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Abstract—Animal fiber identification is a crucial aspect of
fabric production, as specialty fibers such as cashmere are often
targeted by adulteration attempts. Since animal fiber identifi-
cation is difficult, it is currently performed by human experts
using Scanning Electron Microscopy (SEM). Many algorithms
have been proposed to tackle the automated identification of
animal and specialty fibers in SEM images. While ever-increasing
classification performance is reported, the adulteration resistance
of the proposed methods has not yet been evaluated.

In our work, we perform such an evaluation for the first
time. Lacking known ground truth adulterations, we construct
a dataset containing specialty as well as conventional animal
fibers in a chemically treated and untreated setting, where treated
and untreated state differ slightly. We subsequently benchmark
the ability of proposed state-of-the-art methods to correctly
identify animal fibers including treatment status as a surrogate
for adulteration resistance. Our results reveal that not all methods
are equally capable at distinguishing treated and untreated fibers.
Therefore, future research on animal fiber identification should
additionally focus on adulteration resistance.

Index Terms—Machine Learning, Deep Learning, Animal
Fiber Identification, Quality Control, Image Processing

I. INTRODUCTION

Animal fibers are an important material for fabric pro-
duction, posessing desirable characteristics such as thermal
insulation, moisture wicking, lustre and softness [1]. Specialty
fibers (e.g. cashmere) excel at one or more of the above
properties, and achieve premium prices on the market [2].
This makes them an attractive target for adulteration, and
adulteration rates between 15-60% have been reported for
cashmere products [3], [4]. Adulteration of specialty fibers
causes both direct financial damage, as mislabeling of animal
fibers is prohibited by law [5], [6], as well as indirect damage
to the perceived brand value of specialty fibers and their
distributors [3].

Various fiber identification methods have been proposed
to counteract adulteration. On the one side, chemical iden-
tification methods fingerprint the chemical composition of
specialty fibers by means of DNA analysis [7], MALDI-TOF
mass spectrometry [8] or NIR-spectroscopy [9] However, these
methods are time-consuming, require complex equipment, and

This work was supported by the German Federation of Industrial Research
Associations (AiF) under the grant number 21376 N.

are only applicable under special circumstances1. This makes
them unfit for use in industry. On the other side, optical
identification methods characterize the surface morphology
of animal fibers, using either optical microscopy [10], [11]
or Scanning Electron Microscopy (SEM) [12]. While optical
identification methods are more broadly applicable than chem-
ical methods and thus predominately used in industry, they are
subjective in nature and require extensively trained experts to
achieve reliable results [13], [14].

The automated analysis by means of pattern recognition
techniques has been proposed as an alternative to the expert-
based analysis of fiber morphology [15], [16]. While prior
work has shown that automated analysis is able at correctly
identify animal fiber types, resistance with respect to adulter-
ation attempts, even though critical to the overall applicability
of developed solutions, has not yet been demonstrated.

In our work, we evaluate the adulteration resistance of
developed solutions for the first time. Lacking a known ground
truth for adulterations, we argue that an algorithm capable of
detecting subtle changes in surface morphology induced by
chemical processing [17], should also be capable of identifying
adulterations. We therefore first establish a dataset comprising
animal fibers in processed and unprocessed state. Next, we test
the ability of proposed state-of-the-art solutions to distinguish
between processed and unprocessed state, and draw insights
on future steps.

II. RELATED WORK

Currently, literature focusses on the automated analysis of
optical microscopy over SEM images (cf. Table I). This contra-
dicts work performed in [18], which demonstrate that manual
identification of specialty fibers can only be achieved reliably
by means of SEM. However, this demonstration has been made
for manual fiber identification only, and an automated analysis
pipeline may improve reliability of optical microscopy-based
fiber identification.

In general, proposed methods either follow a Deep Learning
or a more classical Machine Learning approach.

