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A B S T R A C T

Background and objective: Fully convolutional neural networks have been shown to perform well for automated
skin lesion segmentation on digital dermatoscopic images. Our concept is that transferring encoder weights from
a network trained on a classification task on images of the same domain may contain useful information for
segmentation.
Methods: We trained a fully convolutional network where ResNet34 layers are reused as encoding layers of a U-
Net style architecture. We entered the encoding layers i) with He uniform (“random”) initialization, ii) pre-
trained ImageNet weights, or iii) after fine-tuning ResNet34 for skin lesion classification. After transferring the
layers to the fully convolutional network architecture we trained for a binary segmentation task using official
ISIC 2017 challenge data.
Results: Pretraining of ResNet34-layers with either ImageNet or fine-tuning for skin lesion classification
achieved a higher Jaccard than random initialization (0.763 and 0.768 vs 0.740) on the ISIC 2017 test-set. This
improved performance warrants further exploration on how to implement cross-task learning for skin lesion
segmentation. In additional experiments we found that post-processing with fully connected conditional random
fields consistently decreased Jaccard on ISIC 2017 test-set images despite reasonable visual results. Further
exploration of the test-set revealed that conditional random field - post-processing decreased segmentation
performance only if ground truth annotations consisted of simple shapes but increased it if shapes were complex.
Conclusions: Our findings suggest that domain specific pretraining of encoders can be helpful when there are
only few ground truth masks available for segmentation training, but may not be of additional benefit to
ImageNet pretraining given enough segmentation training data. Complexity of ground truth annotations have a
large impact on segmentation metrics and should be taken into account in skin lesion segmentation research.

1. Introduction

Segmentation of skin lesions in dermatoscopic images has been used
as a preprocessing step for feature extraction and automated diagnosis
[1,2]. While image processing techniques such as edge detection or
Otsu thresholding were used in the past (see comprehensive review of
techniques in Ref. [3]), current implementations take advantage of
neural network based approaches (see below) or more advanced de-
formable models [4]. Since the first convolutional layer of convolu-
tional neural networks commonly detects basic shapes and colors [5],
deep learning based segmentation may use similar pathways to detect a
lesion, without the overhead of explicitly coding filters and selecting
them for a task at hand. The implementation of convolutional neural
networks as end-to-end solutions made the use of segmentation less
important, if not even unnecessary [6–10]. There is, however, an

increasing interest in the scientific community for automated segmen-
tation of skin lesions, either as a generic segmentation task or as way to
improve classification [11].While there has been some focus on neural
network based skin lesion segmentation specifically, most current
methods based on deep learning are equally applicable for other seg-
mentation tasks and originate from other fields of research.

Implementations of fully convolutional networks using decoders
with transposed convolutions made segmentation problems applicable
for end-to-end learning in deep neural networks [12]. The U-Net ar-
chitecture, which was implemented for cell nucleus segmentation and
re-uses encoder feature maps on different scales in the decoder section,
is commonly used for this purpose [13] because it provides fine-grained
segmentation results. More recent advances include the approach by
Codella et al. [14], who used an implementation with Dense Blocks for
segmenting skin area on clinical images. Iglovikov et al. described a U-
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Net implementation re-using layers of a ResNet34-network pretrained
on ImageNet data (LinkNet34), an approach winning several segmen-
tation challenges [15,16].Other researchers proposed conditional
random fields (CRF) to enhance segmentation results. Gaussian edge
potentials were used efficiently for segmentation post-processing [17],
and recently CRFs were used successfully in the realm of medicine as
part of a neural network architecture for the segmentation of histo-
pathologic images [18].Even with current architectures, however,
segmentation masks often still may not look satisfactory with dis-
connected areas and holes. Mirikharaji and Hamarneh [19] im-
plemented a star shape prior into the loss function specifically for skin
lesion segmentation to enhance segmentation results on those pro-
blems, and showed promising results on ISIC 2016 challenge images.

In the present study we will combine and expand current segmen-
tation techniques in the following ways:

• Use a classification task for pretraining weights of FCN encoders,
with the intuition that the weights will be useful for segmentation of
skin lesions

• Expansion of the LinkNet34 architecture to re-use larger ResNet152
layers, which we correspondingly term LinkNet152

• Post-process skin lesion segmentation masks with CRF

2. Materials and methods

2.1. Datasets

2.1.1. Classification
To initialize encoder weights of the segmentation network by pre-

training on a classification task, we used the images and labels from the
10015 images, which are part of the HAM10000 dataset [20] that in-
tegrates the seven most common and important pigmented skin lesion
classes. A randomly shuffled split (stratified for diagnoses) of 20% was
used for validation during training, without any further hold-out test-
set. Classification training was performed using a crossentropy loss.
Since the HAM10000 data is highly imbalanced, with nevi representing
more than 50% of the cases, the training process would be prone to
over-fit to predicting the nevus class. We therefore weighted the loss
function with the inverse class-frequencies in the dataset scaled by the
number of available label classes.

