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Abstract

Forensic microtrace investigation relies on a time- and labour-intensive process of man-
ually analysing samples via microscopy. To aid forensic experts in their investigations,
an image recognition model for microtrace localisation and classification is needed. This
work investigates the trace recognition accuracy that can be achieved by analysing im-
ages captured with automated microscopy through deep learning. Fibres, hairs, skin,
glass and sand are pixel-wise classified in microscopy scans of tape-lift samples. As deep
learning requires extensive amounts of annotated training data, pretraining is investi-
gated to minimise the required annotation workload. ImageNet pretraining, pretraining
with self-supervised learning and a sequential application of these approaches are tested.
It is found that pretrained models are able to reduce the required annotated data twofold
compared to models trained from scratch, while retaining the prediction accuracy. While
the ImageNet-pretrained models outperform the self-supervised-pretrained models, the
highest accuracy is achieved by combining the two approaches. With this, traces are
recognised with a mean intersection over union of 0.56 when training on only 2.2 dm2

of annotated tape lift scans.
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Chapter 1

Introduction

For a safe society, a healthy rule of law is crucial. Execution of justice encourages respect
for the law. Furthermore, it protects the rights of individuals and ensures accountability.
A key part in the rule of law is finding the truth. Institutes such as the Netherlands
Forensic Institute (NFI) provide key information for justice by examining and analysing
traces from crime scenes and other locations. These traces can help with the prosecution
of criminal offenders and the clearing of innocent persons from suspicion by providing
information on people, objects, locations and actions [59, 66, 86].

Traces can take various forms. Well-known examples include DNA traces, footprints
and fingerprints. Although less well-known, traces such as textile fibres, paint particles,
hairs and glass particles can bear large forensic value [66]. As shown in Figure 1-1,
these traces typically have sizes in the order of 101 − 103 µm and can barely be seen by
the human eye. Compared to the size of a typical crime scene, they are a needle in a
haystack.

Experts aim to find traces with multiple methods. One of the methods used to recover
traces from bodies, surfaces, and objects is tape lifting. Here, transparent adhesive
tapes are applied to the area of interest and then lifted off to extract the traces. Then,
the recovered traces are analysed with various forms of microscopy [60]. In one-to-one
taping, a large number of tapes is applied to fully cover for example the body of a
murder victim. This allows mapping the locations of the traces, which can yield crucial
information on the crime [18]. Due to its large analysis workload, it is only applied in
few cases [18]. More often, a strict selection is made on areas and traces to analyse,
tapes are re-applied to increase the number of traces per tape [51], or trace investigation
is fully absent.

A step has been made to streamline the analysis of microtrace samples with the European
Shuttle project [70]. In this project, an automated microscope was developed able of
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Figure 1-1: Comparison of different types of microtraces in length and size. Adapted from
[60].

scanning a large set of tape lift samples without human intervention. The development
of a dedicated computer vision algorithm to analyse the resulting images could result
in fully automated trace finding on collected trace samples. By reducing analysis costs,
more trace samples can be analysed, allowing trace investigation to be applied more
often and more rigorously.

However, the development of a computer vision microtrace recognition model is impeded
by the required labelling to train such a model. State-of-the-art image recognition is
mainly based on deep learning and relies on a large database of annotated training
images [36, 61, 79, 85]. This is not available for trace recognition in tape lift scans and
is expensive to obtain [16].

This thesis investigates the potential of self-supervised learning (SSL) to alleviate this is-
sue. Recent research demonstrated that SSL allows for label-efficient learning for natural
image classification by leveraging training on unlabelled data [13, 14, 28]. As collecting
large amounts of unlabelled data is easy with respect to labelling data, self-supervised
learning has seen increased interest in recent years. However, as self-supervised learning
is relatively new, its applications in forensics and digital microscopy are still understud-
ied.

G.M. Rijpkema Master of Science Thesis



1-1 Outline 3

1-1 Outline

In this chapter, the motivation and context of this thesis are given. In Chapter 2,
relevant background on forensic microscopy, deep learning and self-supervised learning
is discussed. Subsequently, Chapter 3 describes the main findings of this thesis in the
form of a manuscript. Chapter 4 concludes the thesis with a summary of the main
findings and recommendations for further research.
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Chapter 2

Background

This chapter discusses the relevant background for the manuscript of Chapter 3. First,
Section 2-1 introduces the automated microscope that was used to record the microtrace
images regarded in this thesis. Then, Section 2-2 gives an introduction to deep learning
image recognition models. Finally, Section 2-3 describes the concept of self-supervised
learning (SSL) together with the SSL framework that is researched in the manuscript.

2-1 Trace analysis with automated microscopy

In the European project Shuttle [70], a digital automated microscope was developed
that can scan microtrace samples in the form of tape lifts in high resolution in multiple
microscopy imaging modes. This allows the digitisation of trace samples and paves the
way for the application of computer vision models for automated trace recognition.

Imaging module

Sample

User interface

Figure 2-1: Photograph of automated microscope developed in [70]. The scans in this
thesis are captured with this device.

The device consists of an imaging module that is able to move with respect to the sample
(see Figure 2-1). By capturing neighbouring frames, the device can scan an area of four

Master of Science Thesis G.M. Rijpkema



6 Background

A4 sheets without manual intervention. The primary imaging mode is transmission
microscopy. Although the device also captures other imaging modalities (fluorescence,
polarisation and reflection), the data of these modes were of poor imaging quality at
the time of writing this thesis. Moreover, the exact image formation is proprietary [3].
Therefore, these imaging modes were not regarded in the thesis.

The device captures images of the samples with transmission imaging in a resolution of
approximately 1 µm per pixel. For a tape of 80×80 mm, 999 images are captured (27×37
frames of 2920×2160 pixels). These images are joined together to form a full-size image
of the microscopy sample. This technique is also known as whole slide imaging (WSI) or
virtual microscopy. Although the application of WSI in forensic microtrace investigation
is new, significant developments have been made by applications in pathology [29]. These
developments include the application of deep learning computer vision models [25, 35, 42]
and the developments of file formats and viewing software to efficiently store and share
WSI scans [5]. A tool was developed in this thesis to convert the file format used by
the automated microscope [70] into the open-source pyramidal .tiff image format to
leverage these developments. This allows the scans to be viewed and annotated with
software originally intended for pathology, such as [5].

The basic image formation process for transmission microscopy is visualised in Figure 2-
2. The sample is illuminated from the opposite side of the camera module. Through light
absorption, the objects appear dark across a bright background in the recorded image.
The image is formed as follows [71]. The light source on the bottom of the sample emits
approximately white light. After passing through the diaphragm, the condenser lens
focuses the light on the sample. When the light passes through the sample, a portion
of the light will be absorbed by the objects in the sample. The objective lens, which
can also be implemented via a combination of lenses, magnifies the image and focuses
the light on the imaging sensor. In the Shuttle automated microscope, the height of
the imaging module containing both the objective lens and camera sensor is adapted to
re-focus the image throughout the sample. This is required as the thickness of objects
on the sample can vary. The camera sensor captures and digitises the optical image into
pixel readings.

An example image recorded with the device is given in Figure 2-3. The sample is
composed of a variety of traces scattered across a transparent tape of 80 × 80 mm. The
traces absorb light, while the absorption in the tape is negligible. Therefore, the Figure
shows a bright background with dark objects. The intensity of the transmitted light can
be determined with the law of Beer-Lambert [78]:

I1(λ) = I0(λ)e−ε(λ)·d. (2-1)

Here, λ denotes a certain wavelength, I1(λ), I0(λ) the transmitted and incident light
at said wavelength respectively, ε a material parameter and d the length of the light
path throughout the material. For a compound system, the Beer-Lambert law yields

G.M. Rijpkema Master of Science Thesis



2-1 Trace analysis with automated microscopy 7

Condensor lens

Sample

Objective lens

Camera sensor

Light source

Diaphragm

Figure 2-2: Simplified illustration of image formation.

I2 = A1I1 = A1A0I0. Here, A denotes the absorption factor e−ε(λ)·d, which is bound
between 0 and 1.

The absorption of light causes I1 ≤ I0. However, light can be scattered in the neigh-
bourhood of objects and artefacts such as air bubbles [71]. This can result in local
concentrations of light yielding the rare occasion I1 > I0 for some pixels of the scanned
image.

Ideally, the incident light is constant throughout the trace sample. Due to inhomogeneity
in illumination, this is generally not the case [20, 78]. An example of this is given in
Figure 2-4a. Here, a stiched-together overview image of a tape lift sample captured with
999 neighbouring frames is shown. The left side of each frame is imaged slightly darker
than the right side, causing the individual frames to be clearly visible. This degrades
the visual quality and complicates downstream tasks such as segmentation of regions of
interest [55].

In Appendix A, a shading filter is designed. This filter is based on a linear approxima-
tion of image formation and uses median filtering to determine an approximation of a
calibration image. The result of this filter is shown in Figure 2-4b. Here, it can be seen
that the filter homogenises the background and successfully removes the discontinuities
at the edge of each frame.

Master of Science Thesis G.M. Rijpkema
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1 cm 1 mm

Figure 2-3: Example of microtrace image captured in transmission imaging mode. A bright
background with dark outlines of objects can be seen. The zoomed-in view shows red cotton
fibres. The fibre at the bottom right of the zoomed-in view is accompanied by air bubbles.

(a) Original version. (b) Corrected version.

Figure 2-4: Result of shading correction.

2-2 Deep learning for image recognition

Recognising objects such as microtraces in images is a sub-field of computer vision. While
earlier research was mainly based on hand-crafted feature extractors, modern computer
vision models use deep learning and directly train on the pixel values of images via
artificial neural networks [10, 21]. This allows the model to learn more diverse and more
complex patterns. In various fields and computer vision tasks, deep learning approaches
have therefore outperformed traditional approaches in accuracy [45].

Artificial neural networks

G.M. Rijpkema Master of Science Thesis



2-2 Deep learning for image recognition 9

In the most general sense, an artificial neural network consists of a set of layers with sets
of weights [27]. Each neuron l in a layer k takes a vector of input values Zk,l ∈ RNm×1,
has a set of weights θk,l ∈ R1×Nm+1 and outputs a scalar value ak,l based on a nonlinear
activation function σ [6]:

ak,l = σ

(
θk,l

[
1

Zk,j

])
. (2-2)

The first weight θk,l,0 is referred to as bias, as it is independent of the inputs of the
neuron. The inputs Z can be based on the input data Xi or the output values of earlier
activated neurons. By stacking layers and using the outputs of neurons as input for
deeper neurons, increasingly abstract features can be recognised from the input data [6].
The final layer outputs the prediction of the model:

Ŷ = fθ(X). (2-3)

Here, θ denotes the network weights, while f denotes the network architecture that
defines the connection and activation of each neuron. The weights are trained by min-
imising a loss function L. In supervised training, a set of desired output values Y is
available. In this case, the loss is often a function of the distance between Ŷ and Y [27]:

θ∗ = argmin
θ

L(|| fθ(X) − Y ||). (2-4)

Here, θ∗ denotes the optimal weights. For the optimisation itself, Stochastic Gradient
Descent (SGD) is a common choice. This relates to the general optimisation algorithm
Gradient Descent. With Gradient Descent, each optimation step k updates the param-
eters based on the gradient of the cost function [27]:

θk+1 = θk − η∇θC(θk). (2-5)

Here, η denotes the learning rate. In SGD, the gradient is approximated through mini-
batches of data points to keep calculations tractable. For example, when a batch size
of 64 is used, the optimisation process calculates the loss function and its gradient for
64 data points, performs an update step and then moves on to the next 64 data points.
As the calculated gradient for a small batch size is noisy, smaller learning rates are
commonly chosen for small batch sizes [12, 28].