1DNA analysis requires sufficient amounts of DNA, and NIR-spectroscopy
is affected by pigmentation, both of which are destroyed during fiber process-
ing.



TABLE I
LITERATURE OVERVIEW FOR AUTOMATED OPTICAL FIBER ANALYSIS. ABBREVIATIONS: LDA = LINEAR DISCRIMINANT ANALYSIS, SEM = SCANNEN
ELECTRON MICROSCOPY, MLP = MULTI-LAYER PERCEPTRON, KRR = KERNEL-RIDGE REGRESSION, SVM = SUPPORT VECTOR MACHINE, QDA =
QUADRATIC DISCRIMINANT ANALYSIS, LBP = LOCAL BINARY PATTERNS, HOG = HISTOGRAM OF ORIENTED GRADIENTS, BOW = BAG OF WORDS,

SIFT = SCALE INVARIANT FEATURE TRANSFORM, SPM = SPATIAL PYRAMID MATCH, SURF = SPEEDED UP ROBUST FEATURES, LVQ NN = LEARNED
VETCTOR QUANTIZATION NEURAL NETWORK

Feature type Classification Used fiber types Imaging type Source

Scale Pattern + Scale height LDA Cashmere + Wool SEM [16], [19]
Scale Pattern MLP Mohair + Wool Optical [20]

Scale Pattern / Latent Space of Autoencoder MLP Mohair + Wool Optical [21], [22]
Scale Pattern Bayesian Classifier Cashmere + Wool Optical [23]
Scale Pattern LVQ NN Cashmere + Wool Optical [24]

Scale Pattern (via Hough transform) MLP Cashmere + Wool Optical [25]
Surface texture (via Projection Curve) MLP / KRR / SVM Cashmere + Wool Optical [26]

Surface texture (via Fractal-based analysis) K-means Cashmere + Wool Optical [27]
Surface texture (via Wavelet transform) QDA / MLP Cashmere + Wool SEM [28]

Surface texture (via HOG / LBP / SIFT) SVM Cashmere + Wool Optical [29]
Surface texture (via LBP) SVM Cashmere + Wool Optical [30]

Surface texture (via SURF + BoW in SPM) SVM Cashmere + Wool Optical [31]
Surface texture (via SURF + BoW in SPM) SVM Cashmere + Wool SEM [32]

Surface texture (via LBP) / — SVM / Deep Learning Mohair + Wool Optical [15]
— Deep Learning Cashmere + Wool Optical [33]
— Deep Learning Cashmere + Wool Optical [34]

For the Deep Learning approaches, features and decision
boundary are learnt jointly in an end-to-end manner (e.g.
[15], [33], [34]). Deep Learning approaches often make use
of transfer learning and data augmentation, and better results
have been reported for Deep Learning over Machine Learning
approaches [15]. Notably, Deep Learning approaches have not
yet been applied to SEM images.

For the Machine Learning approaches, manually engineered
features are extracted first and subsequently used to train a
supervised classification algorithm [16], [20]. For the features,
both shape features extracted from scale patterns [16], [20],
[22]–[24], [29] and texture features [29], [31], [32] have been
successfully employed in literature (cf. Table I). Note that
extraction of scale patterns requires the segmentation of animal
fiber scales and has not yet been fully automated, increasing
complexity of the developed procedures. For the classification
algorithm, both linear classifiers (e.g. [16]) and nonlinear
classifiers (e.g. [21]) have been used.

Across all methods, accuracies of >90% are commonly
reported for the identification of specialty fibers. However, to
the best of our knowledge, no prior work exists so far that
tackles either the identification of adulteration attempts or the
determination of animal fiber treatment status.

