch and above. As illumination technique,
back-light has been chosen since it produces best image quality
in terms of contrast and visibility of single yarns. For this
purpose, a 2 × 2 inch LED field is installed right below the
recoil of the fell at beat-up which lights through the fabric
and is controlled and synchronized to the camera trigger by a
flash controller. Acquired images are transmitted to a computer
using Gigabit Ethernet. The computing hardware consists of a
i7950 CPU, 8GB RAM and an NVIDIA 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 [7], [8]. The
framework is, however, in the proposed form not suitable
for on-line fabric density measurement. For this reason, 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 continuously measure varying yarn densities.

A. Tracking Yarns

The idea of tracking single yarns is based on the idea of
grouping fabric image features in a grid matrix (G-matrix). The
grouping action is performed according to the relative align-
ment of feature points with respect to a vector pair which is
determined a priori. The G-matrix is subsequently transformed
into a thread matrix (T-matrix) using an affine 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.

1) System calibration: The algorithm needs three a priori
input parameters that must be provided manually by the user
during off-line configuration. 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.
Moreover, two distinct grid vectors must be 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 is not crucial. The only restriction that applies
is that the two vectors must be distinct. Finally, a yarn vector
pair must be provided which defines the approximate distance

Fig. 1. Four fabric samples of plain (a,d), satin (b) and twill (c) weave.
Possible selections for corresponding float-point templates are shown. In
image d, float-points are marked with white dots, possible selections for grid
vector are highlighted with red arrows and the weft and warp distance vectors
are shown by green colored arrows.

in pixels between adjacent weft and warps in the fabric image.
Figure 1 depicts different fabric materials, possible examples
for the selection of a suitable template, grid vectors and yarn
vectors.

2) Float-point detection: By using a normalized cross-
correlation transformation, a fabric image is first matched to
the float-point template [7]. The resulting correlation image
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 [9] 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-points. The xy-coordinates of all float-
points are saved in a float-point list (L-list).

3) Feature point grouping: In a subsequent step, float-point
features are structured in a G-matrix. For this purpose, a
temporary search matrix (S-matrix), a queue Q and the G-
matrix are initialized with zeros. The grid vectors introduced
in Section III-A1 are henceforth denoted as g1 and g2. By
starting at an arbitrary float-point (generally chosen to be the
first float-point in the float-list L), the structuring algorithm
is conducted according to the Matlab pseudo-code presented
in Listing 1. Each element in the query queue is represented
by a structure defined by a field for its estimated image
coordinates and a field for its matrix coordinates. The first
elements are attached to Q based on previously found seed
points. During each iteration, the first element q is removed
from the query queue, and its closest node point (seekPt)
in L is found (l. 8-10). If seekPt 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 (l. 13). Otherwise, a FOUND flag is
registered in S, and the image coordinates of seekPt are saved
in the grid matrix at the matrix coordinates given by q (l.
16-17). Since q could be matched to a node point, four new
potential NP positions p1−4 are derived from that position.
The new matrix coordinates of the four points are calculated
by {{xm+1, ym}, {xm+, ym}, {xm, ym+1}, {xm, ym−1}},
where xm and ym are the matrix coordinates of q (l. 19). The
search matrix is labeled as LISTED at the for new matrix
coordinates. Additionally, four new image coordinates are
estimated for the new positions p1−4 by adding the four grid
vectors {±ga,±gb} to the image coordinates of seekPt (l. 20).
The four new points are attached to the query queue and a new
iterations starts (l. 22).

Only matrix positions that are not either labeled as FOUND,
NOT FOUND or LISTED are processed. This way, the algo-
rithm must converge and Q is empty at some point. This is
when the process terminates. Figure 2b illustrates the structure
of a grid map for a satin weave fabric.

Listing 1. Matlab pseudo-code for the Grid Matrix algorithm’s main loop.
1Q = initializeQueryQueue();
2S = initializeSearchMatrix();
3G = initializeGridMatrix();
4
5while hasMoreElements(Q)
6 q = popFromQueue(Q)
7
8 seekPt = nearestNeighbor(L,q.imageCoord,

searchArea)
9

10 if isEmtpy(seekPt)
11 S(q.matrixCoord) = NOT_FOUND
12 continue
13 else
14 S(q.matrixCoord) = FOUND
15 G(q.matrixCoord)= seekPt.imgCoord
16
17 newSeeks = updateNeighbors(S, q.matrixCoord)
18 newSeeks = estimImgCoord(g_a, g_b, seekPt,

newSeeks)
19
20 Q = pushToQueue(newSeeks)
21 end
22end

The search radius ’searchArea’ used in line 8 in Listing 1
is determined to be: searchArea = 0.40 · min(|g1|, |g2|).
The regularization term has been selected empirically. The
procedure results in a G-matrix as depicted in Figure 2b,
in which single float-features are structured relative to the
proximities defined by the grid vectors. The G-matrix is
transformed subsequently into the Y-matrix by following

∀x ∈ {1,...,O},∀y ∈ {1,...,P} :

Y(x′, y′) = G(x, y), with (1)[
x′

y′

]
= round(T ·

[
x
y

]
), and (2)

T =
[
dweft dwarp

]−1 · [g1 g2

]
, (3)

where O and P represent the height and width of the G-
matrix, dweft and dwarp denote the yarn vector pair introduced
in Section III-A1, and the function round(x) rounds a float
value to its nearest integer number. An illustration of a Y-
matrix is given in Figure 2c. It can bee seen how float-points
of the same weft are now arranged in the same row of the Y-
matrix and float-points of the same warp in the same column.