The most simple architecture is to fully connect all neurons in each layer to all neurons in
the previous layer. At least three subsequent fully connected layers form an architecture
called an multilayer perceptron (MLP) [6]. This is visualised in Figure 2-5.

Master of Science Thesis G.M. Rijpkema
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Figure 2-5: Illustration of a multilayer perceptron (MLP) with two hidden layers. The
blocks visualise neurons, the lines present the weights. Each neuron is fully connected to
each neuron of the layer before, resulting in a total of 30 weights (when no bias is regarded).

Convolutional neural networks

When a fully connected layer is applied to an image, each weight is trained on one colour
channel of one pixel. This results in an immense amount of trainable weights and would
not regard the inherent 2D structure of an image.

Therefore, image recognition models often employ 2D convolutional layers [27, 32, 39]. In
these layers, a kernel with learnable weights is slid across the input through convolution.
This allows the weights to learn features independent of where they are located in the
input [27]. For example, a kernel might be dedicated to recognising edges or colour
blobs throughout the image. The resulting activation map of the layer then contains
information on where these features are located, which can subsequently be used to
recognise more complex features such as shapes and textures. For a layer k, the activation
map Ak of a 2D convolutional layer is generated with a kernel K as [27]:

Ak(l1, l2) = (K ∗ Zk)(l1, l2) =
∑
m

∑
n

K(m, n)Zk(l1 − m, l2 − n). (2-6)

The convolution can also be implemented with a stride s larger than one. In this case, the
kernel is slid across the previous layer with steps of size s. This results in a downsampled
output map and is therefore used to reduce computational cost [27].

A convolutional layer can also be implemented with dilation. Here, zeros are inserted into
the kernel to increase the size of the activation region, without requiring a larger number
of trainable weights. To illustrate this, Figure 2-6 compares a standard convolution, a

G.M. Rijpkema Master of Science Thesis
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Figure 2-6: Illustration of 1-dimensional convolutional layer with a kernel size of 3. (a)
Regular convolution with stride 1 and no dilation. (b) Strided convolution with stride 2.
(c) Dilated convolution.

strided convolution and a dilated convolution for a 1-dimensional layer. It can be seen
that the dilated convolution covers a wider region while still requiring only three weights.
In image processing, the increased field of view of the activation helps in capturing
contextual information [10].

Convolutional layers are the foundation of convolutional neural networks, which are
often used as feature extractors. They aim to reduce the raw input pixel values into
a feature space of smaller dimensionality that embeds the required information for the
downstream task. This can be for example classification.

When stacking a large number of layers in a neural network, the neurons in the early
layers are increasingly difficult to optimise. For these neurons, the gradient has to flow
through all subsequent (non-linear) operations [32]. This can cause the optimisation to
get stuck in a local minimum of low accuracy. Therefore, residual blocks are proposed
in [32]. These blocks introduce a skip-connection that sums the input ain of a neural
network block Fθ with the output aout as shown in Figure 2-7. This allows the gradient
of earlier layers to flow directly to the later layers, bypassing Fθ. This results in a
smoother optimisation landscape, making optimisation easier [41].
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Fθ(ain)
ain

ain

aout = Fθ(ain) + ain

Figure 2-7: Illustration of residual block proposed in [32].

A residual network with 50 layers (ResNet-50) is one of the most common architectures
for computer vision at the time of writing [2, 33, 83]. The main components are residual
blocks, convolutional layers and downsampling layers.
For image classification, the extracted feature maps are commonly further processed
with an MLP. Each neuron in the output layer corresponds to one of the classes. Thus,
this layer should have the same number of neurons as the number of classes N in the
training data. The neuron with the highest activation denotes the class that the network
regards as most likely for that image.
Often, a soft-max cross-entropy loss function is used. First, a softmax function nor-
malises the activations of the last layer ak such that they can be interpreted as a cate-
gorical probability distribution with

∑
l pl = 1, pl ≥ 0 for each class/neuron l = 1, · · · , N

as [27, 62]:

pl = softmax(ak)l = exp(ak,l)∑N
j=1 exp ak,k

. (2-7)

Considering the desired output probability distribution Yi and predicted probability
distribution Ŷi =

[
p1 · · · pN

]T
for data points i = 1 · · · Ni, the cross entropy is defined

with the negative log-likelihood as [6, 38]:

L (fθ(X), Y ) = −
Ni∑
i=1

NA∑
l=1

(
Yi(l) ln Ŷi(l) + (1 − Yi(l)) ln

(
1 − Ŷi(l)

))
. (2-8)

When the annotations do not regard uncertainty, the expert annotation is formatted as
a vector with length N with a one indicating the correct class and zeros for the other
classes. This is called one-hot encoding. In this case, the cost function reduces to [27]:

L(fθ(X), Y ) = −
Ni∑
i=1

NA∑
l=1

Yi(l) ln Ŷi(l). (2-9)

The advantage of using the softmax cross entropy over for example a loss function based
on accuracy is its differentiability. For instance, a binary classification for one point
would result in an accuracy of either 0 or 1, while the cross entropy outputs a continuous
range.

G.M. Rijpkema Master of Science Thesis



2-2 Deep learning for image recognition 13

Semantic segmentation

In the computer vision task of semantic segmentation, each pixel is classified separately.
This allows for precise localisation of each class in the image. Here, common practice
is to employ additional convolutional layers instead of an MLP in the final prediction
layers [62, 67].

These convolutional layers build classifications on the feature map via 1×1 convolutions
and upsample them to yield a pixel-wise prediction map. For upsampling, transpose
convolutional layers are used. Transpose convolutional layers can be understood as a
standard convolutional layer with a fractional stride of 0 < s < 1 on the input map.
Thus, the kernel takes steps smaller than one in its convolution operation and outputs
a value for each step, yielding an activation map larger than the input map.

When the input image is first reduced to a small feature map and then again upsampled
to a high-resolution prediction map, fine-grained details may get lost. Therefore, [67]
proposes to use an additional set of skip-connections. With these skip-connections,
predictions are made on feature maps of small dimensionality as well as on feature maps
of larger dimensionality (see Figure 2-8). By combining these predictions, the prediction
map allows more fine-grained details.
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Figure 2-8: FCN-8s architecture [67] for semantic segmentation. The yellow, orange
and blue blocks visualise convolutional, downsampling and transpose convolutional layers
respectively. The purple block presents the mask containing the predicted labels. Source:
[34]

Another method to avoid to loss of fine-grained details is to use higher-resolution feature
maps. For example, the stride of a convolutional layer can be decreased. This will cause
the output map of the layer to be larger. However, when the kernel size of a subsequent
convolutional layer is kept the same, the kernel of this next layer is activated by a smaller
region of the input image. Therefore, dilated convolutions (see Figure 2-6c) are often
used in recent semantic segmentation models [10, 11].
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Commonly in semantic segmentation, the loss function is the sum of the per-pixel soft-
max cross entropy loss, while the model evaluated with the mean Intersection over
Union (mIoU) [42, 49, 50, 84, 87]. The mean Intersection over Union (mIoU) is defined
as:

IoUA = area(yA ∩ ŷA)
area(yA ∪ ŷA

), (2-10)

mIoU = 1
nc

∑
A

IoUA. (2-11)

In the top equation, the number of pixels both predicted and annotated as class A
(intersection) is divided by the number of pixels either predicted or annotated as class
A (union). Thus, the perfect score is 1 (no false positives and no false negatives) and
the worst score is 0 (no true positives). In the bottom equation, the mIoU is calculated
as the mean of the over the nc non-background classes.
The advantage of using the mIoU for evaluation over the pixel accuracy is that it is less
sensitive to class imbalance. When 80% of a picture is background and a model predicts
100% background, the pixel accuracy is 80% although none of the objects is classified
properly. As microtraces only span a small area in tape lift scans, using the mIoU is a
more suitable metric to quantify the performance of microtrace segmentation.

2-3 Pretraining with contrastive self-supervised learning

Recent research has shown that pretraining a feature extractor with self-supervised learn-
ing (SSL) allows learning useful features for classification without requiring explicit train-
ing labels [14, 28]. This allows label-efficient learning, in which the required number of
labels to achieve accurate predictions is decreased [13].
The objective of SSL is to train a model to differentiate relevant features from irrelevant
ones without requiring a supervisory signal about the exact meaning of those features.
To illustrate this concept, consider a scenario from the field of natural language process-
ing. When humans learn a new language, a substantial portion of their learning process
involves reading texts without constantly consulting a dictionary for each word. Instead,
they acquire knowledge about word relationships and sentence structures, even in the
absence of a complete explicit understanding of the text. In this context, the dictionary
serves as a supervisory signal, while the unknown texts function as unsupervised data.
The concept of SSL aims to replicate this form of learning by generating a puzzle based
on unsupervised data. In natural language processing, a typical puzzle might involve
removing a word from a text and determining which word was omitted [19]. Although
this puzzle does not require explicit knowledge of the text, it requires a form of under-
standing of sentence structures and relations. Therefore, training on this puzzle can help
with learning the language.
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2-3 Pretraining with contrastive self-supervised learning 15

Although other types of methods have been proposed for SSL in computer vision [22, 26,
48], recent contrastive methods have shown the most powerful performance in learning
useful features for classifications [1, 43, 77].

The core concept of contrastive SSL models is to create two different augmentations
of the same image and train the model to recognise that the two augmented images
correspond to the same object(s) [12]. This training objective aims to induce invariance
to the applied augmentations. To compare the model’s interpretation of each image,
feature vectors are used.

Formally, two augmentations (Vi, V ′
i ) are created from the input image Xi. The weights

of the model are optimised to maximise the similarity between the feature representation
of both augmentations. A simple cost function without regularisation would be:

Lθ =|| fθ(Vi) − fθ(V ′
i ) || . (2-12)

However, a fundamental issue arises. Namely, the above minimisation results in a perfect
cost value of zero when the network outputs a constant feature representation fθ(Vi) = c
for all inputs Vi. In this case, the learned feature representation is independent of the
input and constant for each input image Xi. Therefore, it is useless for further usage
in the downstream task. The issue of learning this identity mapping is called model
collapse in SSL [14]. Various methods have been proposed to try to avoid it.

