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a b s t r a c t
The identiﬁcation of cut marks and other bone surface modiﬁcations (BSM) provides evidence for the
emergence of meat-eating in human evolution. This most crucial part of taphonomic analysis of the
archaeological human record has been controversial due to highly subjective interpretations of BSM.
Here, we use a sample of 79 trampling and cut marks to compare the accuracy in mark identiﬁcation
on bones by human experts and computer trained algorithms. We demonstrate that deep convolutional
neural networks (DCNN) and support vector machines (SVM) can recognize marks with accuracy that
far exceeds that of human experts. Automated recognition and analysis of BSM using DCNN can achieve
an accuracy of 91% of correct identiﬁcation of cut and trampling marks versus a much lower accuracy
rate (63%) obtained by trained human experts. This success underscores the capability of machine learning algorithms to help resolve controversies in taphonomic research and, more speciﬁcally, in the study
of bone surface modiﬁcations. We envision that the proposed methods can help resolve on-going controversies on the earliest human meat-eating behaviors in Africa and other issues such as the earliest
occupation of America.
© 2019 Elsevier B.V. All rights reserved.

1. Introduction
The emergence of meat-eating is one of the most highly debated
issues in human evolution. It has been linked to encephalization, stone tool use and other major changes in the structural
behavior of early hominins (see review in [1]). Recent discoveries
argue that both stone tools and meat-eating could have potentially
occurred more than one million years before the earliest evidence
of encephalization [2,3]. If true, this will constitute a paradigm shift
on our current interpretations on how these behaviors emerged
during human evolution. This emphasizes the importance of correctly identifying the bone surface modiﬁcations that support such
an early meat-eating behavior. The correct interpretation of these
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modiﬁcations, and more speciﬁcally of cut marks, is also of great
relevance for understanding other important early hominin behavioral features, including early archaeological site function, meat
used as a regular or a fallback food, and hunting or scavenging
as methods of carcass acquisition. Inference of other social components could be achieved through the analysis of the butchering
process (e.g., carcass disarticulation patterns). In fact, the use of
cut marks in the fossil record has enabled the identiﬁcation of speciﬁc butchering behaviors by early Pleistocene hominins and their
carcass acquisition strategies in the earliest stages of evolution of
Homo (see review in [4]).
The uncertainty surrounding the spatial association of stone
tools and faunal remains during palimpsest formation, dictates
that only anthropogenic bone surface modiﬁcations can be used
effectively to link functionally lithics and bones. Hence, there is
great need to accurately identify cut marks and to distinguish them
from modiﬁcations created by other non-hominin agents, such as
trampling or sediment abrasion. Claims have been made about
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Fig. 1. Convolutional Neural Network Architecture: The network includes two convolutional with Rectiﬁed Linear Unit (ReLU) and Max-Pooling (MP) layers. The output of
the last MP layer is connected to one fully-connected layer, then the network outputs the ﬁnal classiﬁcation.

the Pliocene antiquity of carcass processing using purported cutmarked bones in Dikika (Ethiopia) [2] or in the Plio-Pleistocene
boundary in Quranwala (India) [5]. The claims made based on these
discoveries remain controversial [6], as the purported cut-marked
fossils from both sites also bear clear evidence of trampling or sedimentary abrasion [7].
The importance of a correct identiﬁcation of bone surface modiﬁcations is not restricted to the earliest periods in human evolution.
Recent claims have also been made for a 30,000-year-old presence
of humans in the American continent based on the presence of
cut-marked bones in old fossiliferous deposits (e.g., [8–11]). This
contradicts current evidence of the earliest presence of humans
in the continent at a much later age. Similar to the ﬁndings in
Dikika and Quranwala, the Arroyo del Vizcaino site (Uruguay) also
contains abundant conspicuous evidence of trampling and/or sedimentary abrasion [9–11].
Taphonomists broadly disagree on how cut marks could be
properly identiﬁed. A series of microscopic criteria were experimentally deﬁned [12–14], but there is substantial disagreement on
how these criteria should be interpreted by individual researchers
[13,15]. Recently, it has been documented that the interpretation
of some of these variables remains subjective, hampering an objective scientiﬁc approach to cut mark identiﬁcation and replication
[44]. The lack of objective methods underscores the fact that the
present identiﬁcation of BSM (namely, cut marks) depends strongly
on the subjective assessment and knowledge of each researcher
[44]. Cut mark identiﬁcation is, thus, commonly carried out outside
replicable hypothesis-testing frameworks.
In order to introduce objectivity in cut mark identiﬁcation,
we introduce automatic image classiﬁcation by machine learning algorithms. Algorithms such as Convolutional Neural Networks
(CNN) [16–21] and Support Vector Machine (SVM) [22–24],
have been shown to match and even exceed human performance in image and pattern recognition. Their use for image
processing and classiﬁcation is greatly facilitated by access to
open source software packages such as Neuroph of TensorFlow
[25–27].
In the present study the sample size (79 marks) was kept intentionally short in order to maximize human expert scores (the larger
the sample the higher the identiﬁcation failure rates by humans)
and to minimize the computer’s accuracy (larger sample sizes lead
to better training and higher identiﬁcation rates) [22–27]. Despite
this initial advantage for human experts, we ﬁnd that computer
algorithms are more successful in the task of mark identiﬁcation.
The proposed CNN and SVM methods enable taphonomists to perform BSM identiﬁcation in a more objective way than has ever been
possible.