2.1.2. Segmentation
To allow comparison of the proposed method to previous work

(Table 1), we chose the official ISIC 2017 challenge data for segmen-
tation-training [21]. For enhancing performance in the newer ISIC 2018
challenge benchmark we collected all lesion segmentation data avail-
able to us at the time of conducting experiments:

• All publicly available segmentations of the ISIC-archive available
either through their Web-API1 or previous and current challenges
[21] (Fig. 1 left and middle). For simplicity, the first listed seg-
mentation was taken for every image regardless of the experience of
the annotator. We removed any images also present in the test- and
validation sets of the ISIC segmentation challenges.

• Manual segmentations of 1200 images of author PT for the
HAM10000 dataset made by manual line-tracings (Fig. 1 right).

• Publicly available segmentations of the PH2-dataset [22].

For experiments using all datasets combined, we used a randomly
shuffled split of 20% of the ISIC 2018 training data for validation
during training, leaving a total of 13355 segmentation masks for
training purposes. For experiments using ISIC 2017 data (Table 1) we

trained on the official training set ( =n 2000), used the official valida-
tion set ( =n 150) for validation, and performed final evaluation on the
official test-set ( =n 600).

2.2. Network architectures

LinkNet [23] reuses encoder blocks of known networks in a U-Net
architecture and enables implementation of different CNN architectures
like ResNet34 [15] or WideResNet [16]. Our concept was to pre-train
these CNNs (see Fig. 2 left) on a classification task and then transfer
corresponding layers as encoders into the LinkNet model (red Blocks in
Fig. 2 right). We trained on the UNet16 and LinkNet34 architectures
[15], which re-use layers from VGG16 and ResNet34, respectively. To
expand the idea of the modular LinkNet architecture, we further re-used
encoder blocks originating from a ResNet152 architecture, and corre-
spondingly referred to the resulting network as LinkNet152. Training
was implemented within the PyTorch framework, with CNN network
architectures and ImageNet weights taken from torchvision,2 where
“random” weights refer to He uniform initialization [24].

2.3. Training implementation

All training and inference runs were performed on a custom Ubuntu

Table 1
Segmentation performance on the ISIC 2017 test-set, with training on ISIC
2017 training data only. For comparison, we report baseline comparison of a
basic UNet architecture and previous literature on the same dataset.

Network Encoder Weights Dice Jaccard Jaccard-TS

UNet16 Random 0.798 0.698 0.562
ImageNet 0.807 0.716 0.603
HAM10000 0.808 0.718 0.599

LinkNet34 Random 0.829 0.740 0.643
ImageNet 0.847 0.763 0.677
HAM10000 0.851 0.768 0.686

LinkNet152 Random 0.825 0.735 0.630
ImageNet 0.850 0.767 0.689
HAM10000 0.853 0.770 0.685

UNet [13] Random 0.778 0.683 0.561

II-FCN [28] 0.794 0.699
Auto-ED [29] 0.824 0.738
LIN [30] 0.839 0.753
Navarro et al. [31] 0.854 0.769

Bold values denote the highest achieved metric for a single network archi-
tecture.

Fig. 1. Examples of training images and their corresponding ground-truth
segmentation masks. Cases from the ISIC training sets are either made with
polygons (left) or pixel based features (middle), whereas our own HAM10000
segmentation masks (right) are based on line-tracings.

1 https://isic-archive.com/api/v1.
2 https://pytorch.org/docs/stable/torchvision/models.html.
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workstation with 3 NVIDIA GeForce 1080Ti GPUs and 2 Intel Xeon E5-
2637 CPUs. Average training time of a single model with this setup was
27 min for ISIC 2017 data, and 4 h when combining all datasets. We
resized all available masks and images to 512 × 512 pixels before
training with nearest neighbour (binary masks) or bilinear interpolation
(RGB images) resampling. Common augmentation techniques such as
horizontal and vertical mirroring, as well as random rotation of 90°
were applied during training, but no normalization through mean pixel
subtraction or color constancy [25].