An intuitive approach is to not only use augmentations of the same image (positive pairs)
but also to include comparison with other images (negative pairs). This is illustrated
in Figure 2-9. This was proposed in the SSL framework SimCLR, which demonstrated
competitive accuracies on ImageNet classification with respect to earlier SSL models
[12]. By introducing a large cost for fθ(V1) ≈ fθ(V2) for a negative pair consisting of
two different images V1, V2, it avoids model collapse. However, sampling a large number
of negative pairs results in requiring a large batch size [12], which is computationally
demanding.
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Figure 2-9: Positive and negative pairs in contrastive SSL. Source: adapted from [12, 15].

2-3-1 BYOL

Recent contrastive SSL models are able to circumvent the usage of negative pairs [14,
28, 28, 57]. In particular, byol (’Bootstrap Your Own Latent’) is proposed in [28]. This
framework uses solely positive pairs and shows powerful performance in the classification
and segmentation of natural images. By refraining from using negative pairs, it maintains
performance for smaller batch sizes [28]. This allows the model to be trained with smaller
memory requirements.

Byol is illustrated in Figure 2-10. The model is composed of two separate networks:
an online network with weights θ and a target network with weights ξ. The online
network consists of a feature extractor, a projector and a predictor. The target network
on the other hand only consists of a feature extractor and projector. These have the
same architecture as the online feature extractor and online projector but have different
weights.

First, two augmented versions Vi, V ′
i are generated for an input image. Both networks

receive one of the versions as input. Then, the online network aims to predict the output
of the target network. As this requires understanding what can be seen in the image,
this results in training the feature extractor to generate useful image representations.

The target network on the other hand receives an exponential moving average of the
weights of the online feature extractor and online projector. Hereby, it produces stable
targets to optimise the online network on. While recent research has shown that the tar-
get network and online network can have identical weights [14], the exponential moving
average improves performance by providing smooth changes in the target representations
[28].
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2-3 Pretraining with contrastive self-supervised learning 17

The asymmetric network structure of Byol is found to be crucial in avoiding model
collapse [74]. Although the model is theoretically still susceptible to collapse [28], it is
empirically found that the asymmetric updating process prevents convergence into an
identity mapping [4, 28, 75]. In related work [14], it is concluded that it is unlikely that
the output of a randomly initialised network has little dependence on the input and that
an optimiser optimising only a single part of an asymmetrically updated structure can
find a trajectory that converges to an identity mapping.

Minimise MSE 

ResNet-50

ResNet-50 MLP

MLP

MLP

Exponential 
moving average

Online network

Target network
𝑉1′ 

𝑉1 

𝑧𝜃(𝑉1)

𝑓𝜉(𝑉1′)

Figure 2-10: Illustration of the contrastive SSL model byol [28].
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Chapter 3

Reducing Manual Labour in Forensic
Microtrace Recognition with Deep

Learning

In this chapter, the main findings of this thesis are presented in the form of a manuscript
formatted for publication in Nature Scientific Reports. Supplementary materials to the
manuscript can be found on pages 32 — 53.
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Reducing Manual Labour in Forensic Microtrace
Recognition with Deep Learning

Gerben Rijpkema1, Dylan Kalisvaart1, Serafim Korovin1, Daniel Spengler1,
Anna Pals2, Jaap van der Weerd2∗, Carlas Smith1∗

Abstract

Forensic microtrace investigation relies on a time- and labour-intensive process of manually analysing
samples via microscopy. To aid forensic experts in their investigations, an image recognition model
for microtrace localisation and classification is needed. In this work, we show the trace recognition
accuracy that can be achieved by analysing images captured with automated microscopy through deep
learning. We localise and classify fibres, hairs, skin, glass and sand in microscopy scans through
pixel-wise classification of tape-lift samples. As deep learning requires extensive amounts of annotated
training data, we additionally investigate pretraining to minimise the required annotation workload. We
compare ImageNet pretraining, pretraining with self-supervised learning and a sequential application
of these approaches. We find that pretrained models are able to reduce the required annotated data
twofold compared to models trained from scratch, while retaining the prediction accuracy. While our
ImageNet-pretrained models outperform our self-supervised-pretrained models, we achieve the highest
accuracy by combining the two approaches. With this, we can recognise traces with a mean intersection
over union of 0.56 when training on only 2.2 dm2 of annotated tape lift scans. Our model is therefore
the method of choice for automatic analysis of large forensic microtrace scans.

I. Introduction

The presence and transfer of microtraces such as
hairs, skin cells and fibres are used in forensic in-
vestigations to reconstruct a crime by providing in-
formation on people, objects, locations and actions
[59]. One of the used methods to recover these
traces from areas of interest is one-to-one tape lift-
ing. Here, a large number of transparent tapes is
used to fully cover a body, surface or object to thor-
oughly recover traces and preserve their locations
[17, 18].
Laboratory investigations on one-to-one tape lifts
are costly, as tape lifts may be large. Taping a
human body results in roughly 1.5 m2 of tape
[18]. These tapes generally contain many small
traces and require microscopic investigation by
well-trained microscopists [60, 65, 68]. In most
cases, trace investigation is therefore limited to
selected traces and regions of interest [18, 51] or
not applied at all [56]. This results in unexploited
forensic potential.
Automation of trace investigation may reduce

manual labour and cost and hence improve the ef-
fectivity of trace evidence investigations. A recent
step in automation has been made with the devel-
opment of automated microscopy systems within
the Shuttle project [70] to capture digital scans
of tape-lifted samples. However, a key challenge
that remains is recognising microtraces in the cap-
tured scans. In particular, an image recognition
model capable of classifying and localising traces
would enhance the investigation process by en-
abling rapid processing of microtrace scans.

In this work, we develop a deep learning method for
pixel-wise classification (semantic segmentation) of
traces in microscopy scans and show its ability
to precisely localise and classify traces on tape-
lifted microtrace samples. This model compiles
overviews that show the identity and distribution
of some of the most useful microtraces. These
overviews assist experts in deciding on further in-
vestigation procedures.

Deep learning image recognition relies on train-
ing a neural network to derive meaningful infor-
mation directly from the pixel values of input im-

1Delft Center for Systems and Control, Delft University of Technology, Delft, The Netherlands, 2Netherlands Forensic
Institure (NFI), The Hague, The Netherlands, ∗these authors contributed equally
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I Introduction 21

ages. This allows for learning complex patterns
and relationships within images. As a result, deep
learning has achieved remarkable success in visual
tasks such as image classification and semantic seg-
mentation [16, 32, 39]. Typically, the network is
trained with a large database of annotated images
[8, 16, 32, 36, 79]. Compiling this database requires
extensive manual labour, as acquired images need
to be labelled by experts. As a variety of traces
can be encountered with tape lifts and the number
of traces per sample is low [72], a large number of
tapes has to be annotated by experts. Moreover,
the cost of labelling training images for segmenta-
tion is high [16] as each pixel in the training data
has to be annotated.

Therefore, we investigate how annotation workload
can be kept minimal through pretraining. With
pretraining, the network is optimised to extract vi-
sual features from images that are useful for recog-
nising microtraces without requiring annotated mi-
crotrace images. In particular, we explore three
pretraining strategies and evaluate their ability
to decrease the required amount of annotations
needed for trace recognition.

Firstly, we test ImageNet classification pretrain-
ing [37, 64]. Here, a neural network is pretrained
through classification of everyday photographs in
the large scale ImageNet database [64] containing
over 1 million images. In this way, it learns to
recognise visual features important for human ob-
servers, such as the colour, shape, and texture of
objects in the input images. It has been shown that
the learned visual features remain useful when ap-
plied to other visual tasks, thereby benefitting con-
vergence speed and accuracy [85]. Furthermore,
ImageNet pretrained models are widely available,
therefore requiring no additional computational ef-
forts in pretraining [53]. However, the benefits of
ImageNet pretraining diminish for tasks dissimilar
to the classification of everyday photographs, as
the learned visual features can be sub-optimal for
other domains [37, 69].

Therefore, we test a second strategy of pretrain-
ing with self-supervised learning (SSL) on unan-
notated microtrace images. We use the framework
proposed in [28] to optimise the network weights
such that similar features are extracted for two ar-
tificial modifications (augmentations) of an unan-

notated microtrace image. We create two versions
via cropping, recolouring and rotating and min-
imise the distance between the representations of
both versions. By learning the similarity of the
content of the images, the network is trained to
extract useful features for microtrace classification
without requiring an expert annotation for each
image.

Thirdly, we investigate a combined pretraining ap-
proach in which we first use ImageNet-pretraining
to learn general visual features and subsequently
apply SSL pretraining to further specialise in
microtrace-specific features. This approach follows
[58].

Figure 1 presents a schematic representation of our
deep neural network for automated trace classi-
fication. In Figure 1a, we classify pixels in mi-
croscopy scans as either fibre, hair, skin, glass,
sand or background. The network is composed of
a ResNet-50 [32] feature extractor that embeds the
relevant information of the input image into a fea-
ture representation. This feature representation
is subsequently used by a fully convolutional [67]
pixel classifier to assign a predicted label for each
pixel (semantic segmentation). The network can
be trained from scratch by initialising the weights
with random parameters and training only via an-
notated microtrace images. Alternatively, we use
an ImageNet-pretrained feature extractor (see Fig-
ure 1b) or pretrain the feature extractor with SSL
on unannotated microtrace images (see Figure 1c).
In Figure 1d, we show our method for extracting
and augmenting training images from microtrace
scans.

We evaluate the trace recognition ability of the
model with the mean Intersection over Union
(mIoU) to measure the overlap between the pre-
dicted traces and the annotated traces (see Sub-
section IV.F). By combining ImageNet pretrain-
ing with SSL pretraining, we are able to recognise
hairs, fibres, skin and glass with an mIoU of 0.56
while only being trained on 2.2 dm2 of annotated
tape lift scans. A model trained from scratch on
the same amount of annotated data achieves an
mIoU of 0.34. We can outperform this with pre-
training even if we reduce the available amount of
annotated data four-fold to 0.6 dm2, with which we
achieve an mIoU of 0.36. Our results provide in-
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sight into the required amount of labelling to recog-
nise microtraces in microscopy scans. Further-
more, by facilitating trace analysis with a graphi-
cal user interface through [5], we enable automatic
tape lift analysis to aid forensic experts in their
investigation.

II. Results

We first present the microtrace recognition of the
model with which we achieve the highest mIoU in
Subsection II.A. This model was sequentially Ima-
geNet pretrained, SSL pretrained on roughly 1 m2

of unannotated tape area and then trained on our
annotated dataset of 0.022 m2 of tape area. In
II.B, we report our results on the benefit of pre-
training for the required amount of labelled train-
ing images. Then, we discuss our results on self-
supervised learning in II.C. Finally, we provide in-
sight into the model and its key elements by remov-
ing parts of the pipeline and reporting the ablation
results in II.D.

A. Microtrace recognition

We achieve the highest mIoU by using combined
ImageNet and SSL pretraining and training the
trace predictions on all annotated data. Although
our annotated dataset is relatively small and con-
siders only a tape lift area of 2.2 dm2, we find an
overall mIoU of 0.56.