We present results that demonstrate the superiority of machine
learning algorithms in identifying BSM over “subjective” assessment by several human experts. The present study, using modern
bones, suggests that cut marks, like other taphonomic entities,
are subject to morphological evolution, through a palimpsestic
multiple-agent processes and an interplay between stasis and
change [28–30]. This approach may enable the objective resolution of many cut mark-related controversies, including whether
hominin butchering behaviors are identiﬁable in Pliocene fossils
and whether the Americas were occupied by humans more than
30,000 years ago, given the presence of bones bearing BSM which
could be interpreted as purported cut marks.
2. Methods
2.1. Methodological description of the sample
A selection of 79 experimental marks was used as the training
set (SI). These were composed of 42 trampling marks and 37 cut
marks. Trampling marks were created by using four types of sediments: ﬁne-grained (0.06–0.2 mm), medium-grained (0.2–0.6 mm)
and coarse-grained (0.6–2.0 mm) sand, as well as a combination
of the previous sand types over a clay substratum, and granular
gravel (>2.0 mm). These marks were selected from the trampling
experiment reported by Domínguez-Rodrigo et al. [13] and they
include all the variety of abrasive sediment particles (other than
large pebble gravel grains ranging between 4–6 mm) potentially
creating trampling marks in natural settings.
The set of cut marks was made using quartzite ﬂakes as reported
in Domínguez-Rodrigo et al.’s [13] experimental sample. The 37 cut
marks were made with simple ﬂakes (n = 10) and retouched ﬂakes
(n = 27). Although these marks are somewhat dissimilar they share
far more similarities when compared to other non-anthropogenic
marks. Retouched ﬂakes were chosen as their resulting marks are
statistically non-differentiable from cut marks created by natural
rock ﬂakes, since both are caused by irregular edges as opposed to
the straighter edge of simple ﬂakes [31]. One of the most polemic
interpretations of the earliest purported cut marks (e.g., in Dikika)
is that they may have been made with natural rocks. We employ
marks made with retouched ﬂakes to model the assumption that
cut marks were created with modiﬁed tools for later periods. Both
sets of cut marks were lumped together to discriminate between
trampling and cut marks.
The selected marks were photographed in a standardized way
under the binocular microscope at 30x. Images were then converted to grayscale. Further transformation of the original ﬁles was
carried out as explained in the computing methods below.
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Fig. 2. Examples of the challenging images depicting trampling and cut marks, which show different contrast and lighting. Despite this, CNN identiﬁed >90% of marks.