III. DATASET

In order to evaluate the adulteration resistance of developed
solutions, an extensive dataset is necessary. The developed
dataset consists of 2 specialty fibers, yak and cashmere, as well
as wool, a conventional fiber commonly used in adulteration
attempts. Specialty fibers were sourced from the Cashmere &
Camel Hair Manufacturers Institute (CCMI), which provides a
high-quality database of specialty fibers that is also commonly
used to train human operators. Wool was sourced from a local
wool spinning mill. Next, we chemically alter the fiber surface

morphology by applying a dyeing and bleaching protocol com-
monly employed in industry [17]. Notably, changes induced
by the chemical treatment are also difficult to detect for human
operators.

After procuring the samples in both conditions, images were
acquired. We employed SEM over light microscopy due to its
reportedly higher suitability for fiber identification [18]. We
prepared the samples by applying the fibers individually to
the SEM sample holder. Using the above protocol, we generate
500 images per condition, resulting in a total of 3000 images.
A representative image of each condition is shown in Figure 1.

IV. METHODS

We detail the steps necessary to test our hypothesis in the
following.

A. Pre-processing

The main goal of pre-processing is to both suppress un-
wanted image characteristics (e.g. noise) and simultaneously
enhance features useful for solving the task at hand. Similar
to [23], we also perform fiber extraction followed by contrast
enhancement in our work.

For fiber extraction, we first apply Canny edge detection
[35], yielding a binary edge image. Afterwards, we perform
a morphological closing operation on the edge image using
an elliptic kernel of size 100 × 100. We identify the largest
component of the resulting mask as the fiber and set the back-
ground to 0. Subsequent normalization and feature extraction
steps are applied to the foreground mask only.

We apply Contrast-Limited Adaptive Histogram Equaliza-
tion (CLAHE) [36] to compensate for inhomogeneities in
image contrast caused by the image acquisition procedure.
Based on visual inspection of pre-processing results, the clip
limit was set to 10 and the tile size to 32.

An example of pre-processing results is shown in Figure 2.



(a) cashmere

(b) wool

(c) yak

Fig. 1. Representative unprocessed (top) and dyed and bleached (bottom)
images for each fiber type present in the database.

(a) input

(b) preprocessed

Fig. 2. Representative results of image pre-processing.

B. Machine Learning

For the Machine Learning approaches, both features and
classification algorithm need to be specified.

For the feature types, we exclusively make use of local
texture features over shape features, as they do not require
the segmentation of scales while achieving comparable perfor-
mance. Specifically, we extract Local Binary Patterns (LBP)
[37], Histogram of Oriented Gradients (HOG) [38] and Scale
Invariant Feature Transform (SIFT) [39] + Bag of visual Words
(BoW) [40] as feature sets. It should be noted that out of these,
HOG has not yet been applied to SEM images.

LBPs describe the local texture of an image by comparing
the image gray value at each pixel to its local, circular
neighborhood. The neighborhood is defined by the radius r
of the circle and the sampling density d along the circle’s
circumference. In our experiments, we use the rotation variant
version of LBP as originally proposed in [37] and extract LBP
values for each pixel at three different combinations of r and
d: (r: 8, d: 1), (r: 16, d: 2), (r: 24, d: 3). We include additional
information about the fiber by excluding the background pixels
from histogram calculation.

HOGs describe an image’s content by means of first or-
der gradients computed along the spatial dimensions. These
gradients are normalized locally and aggregated in histograms
to yield local descriptors. In our work, we first construct and
extract a bounding box around the identified fiber. Next, we
extract the HOG feature vector, setting the cells per block to 1
and adapting the cell size to compensate for differently-sized
bounding boxes/fibers, ensuring equal length of the extracted
feature vector for all fibers.

SIFT describes an image by first detecting M keypoints
which are subsequently characterized by the image gradient in
their neighborhood. As keypoints may differ between images,
SIFT cannot be used directly for image classification. Instead,
the keypoints’ descriptors need to be aggregated in a mean-
ingful way first. One such aggregation method is BoW [41],
where N descriptor archetypes are generated using unsuper-
vised clustering algorithms such as k-means. An image is then
described by the classification of its keypoints’ descriptors
into the N archetypes, yielding so-called Codebooks. As an
essential parameter, we set the Codebook size N to 500 and
normalize the resulting histogram for each fiber to compensate
for varying numbers of M returned by the SIFT operator
across fibers. To avoid leakage of the test data into the training
data, we recompute the clustering for each separate training
split. Since keypoints will not be detected in the background
image, no explicit inclusion of fiber foreground into the feature
extraction is necessary.