Generating predictions for a microtrace tape of
80 × 80 mm takes approximately 30 seconds us-
ing our hardware (nvidia rtx3090 GPU and In-
tel i910900X CPU). This is a fraction of the time
required for a microscopist to generate an overview
of traces on the tape. Note that the bottleneck in
our method is scanning the tape with automated
microscopy, which is found to take 40 minutes with
the device developed in [70].

Supplementary Figure S1 shows the confusion ma-
trix of the model together with precision and recall
analysis. It can be seen that the pixel-wise preci-
sion exceeds 60% for each class, indicating that at
least 60% of the pixels marked as a certain class
are marked as that class by the expert annotator

as well. Except for the class Skin, the recall ex-
ceeds 60% as well, indicating that at least 60% of
the pixels are marked as a certain class by both
the expert and the model.

To visually assess the quality of the model predic-
tions, we provide examples of model predictions
in Figure 2 and Supplementary Figure S2. Here,
image patches are shown together with expert an-
notation and model prediction. We provide IoU
values for classes for which the union of predicted
and annotated pixels spans at least 1% of the im-
age patch.

Figure 2 shows correctly recognised traces as well
as incorrect predictions. Hairs, sand and glass is
correctly detected. Air bubble patterns can be seen
in the first three images as well as in the sixth and
last image. These are caused by air being trapped
under the tape. It can be seen that the model
correctly refrained from these patterns as traces.
The second column shows an incorrectly classified
trace. Whereas the expert annotated a fibre, the
model prediction fluctuates between hair and fi-
bre. The last column shows a fibre at the top that
is partly missed by the model.

In Supplementary Figure S2c, we show additional
image patches on which the model performs poorly.
These images were randomly selected from predic-
tions where a class IoU of less than 0.4 was en-
countered.

In the seventh column of Figure S2c, a cluster of
skin cells in the form of dandruff can be seen. Due
to the thickness, the transmitted light is low and
the trace is opaque. Therefore, the trace is visu-
ally similar to a sand particle (shown in the fifth
column of Figure 2), causing a misclassification
by the model. To improve the accuracy for these
traces, alternative microscopy modes such as re-
flection imaging should be incorporated.

B. Pretraining for label-efficient learning

In Figure 3, we report the results for training with
different amounts of labelled data. Here, we vary
the annotated tape-lift area used in training the
trace classifications. Since we encounter low class
diversity when training on areas of 0.1, 0.3 and
0.6 dm2, we average over 5, 3 and 2 training runs
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Figure 1: Schematic overview of deep neural network for automated microtrace classification. (a) Training
trace predictions with expert annotations. A residual network with 50 layers (ResNet-50) [32] feature extrac-
tor is used in a fully convolutional network (FCN) [67] structure for pixel-wise classification. The network
aims to find the relationship between the microtrace images (left) and the corresponding labels provided
by experts (right) by minimising the cross-entropy loss between the predicted and annotated labels. The
microtrace image in the figure shows a hair, a fibre and air bubbles. (b) Pretraining the feature extractor with
the self-supervised learning (SSL) model Byol [28] on pairs of unannotated images. Here, the weights of
the feature extractor are adapted such that pairs of similar images yield similar features. The architecture is
composed of two ResNet-50 networks and a set of multi-layer perceptrons (MLPs). (c) ImageNet pretraining
of feature extractor through classification of annotated everyday photographs in the ImageNet database [64]
with a single layer perceptron (SLP) classifier. (d) Extraction and augmentation of training images from
tape-lift scans. For pretraining with SSL, image pairs are extracted. For training trace predictions, image
patches are extracted together with their corresponding annotation mask.

respectively. We randomly select a tape lift area
of said size for each run and train solely on image
patches in that region (see Subsection IV.F).

For each of the experiments, the pretrained mod-
els result in higher mIoU values than the models
trained from scratch. The ImageNet-pretrained
models outperform the SSL-pretrained models.
Combining ImageNet pretraining with additional
SSL pretraining results in the highest mIoU val-
ues, although the benefit with respect to ImageNet

pretraining only diminishes when annotated data
ranges below 0.6 dm2 of annotated tape.
When training on 0.6 dm2 of annotated tape or
more, all pretrained models outperform models
trained from scratch using two times more anno-
tated data. Moreover, combined ImageNet pre-
training and SSL pretraining with 0.6 dm2 of an-
notated tape results in a higher mIoU than training
from scratch with four times more annotated data.
The mIoU (see Subsection IV.F) considers three
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error modes. Firstly, microtrace pixels can be
missed. Secondly, traces can be confused. Thirdly,
traces can be incorrectly detected. In Supplemen-
tary Figure S3, we report the frequency of each
of the error modes for our experiments. When
training on 2.2 dm2 of annotated tape, combined
ImageNet and SSL pretraining results in a 40% in-
crease in correctly classified trace pixels, a 27% de-
crease in missed trace pixels and a 56% decrease in
false detections compared to training from scratch.
The number of confused trace pixels remains sim-
ilar (+1% increase).

C. Self-supervised pretraining

During SSL pretraining, we minimise the distance
between the extracted features of two different aug-
mentations of a similar image patch. We obtain
these image pairs by selecting a point on a micro-
trace scan, extracting two images within a maxi-
mum distance dm of this point and randomly aug-
menting each image (see Subsection IV.D). The
results of the SSL experiments of Subsection II.B
were obtained with dm = 0 and a maximum magni-
fication augmentation between 0.5× and 2× (sam-
pled as described in Supplementary Table S2).

In Supplementary Figure S4a, we substantiate this

choice by reporting results for different translation
and magnification augmentation bounds. For this
experiment, we train for 7 million data points in-
stead of the 40 million data points that we use in
our other experiments to decrease computational
effort (see Figure S11 and Subsection IV.C). We
train the pixel classifications on our full annotated
dataset of 2.2 dm2. With this amount of anno-
tated training data, training from scratch results
in an mIoU of 0.34 (see Figure 3b). Supplemen-
tary Figure S4a shows that the highest mIoU is
achieved with dm = 0 and magnification augmen-
tation between 0.5× and 2×. Here, a mIoU of
0.42 is achieved. Choosing a zoom augmentation
of lower intensity, namely between 0.67× and 1.5×,
results in a sharp drop in mIoU. Here, we find an
mIoU of 0.37, which translates into a 63% reduc-
tion of pretraining benefit. This follows from the
fact that a light zoom augmentation and no trans-
lation results in two approximately equal views.
In this case, training the feature extractor to yield
similar representations for both views results in a
trivial solution, resulting in a diminished benefit
of pretraining. When a light zoom augmentation
(between 0.67× and 2×) is chosen in combination
with a translation augmentation of dm = 64, the
pretraining benefit returns (mIoU of 0.41, 88% of
the highest pretraining benefit reported in the ta-
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Figure 3: Benefit of pretraining for label-efficient learning. (a) Violin plot showing the distribution of mIoU
over a 10-fold split in the test set. The dot presents the median, the inner bar the upper and lower quartile.
The line presents the spread between the minimum and maximum. (b) Overall test mIoU per experiment.

ble).

Supplementary Figure S4b-f show the IoU benefit
per class. When considering a heavy zoom aug-
mentation (between 0.25× and 4×), the optimal
value of dm varies per class. While for hair and
skin, increasing dm from 0 to 256 µm results in
+0.06 and +0.04 mIoU respectively, the IoU for
glass decreases with -0.09. For sand and fibres,
the difference in mIoU is negligible (±0.01). This
is explained by the size of the traces. In Table 2,
it is shown that the glass particles of our dataset
have sizes in the order of 0.2 − 0.4 mm. A transla-
tion of 256 µm and a 4× zoom can therefore cause
the trace to move out the field of view for one
of the images in the augmentation pair. In this
case, the extracted features will be incorrectly op-
timised to be similar. On the other hand, hairs
have lengths of more than 5 mm and skin is en-
countered in clusters, yielding a larger probability
of encountering the trace in both views. In this
case, the translation augmentation results in cor-
rectly learning the similarity of two views of the
same trace. For these traces, the increased trans-
lation augmentation results in stronger feature di-
versity in the views. This increases the benefit of
pretraining [73], resulting in the increased IoU.

D. Ablations and influence of hyperparam-
eters

To gain a better understanding of the trace recog-
nition model itself and its various elements, we per-
form ablation experiments. Here, we remove parts
of our pipeline to investigate the influence on the
mIoU of trace recognition.

First, we investigate our proposed image sam-
pling approach involving thresholding (see Subsec-
tion IV.D and Figure 1d). We compare our ap-
proach to extracting image patches from scans with
a uniform grid as shown in Supplementary Fig-
ure S5.

In Supplementary Figure S6a, it can be seen that
after training on 400.000 image patches, our ap-
proach results in a 21% higher overall test mIoU
compared to training with a uniform grid. When
training with only 80.000 data points, correspond-
ing to 4 full dataset iterations for the uniform ap-
proach, our thresholding approach results in a four-
fold increase in mIoU.

We further investigate the sampled pixels in Sup-
plementary Figure S6b and c. In Supplementary
Figure S6b, it can be seen that the thresholding
approach alters the class distribution in the sam-
pled images. Without thresholding, the image area
is sampled uniformly, resulting in a sampled class
distribution that follows the overall class distribu-
tion of the dataset (shown in Table 2). Instead,
Supplementary Figure S6b shows that the thresh-
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olding approach increases the representation more
than twice for each non-background label class, re-
sulting in an overall increase of five times more
non-background pixels in the image patches. By
altering the distribution of sampled pixels, pixels
can be missed. Supplementary Figure S6c shows
the number of missed pixels per class after 80.000
sampled images. It can be seen that while 97%
of all unique trace pixels are covered, only 58% of
the unique background pixels are covered. Further
experiments show that after the full training du-
ration of 400.000 data points, 99.7% of the trace
pixels and 80 % of the background pixels are cov-
ered. From the increased mIoU shown in Supple-
mentary Figure S6a, we conclude that the bene-
fit of oversampling the trace pixels outweighs the
missed background pixels.

In Supplementary Figure S7, we investigate hyper-
parameters for training trace classifications. These
results were obtained after ImageNet prtraining.
S7a shows that the mIoU of trace recognition is
stable for weight decay values between 0 and 10−4.
S7b furthermore shows that mIoU is stable across
batch sizes between 5 and 200 when the learning
rate is scaled linearly with the batch size.

We downsample the microtrace images obtained
with our automated microscope from 1 µm/pixel
to 4 µm/pixel (see Subsection IV.D). S7c shows
the mIoU we achieve by instead training on the
full resolution or training on half the resolution
(2 µm/pixel). For each experiment, we train on
400.000 image patches with a field of view (FOV)
of 1024 µm. S7d shows the training duration of
each experiment. While S7c shows that the im-
pact of removing or weakening the downsampling
operation is small (±0.04 IoU), S7d shows that
downsampling allows a strong reduction in training
time. Compared to training on the full resolution,
downsampling to 4 µm/pixel allows a sixteen-fold
decrease in training time. Halving the resolution
results in a four-fold decrease of training time.