2.2. Image pattern recognition methods
2.2.1. Deep learning-based method
Convolutional Neural Networks (CNNs) are potent deep
learning-based methods for image classiﬁcation [19,32]. The networks receive an image as input and transforms it via several
hidden layers. Each hidden layer includes convolutional, Rectiﬁed
Linear Unit (ReLU), Max-Pooling (MP), and Fully-Connected (FC)
layers. The convolutional layer computes the weights of a grid of
neurons which are connected to the local regions (kernels) of each
pixel. The ReLU layer contains the nonlinear activation function:
f (x) = max (0, x) .
The MP layer takes the maximum value from the rectangular
region which down-samples and compresses the information along
the spatial dimensions. Finally, the FC layer has fully-connected
neurons from the activations of the previous layer. These connections are weight matrix multiplications with biases followed by
the ReLU activation function. The ﬁnal layer is the softmax function
which computes the normalized posteriors. The networks is trained
to minimize the cross-entropy loss between the output and the true
distribution. The architecture of Convolutional Neural Networks is
summarized in Fig. 1.
2.2.2. Support Vector Machine (SVM) method
In this approach we classify the images by training a binary SVM
classiﬁer [33]. First a vocabulary of visual words is created from
images in the training set using the Bag of Words (BoW) technique
[34]. In this method features are extracted from images and the
feature space is clustered. The vocabulary is composed by the different clusters. The images in the data set are encoded using the
BoW vocabulary and an SVM is trained on the encoded set. In case
the data are not separable, an appropriate kernel can be introduced
transforming the data and making them separable in the new space.
2.2.3. Testing by human experts
Three experienced taphonomist with 7–20 years of practical
experience on bone surface modiﬁcations using modern (i.e., controlled) and fossil assemblages were selected to independently
identify mark types in the image set described above. Their results
were compared ﬁrst among themselves and then with those provided by the computer vision approach. The three experts were
trained by one of the senior authors (MDR) of this paper.
2.3. Experiments
2.3.1. Convolutional neural networks (CNNs)
2.3.1.1. Pre-processing. The size of original images in the dataset
were heterogeneous; the width ranged between 573 and 1350 pix-

els and the height ranged between 71 to 375 pixels. To speed up the
training and provide a ﬁxed size input to the network, the image
resolution was resized to 180x520 pixels. The image values were
normalized between 0 and 1 by the min-max scaling:
Xi =

Xi − min (X)
,
max (X) – min (X)

where Xi is the original value and X  i is the normalized value at the
position i. No other pre-processing was performed, although the
illumination and the quality of the images in the dataset are very
diverse (see Fig. 2). To normalize the brightness and enhance the
contrast of the images, the histogram equalization algorithm from
the OpenCV library is applied. The method rearranges the original
distribution of the pixel values to a wide and a ﬂat distribution. The
purpose of this process is to stretch out the pixel value range, to
enhance the contract or illumination when the image is too dark or
bright.
2.3.1.2. Architecture. The input layer receives an image with the
size 520 × 180. To ﬁnd the optimal architecture, two to four convolutional layers with MP layers and one to two FC layers with various
sizes of neurons, and ﬁlter size between three to seven were tested.
Exponential Linear Units (ELU) activation [35] was also tested in
addition to ReLU, but it yielded no performance difference.
Finally, two convolutional layers and one FC layer were used as
a ﬁnal model. The ﬁrst and second convolutional layers have 64 and
128 convolutional kernels. The process was followed by ReLU activation and MP. The size of the kernels for convolutional layers was
5 × 5 × 1 with a stride 1 and for max-pooling layers it was 2 × 2 × 1
with a stride 2. In the last layer, one fully-connected layer with 512
neurons were connected to the output layer consisting of a binary
classiﬁcation.
2.3.1.3. Training. The network was trained by Adaptive Moment
Estimation (Adam) [36]. The learning rate was initialized to 0.001
with an exponential decay with a rate of 0.99. L2-weight decay
and dropout [37] were used as regularizers in the FC layer. The
constant for the L2-weight decay was 5e–4, including 20 of dropout.
The weights were randomly initialized with zero mean and a 0.1
standard deviation, and the biases were initialized to the constant
value 0.1. The Tensorﬂow GPU framework [34,36] was used for the
CNN experiments.
2.3.2. Support vector machine (SVM)
2.3.2.1. Pre-processing. The images were normalized such that they
all have zero mean and standard deviation one.
2.3.2.2. Architecture. The implementation of the SVM approach
was done in Matlab using the Computer Vision System Toolbox.
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The key-points in the images were selected from points either on
a regular grid or detected with a SURF detector. In both cases, the
vocabulary was created from all the images in the training set using
features extracted with the SURF extractor [38,39]. A grid step size
of 12 × 12 and a vocabulary size of 600 was yielding results comparable to those of the SURF detector with a vocabulary size of 400.
For the SVM we choose polynomial and Gaussian kernels and the
hyper parameters of the kernels (order and box constraint for the
polynomial, scaling and box constraint for the Gaussian) are being
optimized. The box constraint parameter is related to the penalization of misclassiﬁcations in the case of non-separable data sets.
We refer to the help page of the Matlab function ‘ﬁtcsvm’ for more
details on the hyper-parameters and the optimization procedure.
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Table 1
Sensitivity and speciﬁcity of the CNN and SVM classiﬁers.