For the classification algorithm, we use the Support Vector
Machine (SVM), which has been successfully applied in
literature to the natural fiber identification task (cf. Table I).
We evaluate both linear as well as rbf-kernels to investigate
the linear nature of natural fiber identification.



TABLE II
CLASSIFICATION PERFORMANCE OF EVALUATED ALGORITHMS.

UNWEIGHTED MEAN OF CLASS-WISE F1-SCORES ARE REPORTED.

Fold LBP HOG SIFT + BoW Deep Learning

1 0.73 0.57 0.72 0.74
2 0.72 0.53 0.70 0.72
3 0.73 0.53 0.72 0.72
4 0.74 0.55 0.67 0.76
5 0.74 0.55 0.67 0.74

µ± σ 0.73± 0.01 0.54± 0.01 0.70± 0.02 0.74± 0.01

C. Deep Learning

In contrast to classical Machine Learning, Deep Learning
does not require explicit feature extraction. Instead, features
are learned implicitly during model training. In our work, we
apply a ResNet-18 [42], a widely used architecture used in
Deep Learning, and make use of transfer learning to cope
with our small dataset size. We employ the Cross-Entropy loss
combined with the ADAM-optimizer [43] and a learning rate
of 0.0001, training for a total of 100 epochs each. Further, we
scale the pre-processed input images to the interval [−1, 1].

D. Evaluation metrics

To evaluate classification performance, we employ the F1-
score, defined as:

F1 =
tp

tp+ 1
2 (fp+ fn)

, (1)

where tp are true positives, fp false positives and fn false
negatives. Since the investigated problem is a multi-class
classification, we compute the F1-score per class and report its
unweighted mean to indicate overall performance. To facilitate
comparison with literature, we also report the global accuracy,
defined as

Acc =
tp+ tn

tp+ tn+ fp+ fn
, (2)

where tn are now additionally the true negatives.

V. EXPERIMENTS AND RESULTS

In our work, we investigate the performance of natural
fiber identification algorithms under more difficult conditions
resembling an adulteration scenario.

To test algorithmic performance, we carry out a 5-fold
evaluation over the dataset stratified for class prevalence. On
the training fold of each split, we extract train and validation
sets in a 80/20 ratio, and train all evaluated algorithms on the
training set. For the Machine Learning approaches, a Random
Search is performed to identify the best hyperparameters for
each fold. Here, we exlusively optimize parameters of the
SVM, namely the applied kernel function (rbf or linear) as
well as support fraction c and gamma (both in the interval
[10−3, 103]). For the Deep Learning approach, no additional
hyperparameter optimization is performed. Instead, the vali-
dation set is used to determine the best model state based on
highest average F1-score.

TABLE III
FIBER CLASSIFICATION ACCURACY OF EVALUATED ALGORITHMS WHEN

JOINING NORMAL WITH DYED AND BLEACHED SUBSETS.

Fold LBP HOG SIFT + BoW Deep Learning

1 0.94 0.81 0.93 0.92
2 0.94 0.78 0.93 0.91
3 0.95 0.81 0.92 0.90
4 0.96 0.76 0.92 0.95
5 0.95 0.77 0.90 0.95

µ± σ 0.95± 0.01 0.79± 0.02 0.92± 0.01 0.92± 0.02

According to the results in Table II, it can be seen that LBP
and Deep Learning methods perform best when jointly iden-
tifying fiber types and treatment status, achieving F1-scores
of 0.73 ± 0.01 and 0.74 ± 0.01 respectively. Furthermore,
it can be seen that HOG yields unsatisfactory results. Also,
hyperparameter search for the SVM revealed that the linear
kernel outperforms the non-linear rbf kernel, indicating that the
classes are linearly separable in the respective feature spaces.