In S7e and f, we report mIoU values obtained
when varying the magnification and aspect ratio
augmentation bounds during the microtrace train-
ing. S7e shows that a magnification augmentation
bounded between 0.33× and 3× benefits the mIoU
with respect to using no magnification. S7f shows
that the mIoU remains stable for training with as-

pect ratios multiplied up to four times. Zoom and
aspect ratio augmentations within these bounds
benefit training by reducing the reliance on feature
diversity in the training data. Heavier zoom and
aspect ratio augmentation are found to deteriorate
the training process. This is caused by the induced
loss of information by these heavy augmentations.

III. Discussion

In this work, a deep learning model for recognis-
ing microtraces in tape lift scans is proposed. This
model rapidly processes microtrace scans to pro-
vide experts with overviews of traces on tapes.
Hereby, it aids experts in their analysis and stream-
lines trace investigation.

We show that our deep learning model is able
to perform semantic segmentation of fibres, hairs,
skin, glass and sand with an intersection over union
of 0.55 while only being trained on an area of
2.2 dm2 of annotated tape lift samples. By first
pretraining on the large scale ImageNet database
of generic everyday images and subsequently pre-
training with SSL on unnannotated microtrace im-
ages, we outperform a counterpart model trained
from scratch with an increase of 0.22 IoU. When
we reduce the available annotated data four-fold
to 0.6 dm2, our pretrained model still outperforms
training from scratch with all annotated data with
0.02 IoU.

As tape lift scans typically contain a small number
of traces scattered across a large background area,
99% of the image area of our dataset represents
background (see Table S4). Our proposed image
extraction method involving thresholding allows a
+0.10 mIoU increase with respect to processing the
image area uniformly by effectively oversampling
foreground areas.

Combining SSL pretraining with ImageNet pre-
training is found to result in the highest mIoU ben-
efits. Solely applying SSL pretraining is found to
result in lower mIoU values than ImageNet pre-
training, although it provides a strong alternative
in situations where ImageNet pretraining is not
available. The finding that ImageNet pretraining
outperforms sole SSL pretraining is in line with
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[15], in which SSL pretraining is investigated for se-
mantic segmentation of biomedical microscopy im-
ages, although here another SSL framework (Sim-
CLR [12]) is used. Moreover, it aligns with [76],
in which Byol is compared to ImageNet pretrain-
ing for semantic segmentation of natural images
[76]. However, [28] and [54, 80], find that Byol
and SimCLR result in higher accuracies than Im-
ageNet pretraining for semantic segmentation of
natural images.
We suggest further research into closing the gap
between the mIoU benefit of SSL pretraining com-
pared to ImageNet pretraining. Primarily, we
see potential in adapting the SSL-framework for
segmentation. The Byol framework, as well as
other recent SSL-frameworks such as [13, 14, 30]
regard image-level comparison. This bears simi-
larities with image-level classification, the field in
which these frameworks show the most notable
pretraining benefit [15, 28]. Semantic segmenta-
tion on the other hand regards dense (pixel-level)
predictions, which motivates the exploration of
SSL-frameworks with dense comparison of image
pairs [76, 80]. Another approach would be to pre-
segment individual traces, extract only the image
area containing that trace and subsequently gen-
erate an image pair of different views of only that
segment. With this approach, an SSL-framework
such as [28] can be used for segment-level compar-
ison, possibly benefitting segment-level classifica-
tion.
Moreover, pre-segmenting traces allows to ensure
that traces are contained in both images of the
SSL pretraining image pairs. Our current trans-
lation augmentation is agnostic of trace locations,
allowing a trace to move out of view for one of the
images of the pair. This limits SSL pretraining
benefit.
Our architecture for semantic segmentation follows
[28], where it is found to achieve an mIoU of 74%
on the Pascal VOC2012 challenge [24] of semantic
segmentation of natural images. In [11], an archi-
tecture is proposed that achieves 84% on the same
dataset. Further research can be done to determine
whether the architecture of [11] also yields an in-
crease in mIoU for the segmentation of microtrace
images.
Lastly, we recommend further research in alterna-

tive microscopy modes, such as reflection imaging,
to improve the classification of opaque, thick traces
(see Subsection II.A).
Our study sets a new baseline for forensic micro-
trace recognition and gives practitioners insight
into the benefits of pretraining, the required anno-
tation workload, augmentation parameters and ef-
ficient image extraction for microtrace recognition
in tape lift scans. We provide trained models and
facilitate analysis of model predictions through a
graphical user interface [5] to yield a valuable tool
for microtrace recognition that aids forensic ex-
perts in their investigation. Hereby, we contribute
to automating the microtrace finding process and
decreasing the human labour required for trace in-
vestigations.

IV. Methods

Supplementary Figure S8 and S9 show the archi-
tectures of the neural networks. Supplementary
Table S1, S2 and S3 respectively summarise the hy-
perparameters, augmentations and initialisations
used in training.
In the following sections, we provide details on our
method and substantiate our hyperparameters in
the order of Figure 1. We discuss training the pixel
classifications in Subsection IV.A, ImageNet pre-
training in IV.B, SSL pretraining in IV.C and our
image acquisition and extraction in IV.D. Finally,
we provide details on our dataset in IV.E and our
evaluation protocol in IV.F.

A. Trace training

We train the pixel classifications as shown in Fig-
ure 1a. Following [28, 30], we use a fully convo-
lutional network (FCN) architecture [67] with a
ResNet-50 feature extractor [32]. The last block of
the feature extractor (stage 5 ) uses dilated convo-
lutions to increase the resolution of the feature map
and thereby benefit its suitability for dense predic-
tion tasks such as semantic segmentation [10]. The
full architecture and output dimensions of each
block are shown in Supplementary Figure S8.
Following [67], the transpose convolutional layers
are initialised as bilinear interpolation upsamplers.
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The classifier layers are initialised randomly (He
uniform [31]).

The network is trained by minimising the differ-
ence between the predicted pixel classifications and
the expert annotated classifications via standard
per-pixel softmax cross-entropy loss [53, 62]. We
do not freeze the weights of pretrained feature ex-
tractors but instead allow all network weights to
be optimised.

We use a batch size of 160, a weight decay of
0.0001 and a base learning rate of 0.016, which is
multiplied by 0.1 at the 70th and 90th percentile
of training, following [28] for semantic segmenta-
tion. Here, we use an Stochastic Gradient De-
scent (SGD) optimiser with a momentum factor
of 0.9. We use 2 million data points across the
annotated tape lift area for training from scratch.
For all other models, we train on 400.000 points
due to the earlier convergence. This can be seen in
Supplementary Figure S10.

B. ImageNet pretraining

For ImageNet pretraining (illustrated in Fig-
ure 1b), we use the pretrained ResNet-50 weights
provided by [53]. This model was optimised for 90
epochs on the 1.3 million images of ImageNet [64],
resulting in 115 million data point steps. Here, a
batch size m = 32 was used in combination with
a learning rate η = 0.1 that was multiplied by 0.1
after 30 and 60 epochs.

C. Self-supervised pretraining

In Figure 1c, a feature extractor is pretrained
with SSL on image patches extracted from unanno-
tated microtrace scans. We employ the SSL model
’Bootstrap Your Own Latent’ (Byol) [28]. With
Byol, the feature extractor is rewarded for pre-
dicting the similarity of the feature representations
of two augmented image crops of the same under-
lying structure. To generate these augmentations,
we extract pairs of image patches with the method
described in Subsection IV.D. For each coordi-
nate, we extract two images with different random
augmentations. Here, we also introduce a transla-
tion augmentation with a maximum distance dm

to push the image patches apart. The translation
augmentation and zoom augmentation determine
the image crop within the microtrace scan. As
the cropping operation is the essential element to
learning useful representations [28], we performed
a grid search optimisation on dm for the transla-
tion augmentation and the magnification bounds
of the zoom augmentation (see Supplementary Fig-
ure S4).

Byol is composed of an asymmetric architecture
of two separate networks: an online network and
a target network, as shown in Figure 1b. The on-
line network is composed of a ResNet-50 feature
extractor, an multilayer perceptron (MLP) projec-
tor and an MLP predictor. The target network is
composed of a second feature extractor and a sec-
ond projector, both with different weights than the
online network. In Supplementary Figure S9, we
provide a detailed overview of the implementation
and the output dimensions of each network.

The online network and target network both take
one of the augmented patches as input. The
weights of the online network are optimised to pre-
dict the output of the target network. By intro-
ducing asymmetry and only optimising the online
network, Byol prevents the feature extractor from
learning a collapsed solution [74]. In a collapsed so-
lution, the model outputs a constant feature rep-
resentation independent of the input image. This
constant representation results in a perfect simi-
larity for each image pair, while it is not useful
for classification. Although the weights of the tar-
get network feature extractor and projector can be
identical to the corresponding weights of the on-
line network [14], Byol updates the target net-
work with an exponential moving average of the
weights of the online network. Hereby, it provides
a smoother target representation to optimise the
online network on. This results in improved per-
formance with respect to using identical weights
[28].

To train the online network, the loss function L is
calculated for pair of augmented images (Vi, V ′

i ) as
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L :=
∥∥∥∥∥ zθ (Vi)

∥zθ (Vi)∥2
− fξ (V ′

i )
∥fξ (V ′

i )∥2

∥∥∥∥∥
2

2
+

∥∥∥∥∥ zθ (V ′
i )

∥zθ (V ′
i )∥2

− fξ (Vi)
∥fξ (Vi)∥2

∥∥∥∥∥
2

2
.

(1)

Here, the output of the online network zθ(· · · ) is
normalised and compared to the normalised out-
put of the target network fξ(· · · ). The sum of the
mean squared error is taken for feeding Vi to the
online network and V ′

i to the target network and
the other way around.

At each optimisation step k, the online network is
optimised to minimise L and the target network re-
ceives an exponential moving average of the param-
eters of the online network θ (predictor excluded):

θk+1 = optimiser(θk, ∇θL, η) (2)
ξk+1 = τk ξk + (1 − τk) θk+1. (3)

We use a batch size m = 80 and thus process 80
image pairs per optimisation step. Following [28]
for small batch sizes, the base learning rate is cal-
culated as ηbase = 0.4 ·m/256. The learning rate is
scheduled to increase linearly (warm-up) from 0 to
ηbase within 1250 steps (100.000 image pairs) and
to decay to 0 at the maximum number of steps K
with cosine decay [44].

The weight decay is set to 1.5 · 10−6 independent
of the batch size m, following [28].