4) Trajectory tracking: To get 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 Y is
modelled 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,
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 we could validate in our experiments.

B. 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. Several
changes and updates to the described procedure will, however,
allow the algorithm to measure altering 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 is to avoid falsifying 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 pixel-wisely calculated. For each yarn
trajectory, the number of pixels to the next left (warp)
or lower (weft) yarn trajectory is found. The distances
are averaged for all pixels of a given yarn and averaged
again for all wefts and warps within the fabric’s ROI.



Fig. 2. Illustration of a 5 × 5 satin weave fabric with corresponding grid and yarn map. 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.

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 existing
α and β measurements which were calculated from a
proceeding image frame (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 yarn density varies from one image frame to
another, changes in yarn vectors can be captured as
described above. Changes for grid vectors are, however,
more difficult to determine. Fortunately, yarn vector
variations and grid vector changes are linearly propor-
tional. In this way, the alteration of grid vectors can
be estimated by calculating the component-wise rapport
between yarn vectors and grid vectors

λ1 =
g1(1)

α
, λ2 =

g1(2)

β

γ1 =
g2(1)

α
, γ2 =

g2(2)

β
.

5) The proportional factors λ1,2 and γ1,2 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 is updated

searchArea = 0.40 ·min(|g1|, |g2|).

7) Current yarn spacing measurements are updated for
future processing:

α := α′, β := β′.

8) The T-matrix in Equation (1) is recalculated.
9) The float-point template image is updated. A new tem-

plate is cropped from the fabric image at a position
which is centered around a float-point who’s correlation
coefficient is closest to the mean of the float-point
correlation coefficients in the current image.

The above listed adjustments allow the system to reliably
measure the fabric density, even when it is changing over time.
The fabric material is in consistent motion during production
and continuously rolls down into the field of view of the cam-
era. 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 has low pass characteristic,
smooths abrupt changes in yarn density and hence allows the
system to work in a robust and reliable way.

IV. RESULTS

The proposed framework has been evaluated on a Omni Plus
800 loom from Picanol. Image acquisition and computation
hardware have been set up as described in Section II. Figure
3 plots a measurement series taken from a loom during the
production of a denim fabric. Referring to Figure 3a, the fabric
density has been varied from 8 wefts/cm up to 22 wefts/cm in
varying steps over the time period of approximately 6 minutes.
The blue curve shows the operator’s input for targeted machine
density values plotted against the 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. The lower graph
depicts the absolute difference between the machine target
value and the sensor measurement. It can be seen that measure-
ments are precise as the deviation from the targeted machine
values seldom exceeds 0.2 yarns/cm as soon as the sensor’s
field of view matches the produced fabric corresponding to
the machine target value. By comparing the two plots, it can
be seen how the time delay between operator input and the
actual measurement depends on the fabric’s density. For lower
densities of 8 yarns/cm, the delay is approximately 10 seconds
and raises up to 28 seconds for densities of 22 yarns/cm.



Fig. 3. Three on-loom measurement sequences of varying time intervals. Machine target values (blue) for fabric densities and measurements captured by the
proposed image processing framework (red) are shown. The measurement error is plotted in the lower graph for each sub-plot (black). The density depending
time delay between targeted machine values and actual measurement can clearly be seen.

This behavior is directly linked to the constant machine pick
rate of approximately 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 3a when the density abruptly changes from 22
yarns/cm to 16 yarns/cm. As anticipated in Section III-B,
the large jump from 22 to 16 yarns/cm could be handled
and the system quickly re-calibrated itself. Similarly, Figure
3b shows a measurement over a shorter time period of 120
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) cause a wash-out of the
measurement curve. This behavior becomes even more clear
in Figure 3c.

V. CONCLUSION

This work proposed a vision-based sensor system to pre-
cisely measure density changes of woven fabrics during pro-
duction. 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 3 parameters are required
which can be provided using any common photo processing
software. The system is applicable for plain, twill and satin
weaves and is limited to non-patterned materials at the mo-
ment. Real-world on-loom evaluations proved its reliability
and applicability as the measurement error is small enough
to meet the imposed precision requirements. The proposed
framework omits limitations of conventional approaches as it
has no significant limitations regarding the the weave of the
fabric. Future work will focus on developing new methods that
overcome the limit 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.
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