CNN
SVM (GRID)
SVM (SURF)

Sensitivity

Speciﬁcity

90% (sd = 7.8)
80% (sd = 13)
84.5% (sd = 12.2)

90% (sd = 9.6)
80% (sd = 13)
82% (sd = 11.5)

Table 2
Classiﬁcation probabilities for experts, CNN and SVM using SURF points for the
images presented in Fig. 3. The cells with red color have been misclassiﬁed.

2.3.2.3. Training. The hyperparameters were optimized using
Bayesian optimization [39] and the Covariance Matrix Adaption
Evolution Strategy (CMA-ES) algorithm [40] produced similar
results.
2.3.3. Dataset
The experimental marks dataset consists of 79 gray scale images
and is divided into a training and a test set [13]. The test set consists of 10 images from each category (cut and trampling) and the
rest of images were used for training. The accuracy of the classiﬁer is estimated by averaging the accuracy over 60 independent
trainings and the mean, as well as, the standard deviation of the
accuracy is reported. Finally, the classiﬁer is trained using the whole
experimental dataset.

where |A| denotes the number of elements belonging in set A. In our
evaluation, cut marks were set to ‘positive’ marks and trampling
marks to negative marks.
3. Results

2.3.4. Evaluation
For both, CNN and SVM classiﬁers, the accuracy of BSM identiﬁcation was averaged over 60 models trained by randomly
partitioning the experimental dataset. This evaluation technique
gives reliable validation of the model; the performance was not
biased by a particular partition of training and testing sets. In our
experiments, SVM was less stable than CNNs depending on the
partition of the samples.
In order to compare the classiﬁers, three commonly used measures were computed, accuracy, speciﬁcity, and sensitivity. For the
computation of the measures in binary classiﬁcation, one category
is chosen and marked as the ‘positive’ class and the other as the
negative. Then we deﬁne the following sets,
• true positive (tp): elements belonging in class ‘positive’ and classiﬁed as positive,
• false positive (fp): elements belonging in class ‘negative’ and classiﬁed as positive,
• true negative (tn): elements belonging in class ‘negative’ and classiﬁed as negative,
• false negative (fn): elements belonging in class ‘positive’ and classiﬁed as negative.
Finally, the performance measures are deﬁned as,
accuracy =

|tp|

 ,

|tp| + fp
|tp|

 ,

sensitivity =

|tp| + fn

specificity =

|tp| + fp

|tp|

 ,

For evaluation, 20 experimental marks are tested to compare
the performance of CNNs, SVMs, and human experts.
The best CNNs architecture identiﬁed marks correctly with a
91% mean accuracy (sd = 5.3). Note that cut marks and trampling
marks have balanced classiﬁcation accuracy unlike SVM and human
experts: 90% mean accuracy (sd = 10.6) for cut marks and 90% mean
accuracy (sd = 8.0) for trampling marks.
The best accuracy obtained by SVMs is 81.5% (sd = 7.5) using
the grid method to select points and 83% (sd = 8) using the SURF
selector. For the SURF detector, the mean accuracy of trampling
mark identiﬁcation is 80% (sd = 80) and the mean accuracy of cut
mark identiﬁcation is 84.3% (sd = 13).
The results for the sensitivity of the CNN and SVM classiﬁers are
being summarized in Table 1.
In contrast to the high accuracy of mark identiﬁcation by
CNN and SVM, the human experts identiﬁed a substantially lower
number of marks. The three taphonomists produced similar identiﬁcation rates; that is, their correct and incorrect identiﬁcations
were similar among the three. A chi-square test showed that
their identiﬁcations are statistically indistinguishable (X2 = 1.7577;
p = 0.780). They identiﬁed correctly a higher percentage of cut
marks (mean = 66%; range = 64–70%) than of trampling marks
(mean = 60%; range = 52–65%). Their overall correct identiﬁcation
rate averaged 63% of marks. We note that the nature of trampling
marks implies larger variation in particle size and directions of the
marks.
We visualize the performance of the classiﬁer by presenting in
Fig. 3 various cases of images (see also Table 2). For each image, we
show the original image (left) the CNN gradients (middle) and the
SURF points (right).
For the CNN, the gradient visualization is performed using the
Gradient-weighted Class Activation Mapping (Grad-CAM) [41]. The
Grad-CAM is an algorithm that creates a heatmap using the gradients of the predicted class with respect to the ﬁnal convolutional
feature map. Here, we show the heatmap overlapped with the
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Fig. 3. Cut marks (1–3, 7) and trampling marks (4–6, 8). Images (7) and (8) were misclassiﬁed by CNN and image (6) by SVM. For each ﬁgure: original (left), CNN Grad-Cam
[41] (middle) and SURF points (left).