As proposed in [28], we schedule the exponential
moving average parameter τk to increase to reach
1 at the maximum number of steps K with

τk = 1 − (1 − τ0) cos (πk/K) + 1
2 . (4)

In [28], τ0 = 0.996 and τ0 = 0.9995 are proposed
for batch sizes m = 4096 and m = 512 respec-
tively. We further scale τ0 from a reference batch
size mref to a target batch size mtgt with the ex-
ponential moving average parameter scaling rule
proposed in [81]:

τ0,tgt = τ
mtgt/mref
0,ref . (5)

Filling in τ0,ref = 0.996, mref = 4096 gives τ0,tgt =
0.9995 for mref = 512, matching τ0 proposed in

[28]. For our batch size m = 80, the scaling yields
τ0 = 0.99992, which is the value we use in our ex-
periments.
We pretrain with SGD [53] using a momentum fac-
tor of 0.9 on 10 million image pairs (K = 125.000)
across the unannotated dataset. This costs four
days of training on our hardware. In Supplemen-
tary Figure S11, we show test mIoU results ob-
tained for training with fewer image pairs.

D. Image Extraction

We train on microtrace image patches during trace
training and SSL pretraining. We extract and aug-
ment these patches from transmission microscopy
scans of tape lift samples as shown in Figure 1d.
Tape lifts are composed of a variety of small traces
scattered on a large transparent sample, resulting
in a large part of tape-lift scans to represent back-
ground. In our dataset, experts labelled more than
98% of all pixels as background (see Supplemen-
tary Table S4). Random sampling image patches
from the microtrace samples [16] will therefore re-
sult in many patches containing only background.
Motivated by the hypothesis that learning trace
classifications is harder than learning to recognise
background, we aim to oversample foreground re-
gions by employing a thresholding method for ex-
tracting training images. While other methods ex-
tract patches uniformly and filter out background-
rich patches with thresholding [15, 85], we apply
thresholding earlier in the sampling process and
extract only patches centred around foreground ar-
eas.
Transmission microscopy scans show dark objects
across a contrasting white background. More-
over, the background is homogeneous. Therefore,
thresholding with a single global threshold suf-
fices to distinguish foreground areas from back-
ground [78]. To choose this threshold, we employ
the histogram-based triangle method [82], which is
suited for images dominantly consisting of back-
ground [40, 63, 78]. This is shown in Supplemen-
tary Figure S12. With the found threshold, a total
of 94% of the image area in the annotated dataset
is estimated as background. The remaining 6% is
estimated as foreground, including possible micro-
traces or artefacts.
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Training coordinates are then sampled randomly
(uniform) from the thresholded foreground areas.
At each sampled coordinate, an image patch of
size 256 × 256 pixels is extracted in a resolution
of 4 µm per pixel. We augment the image patches
to artificially enlarge the dataset. Specifically, we
make a crop of random zoom, aspect ratio and ro-
tation and resize it to 256 × 256 pixels as shown in
Supplementary Figure S13. Then, we further aug-
ment the image patches by recolouring, blurring
and mirroring, which results in the required train-
ing images. The chosen augmentations, randomi-
sation processes and their parameters are derived
from [28] and are listed in Supplementary Table S2.

For trace training, we extract single image patches
with corresponding annotation masks. For SSL
pretraining, we extract pairs of similar images. For
evaluating the model, we use no thresholding and
sample image patches uniformly across the test set
as described in the next section.

We sample patches with a FOV of 1024 × 1024
µm per patch to ensure that the majority of the
traces can be captured fully within the FOV (see
Table 2). We mean-downsample the images to a
resolution of 4 µm/pixel, thus resulting in a patch
size of 256 × 256 pixels.

E. Dataset Acquisition

The samples were acquired by tape-lifting cotton
sheets, faces and hands. Furthermore, tape sam-
ples were compiled with glass and sand particles
and dandruff of volunteers.

The samples were scanned using transmission mi-
croscopy with the automated microscope devel-
oped in [70]. This device illuminates the sample
from below and captures neighbouring images from
the opposite side in a resolution of 1 µm/pixel. Af-
ter applying a shading correction filter, the images
are stitched together to a full-size .tiff file (6.4
Gigapixel for a tape of 80 × 80 mm). In total,
we scanned 315 tape samples of various sizes and
annotated 10 of them (see Table 1).

The tapes were annotated with open-source soft-
ware [5]. To minimise the annotation workload,
we first generated pseudo-annotation masks based
on simple heuristics and manually corrected these.

Specifically, we first segmented traces with thresh-
olding and classified each region based on the his-
togram and a set of shape features. We estimate
the time spent on correcting and manually anno-
tating trace images on 120 hours for our anno-
tated dataset composed of approximately 21.000
image patches (see Table 1). Note that the large
background ratio accelerated the annotation pro-
cess. For pixel-wise annotations on everyday pho-
tographs, composing a dataset of this size is esti-
mated to require more than 500 hours [52].

In Table 2, we provide the occurrence of each trace
label in the annotated training dataset. To investi-
gate the class balance in the unannotated dataset,
we perform inference with the model presented in
Subsection II.A on the unannotated tapes. We re-
port the results in Supplementary Table S4 and
show a random selection of the predictions in Sup-
plementary Figure S14. According to the model,
the relative occurrence of glass and sand in the
unannotated dataset is approximately seven times
smaller than their occurrence in the annotated
dataset. Compared to the annotated dataset, the
unannotated dataset mainly considers fibres and
skin.

We split our annotated dataset in an approximate
3:1 train:test ratio in terms of tape lift area. In
particular, we use an 80 × 80 mm tape lift con-
taining all trace types as test set and use the other
nine annotated tapes of various sizes for training
as shown in Table 1.

F. Evaluation

After training trace classifications, we test the
model on an annotated microtrace scan excluded
from the annotated training dataset and the unan-
notated dataset that is used in SSL pretraining.
This scan consists of an 80 × 80 mm tape lift sam-
ple containing all trace types, shown in Supple-
mentary Figure S15. During testing, the scan is
processed via a uniform grid of image patches (see
Supplementary Figure S5), without oversampling
the foreground with thresholding or applying aug-
mentations as described in Subsection IV.D. For
each image patch, the predictions at the edges are
discarded, following [46, 62]. These predictions are
of lower accuracy due to the lack of contextual
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information. Therefore, the FOV of each image
patch is increased during testing with 12.5%, re-
sulting in partially overlapping input patches.
The trace recognition performance of the model is
evaluated with the mean Intersection over Union
(mIoU) [16, 23]. For each class A, the IoU is de-
fined as the number of correctly identified trace
pixels divided by the sum of all pixels either pre-
dicted or annotated as class A:

IoUA = TP
TP + FP + FN , (6)

Here, TP denotes the number of true positives,
while FP and FN denote the number of false pos-
itives and false negatives, respectively. The maxi-
mum value of 1 indicates that the annotations and
predictions match perfectly. Conversely, the min-
imum score of 0 indicates no true positives were
predicted. For overall performance, the mean of
the IoU (mIoU) of the nc non-background classes
is taken:

mIoU = 1
nc

nc∑
A=1

IoUA (7)

In our case, nc = 5, with the classes being fibre,
glass, hair, sand, and skin. Similar to the evalu-
ation protocol of [8], we accumulate the confusion
statistics over the test set as single image patches
typically do not contain all of the five trace classes.
We calculate the overall mIoU based on the ac-
cumulated statistics over the entire test set. The
violin plots used throughout the report show the
distribution of mIoU values that are obtained by
accumulating over a randomly determined 10-fold
split in the test set that was kept constant through-
out the experiments.
To investigate label-efficient learning, we split our
annotated training set into equally sized regions
as shown in Supplementary Figure S16 and vary
the number of regions used in training the trace
classifications.
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Tables

Table 1: Overview of datasets. The last col-
umn shows the number of unique image patches
that can be extracted for a field of view (FOV)
of 1024 × 1024 µm. The unannotated dataset
includes the tapes of the annotated training
dataset. Thus, a total of 315 samples were
scanned.

Dataset #tapes Total #patches
area

Unannotated 314 1.082 m2 1.0 · 106

Annotated
Training 9 0.022 m2 21 · 103

Test 1 0.006 m2 5.8 · 103

Table 2: Traces in annotated training dataset.
The class skin is segmented in regions instead of
individual cells, therefore yielding the two right
columns ill-defined. The trace size is calculated
as the median diameter of the minimum bound-
ing circle for each annotation. For the uncer-
tainty measure, the median absolute deviation is
used.