In addition to the joint performance, we also investigate
misclassification tendencies of the benchmarked methods by
analyzing confusion matrices.

It can be seen in Figure 3 that misclassification occurs
mostly between chemically treated and untreated fibers of the
same fiber type across all algorithms. We therefore now join
treated with untreated subsets for each fiber type and compute
classification accuracy afterwards. Here, all algorithms except
for HOG achieve classification accuracies of >90% (cf. Ta-
ble III). Comparing classification accuracies with F1-scores,
it can be seen that Machine Learning methods are strongly
affected by misclassifications induced by subtle morphological
changes, yielding between 0.22 − 0.25 lower F1-scores than
accuracies (cf. Table II and Table III). Deep Learning on the
other hand is more robust, yielding a F1-score only 0.18 lower
than accuracy.

Furthermore, all algorithms fail to distinguish between
treated and untreated state for the non-specialty fiber wool.

VI. DISCUSSION

In our work, we have established a database for evaluating
the adulteration resistance of automated fiber identification al-
gorithms and benchmarked the state of the art. Results showed
that, except for HOG, achieved fiber classification accuracies
are comparable to literature (cf. Table I and Table III). Fur-
thermore, the combination of confusion matrices, classification
accuracies and F1-scores revealed that Deep Learning has the
strongest resistance to misclassifications induced by subtle
morphological differences. It yields both highest average F1-
score and smallest performance reduction compared to the
pure fiber classification task. This demonstrates that developed
approaches are not equally resistant to adulteration. We will
focus on further improving adulteration resistance of Deep
Learning methods in future work.

The subpar performance of HOG at the fiber classification
level may be explained by the fact that we are the first to
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Fig. 3. Normalized confusion matrices for assessed methods. If not marked d&b, fibers are untreated. Abbreviations: C = Cashmere, W = Wool, Y = Yak,
d&b = dyed and bleached. Rows show true labels, whereas columns show predicted labels.

apply it to SEM images. Furthermore, we are also the first to
apply HOG in a multi-fiber setting (i.e. we don’t restrict to
the binary cashmere/non-cashmere case (cf. Table I)).

As opposed to literature [15], Deep Learning did not
outperform classical Machine Learning approaches in our
work. This can be attributed to the omission of a dedicated
architecture/hyperparameter optimization in our work, which
has been shown to further improve results (see [33]).

Our work also has several limitations. First, we focussed ex-
clusively on subtle morphological changes induced by dyeing
and bleaching. Real adulteration attempts may, however, be
even more elaborate. This is achieved by combining multiple
different processing steps that each affect fiber morphology
in a different way [17]. We will use this procedure to create
even more realistic adulteration attempts in future work. Next,
the adulteration resistance of features describing scale patterns
and the scale height is yet to be evaluated. As a prerequisite
for this, we will realize the automated segmentation of animal

fiber scales in SEM images in future work. Last, all algorithms
fail to distinguish between treated and untreated state for the
non-specialty fiber wool, which warrants further research.

VII. CONCLUSION

In our work, we hypothesized that not all fiber identification
methods proposed in literature are equally resistant to adulter-
ation attempts. Lacking known ground truth adulterations, we
established a database containing specialty and non-specialty
fibers in dyed and bleached as well as untreated conditions.
We subsequently benchmarked state-of-the-art methods. Anal-
ysis revealed that not all methods are equally capable of
distinguishing between dyed and bleached and untreated state.
Therefore, adulteration resistance is an important aspect that
should be focussed on when developing new approaches.
In future work, we will both develop more sophisticated
adulteration attempts and algorithms that are resistant to them.
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