A Jaccard-loss has been shown to be effective in binary skin lesion
segmentation tasks [26] previously. As described by Ref. [15], we
combined binary cross-entropy and the negative logarithm of the Jac-
card index (Equation (1)), which served as loss function during training,
where y is the two-dimensional binary ground truth segmentation mask
and ŷ the sigmoid activations of the pixelwise lesion-probability net-
work output. i denotes a single of n pixels of those masks, and ε is fixed

to e1 15.
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We used AdamW [27] as an optimizer with an initial learning rate
set to e1 4, and a learning rate step-down if validation loss did not
improve for 2 epochs (gamma 0.1, minimum learning rate e1 08).
Training was limited to 50 epochs but stopped early if validation loss
did not improve over more than 4 epochs. In case of encoders with
ImageNet or classification-pretrained weights, the first 6 epochs were
run with the encoder weights frozen and the learning rate fixed to
e1 4.

2.4. Postprocessing

Sigmoid-activated probability maps of lesion-segmentations were
thresholded at a cutoff of 0.5. Resulting binary masks were post-pro-
cessed optionally with fully connected conditional random fields (CRF),
which have been reported beneficial for segmentation tasks in general
[17] and recently for medical image segmentation in particular [18]
(Fig. 3). We reused a previous implementation3 of CRF as post-pro-
cessing step which uses pydensecrf4 as a python wrapper for fully
connected CRFs with Gaussian edge potentials by Krähenbühl et al.
[17]. Applying CRF post-processing increased the average inference
time of a single image from 0.6 to 1 s.

As a last step of post-processing we restricted segmentations to the
largest continuous area if more than one was present, also in experi-
ments in which CRF was not applied.

We report Dice and Jaccard index, as well as a thresholded Jaccard
counting 0 if the resulting intersection over union is < 0.65) as Jaccard-
TS as outcome metrics.

3. Results

3.1. Different weight initialization

Restricting training to ISIC 2017 images and initializing encoders
with ImageNet-weights increased segmentation performance in com-
parison to random initialization of the LinkNet34 architecture (0.763
vs. 0.740), which was further improved through pretraining of encoder
layers on the HAM10000 dataset (0.768, Table 1). Repeating training
runs for other architectures we saw a similar increase of the Jaccard

Fig. 2. Schematic architecture of a ResNet (left/red) and the LinkNet (right/
gray) architecture adapted from Ref. [23]. The ResNet architecture can be
pretrained in its original form for classification, and layers afterwards directly
reused within the LinkNet network as Encoders (Blocks in red). This layer
transfer is generic and can be applied to any ResNet size. (For interpretation of
the references to color in this figure legend, the reader is referred to the Web
version of this article.)

Fig. 3. Alpha overlay of segmentation masks from network output (left) and
after post-processing with CRF (right). The positive segmentation pixels more
closely adapted to the lesion, but the segmentation mask outline became more
jagged.

3 https://github.com/milesial/Pytorch-UNet.
4 https://github.com/lucasb-eyer/pydensecrf.
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metric with HAM10000 pretraining, but generally lower values for
UNet16, and not consistently higher values for LinkNet152.

3.2. Combined datasets

Because CNN architectures usually perform better with more
training data, we repeated training of the same architectures with a
more diverse dataset as described in Materials and Methods. The abso-
lute evaluation metrics on the ISIC 2017 test-set were higher than with
ISIC 2017-training data (Table 2). Interestingly, training on a larger
segmentation dataset removed the positive effect of HAM10000 en-
coder pretraining of the LinkNet architectures, in which ImageNet
weights performed better (Jaccard 0.817 vs. 0.813 for LinkNet34 and
0.813 vs. 0.808 for LinkNet152).

3.3. Postprocessing with CRF

Post-processing with CRF consistently decreased performance on
the ISIC 2017 test-set (Table 2). Comparing raw and CRF-processed
segmentation outputs (Fig. 3), CRF provided a more close, but also
more jagged outline.

Because of the visual difference and more desirable close lesion
boundary in combination with the decreased Jaccard in the ISIC 2017
test-set we tried to get more exploratory insight. Previous reports on
ISIC segmentation tasks described differences in annotation techniques
and quality, which, according to our hypothesis, may have had an
impact on CRF improvement. Through manual inspection of annotation
masks we identified two main groups, polygonal shapes (simple) and
those with jagged outlines supposedly marked up via superpixels or
pixel intensities (complex) [21]. In order to distinguish between those
two groups automatically we measured perimeter length of the ground-
truth shape in relation to the perimeter of the shapes’ convex hull,
where polygons have a value of 1 (e.g. Fig. 1 left: 1.04) and complex
shapes >1 (e.g. Fig. 1 middle: 6.54). Resulting values were split at an
arbitrary cutoff of 1.5 for further analyses (black line in Fig. 4). We
found that CRF improvement increased Jaccard only if ground-truth
shapes were complex but decreased if they were simple (Fig. 5).