Class Total area Trace size Count
Fibres 117 µm2 0.5 ±0.2 mm 3 · 103

Hairs 47 µm2 7 ±4 mm 2 · 101

Glass 47 µm2 0.2 ±0.1 mm 2 · 103

Sand 20 µm2 0.3 ±0.1 mm 4 · 103

Skin 79 µm2
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0.0 ‰

0.5 ‰

1.1 ‰

1.6 ‰

2.1 ‰

0 %

25 %

50 %

75 %

100 %

0 %

25 %

50 %

75 %

100 %

Supplementary Figure S1: Confusion matrix of predictions in test set. (a) Normalised with total number
of predictions. Values lower than 0.005 ‰ are omitted. (b) Row-wise normalised, yielding probabilities
conditioned with true values. The diagonal presents the recall (sensitivity) per trace class. Values lower than
0.05% are omitted. (c) Column-wise normalised, yielding probabilities conditioned with predicted values.
The diagonal presents the precision per trace class. Values lower than 0.05% are omitted.
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Supplementary Figure S2: Selection of model predictions in test dataset to visually assess model per-
formance and corresponding IoU values. The IoU values for classes that span less than 1% of the total
image area in both the expert annotations and the predictions are omitted. (a) Predictions for fully random
crops in test data. Here, the location of the crops was selected via uniform sampling. (b) Predictions for
randomly selected foreground crops. These crops were extracted with the thresholding approach discussed
in Subsection IV.D. (c) Foreground crops where any of the IoUs for the classes that span at least 1% of the
image area in either the predictions of the annotations, is lower than 0.4.
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Supplementary Figure S3: Analysis of error modes for label efficient learning. Note that the y-axis presents
promille values. The remaining ∼ 99% of predictions consider correctly classified background.
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Supplementary Figure S4: Test mIoU after pretraining with different cropping parameters. The horizontal
axis shows the zoom, the vertical axis the maximum translation. The other augmentation parameters are
kept constant and are listed in Supplementary Table S2. To reduce training time, we train with 7 million
data points for this experiment instead of 40 million (see Supplementary Figure S11). (a) shows the overall
test mIoU, (b-f) show the IoU per class.
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Supplementary Figure S5: Image extraction without thresholding. This approach is used for evaluating the
trace recognition models on the test set and for the experiments of Supplementary Figure S6. Opposed to
extracting images as in Figure 1d, the image patches are now uniformly distributed across the scan. Again,
the squares and dots visualise the extracted patches and their centre points respectively. The patches contain
a 12.5% overlap in FOV (see Subsection IV.F).
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Supplementary Figure S6: Benefit of thresholding approach shown in Figure 1d compared to the uniform
approach shown in Supplementary Figure S5. For the uniform approach, processing 21.000 image patches
corresponds to one data set iteration (see Table 1). This is called one epoch. (a) mIoU of trace recognition for
training with and without thresholding approach. The test mIoU is shown for training with various amounts
of image patches across the annotated dataset. Here, ImageNet pretraining was used. It can be seen that the
thresholding approach converges earlier and to a higher final accuracy. (b) Efficacy of thresholding approach
to oversample the foreground pixels. The class distribution of pixels over 8000 randomly selected image
patches is shown. The left boxplots show the distribution of patches sampled without thresholding, the right
boxplots show the class distribution for sampling with thresholding. It can be seen that the thresholding
approach results in oversampling the non-background classes. (c) Analysis of missed pixels in the annotated
dataset due to thresholding. It can be seen that after processing 80.000 image patches (4 epochs for the
uniform approach), 95% of the non-background pixels have been seen at least once. Further experiments
show that after 400.000 image patches (20 epochs for the uniform approach), 99.7% of all non-background
pixels are seen, while 80% of the unique background pixels are seen.
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Supplementary Figure S7: Test mIoU for various hyperparameters for microtrace training on all annotated
images after ImageNet pretraining. Unless stated otherwise, each experiment is trained with batch size
m = 160, weight decay 10−4, base learning rate η = 0.001 · m, 400k image patches, a resolution of 4
µm/pix, a field of view of 1024 µm, magnification bounds ⟨0.5, 2⟩ and aspect ratio bounds ⟨3/4, 4/3⟩. (a)
Weight decay. (b) Batch size. (c) Image resolution. The annotation masks have a fixed resolution of 4
µm/pix. The upsampling factor of the transpose convolutional layers was adjusted accordingly. m was set to
10, 40 and 160 from left to right. (d) Training time required to process 400.000 image patches.(e) Bounds
of zoom augmentation. (f) Bounds of aspect ratio augmentation.
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Supplementary Figure S8: Architecture for pixel-wise classification of microtraces with output sizes per
block for an image 256 × 256 pixels. The architecture is similar to the semantic segmentation architecture
used in [28, 30], using a ResNet-50 backbone [32] with dilated convolutions in stage 5 in combination with
a fully convolutional network (FCN) [67] prediction head.
Two convolutional blocks are inserted after the backbone. These blocks each consist of a 3 × 3 convolution
with 256 channels, followed by batch normalization and ReLU activation. After these two blocks, a 1 × 1
convolution transforms the 256 channel feature vectors to classifications. These predictions are 16 times
upsampled via a transpose convolutional layer with kernel size 8 and stride 4.
Furthermore, a skip connection takes the output of the stage 3 block to generate predictions based on the
32×32 feature map via a 1×1 convolutional layer. These predictions are 8 times via a transpose convolutional
layer with kernel size 4 and stride 2 and summed together with the predictions that were made on the 16×16
feature map. Removing the skip connection was found to result in a decrease of 0.075 ± 0.03 IoU for the
segmentation of fibres while having a similar performance for other classes.
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Supplementary Figure S9: Self-supervised pretraining architecture with output sizes per block for an
image of 256 × 256 pixels. The architecture follows Byol [28]. The feature extractors are composed of
the convolutional layers of a ResNet-50-v1 [32], where the 3 × 3 convolutions of stage 6 use dilation 2 and
stride 1. The projector and predictor are MLPs consisting of a hidden layer of size 4096 followed by batch
normalisation, ReLU activation and a final layer of output size 256.
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Supplementary Figure S10: Convergence of microtrace training for various learning rates and training
lengths. No learning rate scheduling is used in these experiments. A randomly selected single set of 0.3 dm2

of tapes was selected for the plots in the right column. The overall test mIoU is shown with dots, the vertical
lines present the minimum and maximum mIoU over a 10-fold in the test set. It can be seen that choosing
η = 0.016 is a suitable learning rate for each of the experiments. Furthermore, it can be seen that the models
trained from scratch take longer to converge. These models take approximately 2 million data points ( 2.5h
on our hardware), while the SSL and ImageNet pretrained models converge in approximately 400.000 data
points ( 30 minutes on our hardware). The convergence of models with combined SSL+ImageNet pretraining
is assumed to be similar to (c-f), thus converging in 400.000 data points for a learning rate of η = 0.16.
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Supplementary Figure S11: Trace recognition mIoU with respect to the number of data points used in
SSL pretraining. Each violin presents a separate experiment where the learning rate η and moving average
parameter τ are scheduled as described in IV.C with the corresponding number of optimisation steps K.
Here, K is calculated as the number of image pairs used in pretraining divided by the batch size m = 80.
On the top axis, the approximate duration of training on our hardware is given per experiment.
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Supplementary Figure S12: Thresholding the pixel intensity to segment foreground. The microtrace scans
are mean-downsampled to a resolution of 32 µm/pixel and the grayscale value per pixel I(p) is taken. (a)
A threshold is determined with the triangle method [82] based on the histogram of I(p) over 100 randomly
selected scans from the unannotated dataset. A line is drawn from the index 0 to the peak. Then, the
threshold T is determined by maximising the distance between the line and the histogram, resulting in a
threshold of T = 166. With this threshold, 94% of the image area of the selected scans is estimated as
background: Pbg = {p | I(p) > T}. (b) Analysis of the found threshold with the pixel labels in our annotated
dataset. Histograms of I(p) per pixel classification are shown, excluding the test data. The grey-marked
area exceeds the threshold of T = 166 and is assumed to represent background area with the thresholding
operation. It can be seen that although most trace pixels are segmented as foreground correctly, a part of
the trace pixels is incorrectly labelled as background. The effect of this is discussed in Subsection II.D.
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Supplementary Figure S13: Details of extracting rotated crops from microtrace scans. At a selected
coordinate p, either one image is extracted for microtrace training or a pair of images is extracted for SSL
pretraining. For a given base patch size t × t, magnification M , rotation α ∈ [−π, π], aspect ratio AR and
translation d⃗, the crop is fully determined. With the magnification, the area is determined as t2

M2 = hw. With
the aspect ratio AR= h/w, the patch extraction height h and width w are determined as h = t

M

√
AR, w =

t
M

√
1

AR . For example for an aspect ratio of 4 and a magnification of 2x (+100%), this results in h = t and
w = t/4. For a rotation α, first a larger image area is extracted of height h |sin α| + w |cos α| and width
w |sin α| + h |cos α|. Then, the rotated crop is made with the affine transformation matrix that maps the
points A, B, C to the points (0, 0), (t, 0), (0, t) of the final image patch. Here, nearest neighbour interpolation
is used [7]. For α < 0, the Figure can be adjusted accordingly.
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Supplementary Figure S14: Predictions for the unannotated dataset. (a) Predictions for fully random
crops in the unannotated dataset. Here, the location of the crops was selected via uniform sampling. (b)
Predictions for randomly selected foreground crops in the unannotated dataset. These crops were extracted
with the thresholding approach discussed in Subsection IV.D.
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Supplementary Figure S15: Test scan with annotations. The scan is subdivided into a uniform grid. The
model takes a 1280 × 1280 µm image patch as input to make predictions for a patch of 1024 × 1024 µm
and discards the predictions made for the outer pixels. (a) Overview of scan. (b) Zoomed-in view showing
the image patches of 1280 × 1280 µm. (c) Overview of corresponding expert annotation. In this figure, the
annotations have been thickened to improve visibility. (d) Zoomed-in view of annotations including the grid
of 1024 × 1024 µm patches.
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Supplementary Figure S16: Subdivision of annotated training scans into equally sized regions. Only image
patches with centre points inside the blue marked regions are processed during training. The margin between
the blue regions prevents the FOV of the patches from overlapping.
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Supplementary Table S1: Overview of all hyperparameters. The values are discussed and motivated in
Section IV.

Hyperparameter Value

Trace training (see Subsection IV.A)
Batch size m 160
Weight decay 1 · 10−4

SGD momentum 0.9
Base learning rate 0.016
Learning rate scheduling ×0.1 at 70th and 90th percentile
Data point steps 400k (pretrained) / 2 million (scratch)
Patch size 256 × 256 pixels
Image resolution 4 µm/pixel
Pixel intensity threshold of foreground T 166
Pre-processing and augmentation see Table S2

ImageNet pretraining (see Subsection IV.B, [53])
Batch size m 32
Weight decay 1 · 10−4

SGD momentum 0.9
Base learning rate 0.1
Learning rate scheduling ×0.1 at 33rd and 66th percentile
Data point steps 115 million

Self-supervised pretraining (see Subsection IV.C)
Batch size m 80
Weight decay 1.5 · 10−6

SGD momentum 0.9
Base learning rate 0.125
Learning rate scheduling linear warm-up & cosine decay
Data point steps 40 million
Base moving average parameter τ0 0.99992
Moving average parameter scheduling τk = 1 − (1 − τ0) (cos (πk/K) + 1) /2
Patch size 256 × 256 pixels
Image resolution 4 µm/pixel
Pixel intensity threshold of foreground T 166
Pre-processing and augmentation see Table S2

Master of Science Thesis G.M. Rijpkema



50 Supplementary Materials

Supplementary Table S2: Image transformations and augmentations. The non-cursive operations regard
data augmentations, the cursive operations regard pre-processing. The operations take place in the stated
order. U(x) denotes a uniform random variable between −x, x. F (x) denotes a random variable enforcing
multiplicative symmetry with output 1+ |u| for u ≥ 0 and 1/(1+ |u|) for u < 0 where u ∼ U(−x, x). During
SSL pretraining, one of the images of each pair is augmented with set 1, the other with set 2. The grey cells
in the right column have equal values to the corresponding cells in the middle column. With the exception of
the viewpoint crop, all augmentations and the corresponding parameters are equal to the ones proposed in
[28]. During microtrace training, no translation is used. The foreground pixels at which the image patches
are centred, are sampled without replacement. This prevents two image patches being located at the same
location, thus making translation augmentation redundant.

Operation SSL set 1 SSL set 2 Microtrace training

Viewpoint crop
Horizontal translation U (dm) U (dm) 0
Vertical translation U (dm) U (dm) 0
Magnification F (zf ) F (zf ) F (1.0)
Aspect ratio F (1/3) F (1/3) F (1/3)
Rotation angle U(π) U(π) U(π)

Resize to t × t pixels (linear interpolation)

Horizontal flip
Application probability 0.5 0.5 0.5

Vertical flip
Application probability 0.5 0.5 0.5

Colour jitter
Application probability 0.8 0.8 0.8
Brightness adjustment 1 + U(0.4) 1 + U(0.4) 1 + U(0.4)
Contrast adjustment 1 + U(0.4) 1 + U(0.4) 1 + U(0.4)
Saturation adjustment 1 + U(0.2) 1 + U(0.2) 1 + U(0.2)
Hue adjustment 1 + U(0.1) 1 + U(0.1) 1 + U(0.1)

Colour dropping
Application probability 0.2 0.2 0.2

Gaussian blurring
Application probability 1.0 0.1 0.5
Kernel size 23 × 23 23 × 23 23 × 23
Standard deviation 1.05 + U(0.95) 1.05 + U(0.95) 1.05 + U(0.95)

Solarization
Application probability 0.0 0.2 0.0

Normalisation by subtracting µ = 0.70 and dividing by σ = 0.05
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Supplementary Table S3: Initialisation of networks. For the pretrained models, the transferred parameters
include all trainable parameters, including batch normalisation statistics. The descriptions of the network
blocks are given in Supplementary Figure S8 and S9.