original (input) images. This visualization technique highlights the
important regions for the prediction; red regions are more important and blue less. The Grad-CAM results show that CNN learns
particular patterns for cut marks and trampling marks to make a
correct identiﬁcation.
For the SVM, we show the SURF points [38,39] as dots. The circle
around the point shows the importance of the SURF point. Here, we
show the 40 most important points.
There was no correlation between years of experience and accuracy among the taphonomy experts. As a matter of fact, the most

senior expert produced the lowest accuracy. For all the images of
Fig. 3 we have the comments from the expert taphonomists:
(1) The ﬁrst cut mark was identiﬁed correctly by two experts
because it shows a straight continuous trajectory of microstriations,
the apparent V-shaped section of the groove and the conspicuous asymmetrical ﬂaking of the shoulder. (2) The second cut mark
was also identiﬁed correctly by two experts because the section
is also V-shaped and the microstriations are continuous although
the trajectory is slightly curved. The shoulder effect is asymmetrical and very conspicuous and ﬂaking is taking place along the
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mark shoulder. (3) The last cut mark was misidentiﬁed by all the
experts, probably because the groove is very broad and the microstriations are not marked and continuous. (4) The ﬁrst trampling
mark, was correctly identiﬁed by all experts because the trajectory is wavy and there is a lack of noticeable ﬂaking on the mark
shoulder. Microstriations are also wavy and there is an absence of
ﬂaking along the groove trajectory. (5) The second trampling mark,
was also correctly identiﬁed by two experts for the same reasons as
in the mark (4). In this case, the broad groove section and the sinuosity of the mark trajectory and its microstriations are typical of
trampling marks. (6) The last trampling mark, was correctly identiﬁed by two experts because of its broad section and the lack of
adjacent ﬂaking on the shoulder edges. (7) Two experts correctly
identiﬁed this as a cut mark because of its narrow and deep section with continuous microstriations. (8) This was also correctly
identiﬁed by two experts because of its broad section, very little
marked microstriations and because of the lack of ﬂaking on the
edges or the presence of any other shoulder effect. Its markedly
curved trajectory is also typical of trampling marks.
It is important to emphasize that the mark (3) is misclassiﬁed
by all human experts but correctly classiﬁed by CNN and SVM. Also,
all correctly-classiﬁed examples by CNN has high conﬁdence compared to the misclassiﬁed ones. This is not the case for SVM, that
doesn’t show the same stability.
For the CNN misclassiﬁed examples of Fig. 3, Grad-CAM results
shows that CNN found unclear patterns due to its blurry input
images, but human experts identiﬁed them correctly. Overall, we
found that CNN learns particular patterns to identify the marks
as human experts do. As CNN identiﬁes > 90% of marks while the
human experts identify 61%, these patterns found by CNN play a
major role to identify the marks. This veriﬁes the importance of
this study.
4. Discussion
A few years ago, a multivariate analysis of trampling and cut
marks using a set of microscopic variables was argued to yield an
accuracy of >80% in the identiﬁcation of marks [13]. However, this
high-accuracy classiﬁcation rate was automatically obtained by a
discriminant analysis. It did not test the performance of the human
analyst. The study assumed that humans could objectively interpret
the same categories in each variable and the discriminant analysis
would automatically classify each mark. However, even in something as objective as deﬁning a category within a variable there is
wide variability of interpretations [44,13,15]. This creates an artiﬁcial divergence in the interpretations of bone surface modiﬁcations
and their correct identiﬁcation remains highly subjective.
The present study shows that expert taphonomists may be only
moderately successful in identifying BSM in low (300×) magniﬁcation (accuracy = 63%). This is an insufﬁcient success rate for
elaborating reliable interpretations pending on correct identiﬁcation of marks, such as those on the Dikika fossils or the Quranwala
purported cut-marked bones. Ad hoc experimentation in the latter case may be as spurious as for the Dikika case [5]. Similarities
between particular types of experimental and fossil marks, both in
the case of the Quranwala and Dikika, are overshadowed by the
plethora of other associated marks on those fossils that remain
ignored and by other available experimental marks that are morphologically similar and objectively undifferentiated from those
reported on those fossil bones [6].
The present ﬁndings indicate that machine learning algorithms
can augment human capacity in the interpretation of bone surface modiﬁcations. However, the “objectivity” of the algorithms