3.4. ISIC 2018 benchmark

The authors of this manuscript did not have access to the ISIC 2018

segmentation challenge validation- and test-set ground truths during
experiments or at the time of manuscript submission, but authors PT
and HK were part of the organisational team, which precluded official
participation. In order to compare our results with other state-of-the-art
approaches, predictions of this model on the unknown test images for
task 1 of the ISIC2018 challenge were nevertheless submitted (limited
to three entries for the test-set) to obtain performance metrics. Our best
model tied position 1, and our second best position 2 on the final test-
set (Table 3; numbers given as returned by the challenge site5). Though,

Table 2
Segmentation performance on the ISIC 2017 test-set, with training on com-
bined datasets.

Network Encoder Weights CRF Dice Jaccard Jaccard-TS

UNet16 Random ✓ 0.837 0.752 0.646
– 0.840 0.752 0.655

ImageNet ✓ 0.855 0.775 0.682
– 0.872 0.796 0.724

HAM10000 ✓ 0.856 0.776 0.682
– 0.876 0.801 0.729

LinkNet34 Random ✓ 0.842 0.758 0.665
– 0.851 0.768 0.679

ImageNet ✓ 0.875 0.799 0.741
– 0.890 0.817 0.767

HAM10000 ✓ 0.871 0.794 0.738
– 0.886 0.813 0.766

LinkNet152 Random ✓ 0.844 0.762 0.664
– 0.850 0.765 0.674

ImageNet ✓ 0.872 0.796 0.729
– 0.886 0.813 0.759

HAM10000 ✓ 0.868 0.791 0.726
– 0.882 0.808 0.759

Bold values denote the highest achieved metric for a single network archi-
tecture.

Fig. 4. Histogram of segmentation mask complexities within the ISIC 2017 test-
set. Complexity is measured as the relation of mask perimeter length to the
perimeter length of its convex hull. For analyses, a value of 1.5 (black vertical
line) was used to split simple from complex masks.

Fig. 5. Jaccard values on HAM10000 pretrained segmentation networks shown
in Table 2. Connected points denote segmentation mask prediction of the same
image with and without CRF, boxplots their aggregate values. CRF post-
processing decreases performance on simple shapes (p < 0.001 for all), and
increases it on complex ones (p < 0.05 for all). p-values were calculated via
paired Wilcoxon signed rank test.

5 https://challenge.kitware.com/#phase/5b1c193356357d41064da2ec.
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since our submissions used significantly more training data, direct
conclusions about comparability cannot be drawn. Because the test-set
ground truth is not available at the time of submission we could not
perform additional experiments with restricted data.

3.5. Comparison to human annotations

With respect to the high performance of our model we wanted to
know if automated segmentation masks of the best performing network
(Table 3) are distinguishable from human annotations. To answer this,
we compared segmentations of our model with segmentations of der-
matologists with multiple years of experience in dermatoscopy (all
three authors of this manuscript). Therefore, we performed manual
segmentations of 100 lesions via line-tracings (drawing a perimeter line
free-hand without any prior) within the ImageJ software. During an-
notation the authors were blinded with respect to masks of the other
annotators. The two co-authors were blinded to the purpose of the
segmentations at the time of annotation and asked to include the full
lesion with as little normal skin as possible. The lesion images were ran-
domly selected out of a separate dataset of dermatoscopic images ori-
ginating from a MoleMax™ system at the Department of Dermatology at
the Medical University of Vienna. We calculated Jaccard values for
humans using each other human rater as the ground truth and were
able to show that human raters did not achieve significantly higher
values than our model (Table 4).