Block Initialisation

Microtrace training
ResNet-50 SSL Pretrained / Random [31] / imagenet1k_v1 [17]
Stage 6 − 7 Random [31]
1 × 1 convolutions Random [31]
Transpose convolutions Bilinear upsamplers [67]

SSL Pretraining
Online ResNet-50 Random [31] / imagenet1k_v1 [17]
Online Projector MLP Random [31]
Online Predictor MLP Random [31]
Target ResNet-50 Copy of online ResNet-50 weights
Target Projector MLP Copy of online projector weights
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Supplementary Table S4: Comparison of class distribution in annotated and unannotated dataset. For the
unannotated dataset, the predictions of the model presented in Subsection II.A are taken.

Relative label occurrence (‰)

Class Annotated dataset Unannotated dataset
(expert labels) (model predictions)

Fibres 4.4 3.2
Skin 6.0 2.1
Hair 0.38 1.3
Glass 0.18 1.3
Sand 0.08 0.54
Background 988.9 991.7
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Chapter 4

Conclusion

Forensic microtraces, such as textile fibres, glass particles, hairs, and skin cells, provide
crucial information in criminal investigations. Finding these traces is a time-consuming
process that heavily relies on manual labour. Amongst other methods, experts recover
traces with one-to-one taping. Here, a large number of transparent adhesive tapes is
applied to the surface area of a body or an object. These tapes are subsequently analysed
by experts through manual microscopy. As the traces are scattered across the tapes and
the total taped area can span more than a square meter [18], this yields a labour-intensive
process, causing it to be applied only in few cases. In most cases, trace investigation is
therefore limited to selected traces and regions of interest [18, 51] or not applied at all
[56]. On the other hand, the development of automated microscopy, such as [70], allows
tape lift samples to be scanned automatically. This paves the way for the application
of computer vision models to automate the trace-finding process and decrease trace
investigation costs, allowing it to be applied more often and more rigorously.

In this work a deep learning model is proposed for semantic segmentation of forensic
microtraces in microscopy images. This model allows trace classification and localisation
through pixel-wise labelling.

As the development of such a model requires extensive manual labour in labelling train-
ing data, the benefit of pretraining is investigated. Three pretraining configurations are
tested and compared to training from scratch. Firstly, ImageNet pretrained models are
tested. These widely available models that are pretrained through classification of every-
day photographs. Secondly, we test pretraining with self-supervised learning (SSL) on
unannotated microtrace images. Here, the network is trained to extract similar feature
representations for two artificial modifications (augmentations) of an unknown micro-
trace image. Thirdly, we test a combined approach in which we apply SSL-pretraining
on a ImageNet-pretrained model.
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54 Conclusion

The trace recognition ability of the pretrained models is evaluated with the mean Inter-
section over Union (mIoU). Combining ImageNet pretraining with SSL pretraining is
found to result in the highest mIoU. With this pretraining approach, hairs, fibres, skin
and glass are recognised in microscopy images with an mIoU of 0.56 while only being
trained on 2.2 dm2 of annotated tape lift scans. On the other hand, a model trained
from scratch on the same amount of annotated data achieves an mIoU of 0.34. This
can be outperformed with pretraining even if the available amount of annotated data is
reduced four-fold to 0.6 dm2, with which an mIoU of 0.36 is achieved.

As tape lift scans are largely composed of background, an image extraction method that
leverages thresholding is proposed. This allows the foreground to be oversampled, which
results in a 21% increase in mIoU compared to extracting images uniformly from the
scans.

The results of this thesis provide a foundation for future research. Opportunities include
exploring other augmentation strategies, analysis and expansion of the datasets and
possible alternative microscopy imaging modes, alternative neural network architectures,
incorporating instance segmentation to count traces and extending the classification to
a broader range of trace classes and subclasses. Lastly, further research can be done
in advancing the benefit of SSL pretraining through dense, segment-level comparison of
image pairs.

Altogether, this work makes four significant contributions. Firstly, a new baseline for
microtrace recognition on tape lift scans is set. Secondly, the benefit of SSL pretrain-
ing for label-efficient learning is investigated. Thirdly, an image extraction method is
proposed to efficiently learn on background-rich microscopy scans. Collectively, these
contributions make a significant step in automating the microtrace finding process. This
advances trace investigation and ultimately contributes to improving our justice system.
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Appendix A

Shading correction

In Figure 2-4a, it was shown that captured frames of automated microscopy scans can
contain a non-uniform illumination that visually degrades the scan. To correct this, a
shading correction filter was designed.

Shading correction methods can be categorised as prospective or retrospective [55].
Prospective methods use separate calibration images, while retrospective methods es-
timate suitable filtering after the images are acquired and no calibration image is avail-
able. The scans used in this thesis project were generated in various imaging settings
over the time-span of a few months. As calibration images for each of the settings were
unavailable, a retrospective filtering method was designed.

The filter starts with estimating the background image Xbg that the camera would have
captured for a frame without objects. Here, the large background ratio of the images is
used (see Table 1 and Figure S12). As objects occupy only a small area of the camera
frames, most frames will primarily consist of background. Assuming that the objects are
located randomly within each frame, each camera pixel at position ix, iy on the sensor
has a much larger probability of seeing background than seeing an object. Thus, when
considering a large number of frames, each pixel at location ix, iy will see the background
Xbg for the majority of the frames. Assuming that each pixel sees background for at
least 50 % of the frames, Xbg can be estimated by taking the median of each pixel at
location ix, iy over a set of sampled frames.

Taking the pixel-wise median is compared to taking the pixel-wise mean in Figure A1.
Here, it can be seen that the median approach requires fewer images to properly estimate
Xbg. The image obtained by taking the mean over 10 camera frames still contains clear
artefacts of traces. However, it should be noted that calculating the median for a large
set of frames draws large memory requirements and can be computationally demanding
[47]. For a set of n frames, the average can be computed by consecutively multiplying
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56 Shading correction

each frame by 1/n and writing the result of the summation of frames up to that frame
into memory. Thus, only two memory locations are required. Calculating the median
on the other hand requires storing and sorting the pixel values of all n frames, resulting
in a computationally expensive operation. Therefore, Figure A1 regards the median of
the median to approximate the full-range median [9, 47] for large n.

Mean of 10 frames Mean of 50 frames Mean of 100 frames Mean of 1000 frames

Median of 11 frames Median of 3 medians of 11 frames Median of 21 frames Median of 9 medians of 31 frames

Supplementary Figure A1: Comparison of estimating background image Xbg for shading
correction via pixel-wise mean and median. The used frames are sampled randomly from a
single scan. It can be seen that for both the mean and median the outline of foreground
objects fade out from the image. Furthermore, the figure shows that the median-based
approach converges faster than the mean-based approach. The converged frames in the right
column show a brighter lightning in the right halves than in the left halves. Furthermore, a
dirt spot can be seen in the bottom-left quarters of the frames.

Xbg is chosen to be estimated by taking the median of 3 medians of 21 frames, requiring
a total of 63 camera frames to estimate the calibration image for each scan. The median
is calculated separately for each colour channel.
Now, Xbg is used to determine a correction factor. In general, an image captured with
transmission microscopy can be approximated linearly as [55, 78]:

Imeas (ix, iy, ic) = Itrue (ix, iy, ic) × S(ix, iy, ic) + D(ix, iy, ic). (1)

Here, Imeas (ix, iy, ic) represents the measured image, while Itrue (ix, iy, ic) represents the
uncorrupted, shading-free counterpart. S(ix, iy, ic), D(ix, iy, ic) equal the flat-field and
dark-field term respectively. Flat-field relates to the variety in illumination across the
image, while dark-field relates to camera offset and thermal noise [55].
A shading-free image without objects consists of a single, homogeneous, background
colour Cbg(ic). This forms Itrue(ix, iy, ic) = Cbg(ic). As described earlier, Imeas = Xbg
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is used to estimate the measured image for recording a frame without objects. We now
neglect the dark-field term D, which allows S(ix, iy, ic) to be calculated from:

S(ix, iy, ic) = Xbg(ix, iy, ic)
Itrue(ix, iy, ic)

= Xbg(ix, iy, ic)
Cbg(ic)

. (2)

Where the colour Cbg is chosen as RGB(179,179,179). This is based on the average
pixel intensity that was encountered in 10 randomly selected scans, although it can be
adjusted based on brightness preferences. After calculating S(ix, iy, ic) for each channel
of each camera frame pixel, images can be corrected as:

Xcorr(ix, iy, ic) = Xorg(ix, iy, ic)
S(ix, iy, ic)

. (3)

Here, Xorg is the uncorrected image and Xcorr the corrected counterpart. An example
of a corrected scan is given in Figure 2-4b. It can be seen that the designed filter is able
to homogenise the background and remove the shading pattern of the individual camera
frames.

A dark spot can be distinguished in the estimated Xbg shown in Figure A2a. This was
caused by dirt on one of the lenses. According to the law of Beer-Lambert (2-1), the
absorbtion of light by the dirt particle results in a multiplicative effect on measured
illumination. This yields (1) and thereby (3) valid, as D(ix, iy, ic) was neglected. As a
result, the filter is able to remove the appearance of the dirt particle from the camera
frames. This is shown in Figure A2d.

For applications in which the dark-field term can not be neglected, alternative approaches
might be suitable [55, 78]. However, the increased complexity of these approaches can
bear additional computational requirements.
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58 Shading correction

(a) Estimated calibration image Xbg (b) Desired background colour Cbg

(c) Input camera frame Xorg (d) Corrected camera frame Xcorr

Supplementary Figure A2: Correction of a randomly selected single camera frame. It can
be seen that the uncorrected image (c) has a darker illumination on the left side than on
the right side, while the corrected image (d) has an even illumination. Moreover, the dirt
spot on the camera that can clearly be seen in (a) is filtered out in the corrected version.
See also Figure 2-4 for a visualisation of the whole tape lift scan.
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Glossary

List of Acronyms

WSI whole slide imaging
NFI Netherlands Forensic Institute
SGD Stochastic Gradient Descent
IoU Intersection over Union
MLP multilayer perceptron
mIoU mean Intersection over Union
SSL self-supervised learning
FOV field of view

List of Symbols

General mathematics
∩ Intersection
∪ Union
∇θ Gradient with respect to θ

p(Y | X) Probability of Y under the condition X

# Count of

Digital image processing
α Rotation angle
h Image region height
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68 Glossary

M Magnification
T Threshold
t Tile size
w Image region width
AR Aspect ratio

Machine learning
ϵ Constant for numerical stability
η Learning rate
Ŷ Model prediction
L Cost function
σ Activation function
τ Exponential moving average parameter
θ, ξ Model weights
f Model architecture
fθ Trained model
K Kernel
k Optimisation step
m Batch size

Microscopy
λ Wavelength
ε Absorption coefficient of material
d Length of light path through sample
I(λ) Light intensity at wavelength λ

I(p) Light intensity of pixel p
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