depends on the data training set. This quality depends not only
on the within-sample diversity of each type of mark but also on
the variety of marks types that are part of the training sample. All
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trampling marks used in this study are made with ﬁne-grained,
medium-grained and coarse-grained sand as well as small gravel
[13]. Future analyses should include trampling marks created with
pebble gravel, such as those reported by Domínguez-Rodrigo et al.
[6]. Most cut marks used were made with ﬂint and quartzite tools.
Given the diversity in cut mark morphologies created by same tools
made on different raw materials [42], marks created with other raw
material types and using different tool types should also provide a
wider panorama of the morphological diversity that each of these
agents introduce.
We note that a larger image dataset may help reﬁne the results
presented herein. For instance, one of the most successful works
for image classiﬁcation using CNNs [19] used 1.3 million images for
training, while the model in Ciresan et al. [18] for trafﬁc sign recognition is trained on 25,350 images. The samples used in this work
were very difﬁcult to identify. The data samples have high variation
in illumination, contrast and resolution and hard to visually identify
(see Fig. 2). Minimal pre-processing (only image resizing and normalization) and no data augmentation were performed in model
training. A wide variety of image processing and transformation
methods are frequently used in the literature to increase the robustness of the model, especially for deep learning approaches [16–21].
Common image pre-processing such as histogram equalization
and contrast normalization enhance the quality of images. Data
augmentation includes random transformation, rotation, multiscaling, and ﬂipping, which diversify the dataset. Such techniques
usually help to increase the classiﬁcation performance. Despite not
having applied any of these improvement sample methods, our
results outperform human experts by a wide margin (almost 50%).
This fact, regardless of the sample size used, underscores the drastic
improvement in mark identiﬁcation by machine learning methods
compared to human experts.
This work showcases the capabilities of deep learning algorithm to resolve the highly-controversial issue of BSM identiﬁcation
in taphonomy. We have used different types of sand grains so
that the trampling experimental sample used has reproduced the
most common type of trampling marks usually encountered in the
recent and fossil records. Likewise, by using simple and retouched
quartzite ﬂakes, this experimental set has also reproduced the most
common form of butchering tools used in several early and middle
Pleistocene sites (which is the main target of this study). Given that
quartzite produces a more similar mark morphology to trampling
marks than ﬂint, the use of cut marks made with ﬂint or highlycrystalline raw materials, such as obsidian, would only discriminate
the resulting cut marks better from trampling marks [43].
The present approach provides an objective and accurate
method to identify marks, and it can assist taphonomists further
by accessing larger samples than those available in this study. In
the process, researchers should be aware that the quality of their
classiﬁcations will depend tightly on the patterns the algorithm has
accessed via training. In this regard, the computer is like a human. If
the algorithm is trained with an insufﬁcient number of mark types
and these do not represent the variability range of the population,
the accuracy in the identiﬁcation will be highly compromised.
5. Conclusions
We have implemented convolutional deep neural networks to
identify cut and trampling marks on bones. The algorithms exhibit
an accuracy that is almost 50% better than those produced by
experienced taphonomists trained on BSM. The data and analysis
presented here are introductory to the potential of machine learning algorithms in taphonomic research. The present methods are
readily extensible to hundreds or thousands of images suggesting
that taphonomic research can be dramatically improved by creating
image databases of marks that may be curated by multiple agen-
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cies. This would enable studies with an empirically well-founded
graphic referential framework for the interpretation of past bone
surface modiﬁcations. Once this referential database is available,
taphonomists would be in a better position to interpret if controversial marks such as those from the Dikika, Quranwala or Arroyo
del Vizcaino fossils are indeed anthropogenic. The present work
demonstrates that machine learning may assist human knowledge
in the taphonomic discipline and we envision that it will be broadly
adopted by the community.
Method online
A step-by-step description and the code used can be found at
https://github.com/cselab/cut-marks-classiﬁcation.
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