4. Discussion

A diversity of image processing techniques were used for automated
skin lesion segmentation in earlier years [3], and used as preprocessing
for automated feature extraction [32]. More recent though have shown
superiority of neural networks in that task, especially fully convolu-
tional neural networks [12]. Multiple techniques have been described
to enhance performance, such as introducing priors to the loss function
[19], augmenting training data through other sources [14], or using
dense blocks [33]. Iglovikov et al. [16] successfully improved their
models by reusing ImageNet pretrained weights within the LinkNet
architecture, whereas Li and Ping [18] successfully implemented con-
ditional random fields for segmenting cancer metastases in digital pa-
thologic images. In this study, we show that combining multiple

enhancements, namely gathering a large dataset, pretraining of en-
coders by classification tasks, expansion to the LinkNet152 architecture,
and use of CRFs our model achieves a competitive segmentation per-
formance on the ISIC 2018 test set (Jaccard-TS 0.802 and 0.799).
Without post-processing (see Table 1), our approach performed on par
with a full resolutional convolutional networks (Jaccard of 0.77) [34],
and outperformed a current dense deconvolutional network (Jaccard of
0.765) [33] on ISIC 2017 training- and test-data.

The increased performance in a segmentation task with domain-
near classification pretraining, but lack of a clear effect with more
training data in a larger network, warrants further research. That cross-
task learning could be beneficial in general is in line with more recent
reports on building damage assessment [35]. Although the integration
of classification and segmentation is reminiscent of Mask-RCNN [36],
segmentation and classification labels may not always be available for
the same images. A previous report tackled this problem with the im-
plementation of Mask-X-RCNN [37], which allowed for different types
of annotations in training data, but corresponding class labels and
segmentations should be present for at least a subset of images. Our
proposed method is feasible for different datasets, and may be easier to
implement as a type of pretraining for any kind of fully convolutional
networks.

Given the results of highly differing segmentation accuracy in
complex vs. simple shapes with CRF, we suspect that published per-
formance metrics of networks depend on ground-truth annotation
methods. This is especially interesting since many high-performing
entries of the ISIC 2018 lesion segmentation challenge used CRFs [38].
Future work in the realm of skin lesion segmentation, especially using
the ISIC challenge as benchmarks, will need to take this into account.
The current results are only a snapshot of current Fully Connected
CRFs. In a follow-up work we want to evaluate how CRFs integrated
into a network architecture [18,39] behave for the task of skin lesion
segmentation. It will also be interesting to explore if addition of ad-
versarial learning improves medical image segmentation [40] and has
an additional impact on performance metrics.

4.1. Limitations

This work, like most neural network - based dermatoscopic seg-
mentation studies, suffers from the restriction of available ground truth
data to a limited number of pigmented diagnoses: nevi, melanomas and
seborrheic keratoses. Therefore, results of this study can only show
performance on lesions that are generally of brown to black color, and
have a limited set of patterns. Also, currently available data largely
consists of single lesions centered in an image where boundaries are
more or less clearly visible. More challenging classes such a non-pig-
mented tumors, solar lentigines or actinic keratoses surrounded by
sundamaged skin are not part of the current sets and should be re-
searched on in future work to estimate generalisability of FCNs for skin
lesion segmentation. Notably, previous work has shown good results of
image processing in BCCs in propietary datasets [41]. Since there is a
critical number of BCCs available within the public HAM10000 dataset,
future studies may gain insight how neural network based segmentation
compares to these methods in less pigmented classes.

5. Conclusion

We demonstrated that a combination of multiple enhancements to
bare fully convolutional networks can produce a state-of-the-art seg-
mentation network that is equivalent to human annotations by line-
tracings. Therefore we consider this problem close to being solved - at
least for pigmented skin lesions. We are convinced that future work
should focus on implementation of automated segmentation in the
clinical workflow, rather than incremental improvements on the metric
which most probably will have no value in clinical practice.

Table 3
Jaccard-TS values on the ISIC 2018 segmentation sets with models trained on all
available datasets combined, including the ISIC 2017 test-set. *Trained without
partial unfreezing of encoder layers. **Pretrained encoders frozen for the first 5
epochs.

Network Encoder Weights CRF Validation Test

LinkNet152 ImageNet** – 0.787 –
✓ 0.823 0.799

HAM10000* – 0.795 0.769
✓ 0.820 0.802

Rows in bold were models submitted to the ISIC 2018 challenge.

Table 4
Agreement of segmentation, measured as mean Jaccard over 100 lesion seg-
mentations, between humans and a HAM10000-pretrained LinkNet152 net-
work with CRF post-processing. *denotes a statistical significant difference
between a human reader and LinkNet152, tested via paired Wilcoxon signed
rank test of single lesion segmentations.

Annotator 1 Annotator 2 Annotator 3 LinkNet152

Annotator 1 1 0.932 0.905* 0.921
Annotator 2 0.932* 1 0.917* 0.930
Annotator 3 0.905 0.917 1 0.909
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