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1. Introduction
In recent years, deep convolutional neural networks

(CNN) have set the state-of-the-art for semantic segmenta-
tion. The idea of first downsampling (encoding) the input
image with convolutional layers, before upsampling (de-
coding) it to arrive back at the original image resolution was
first proposed in [9] and later in [1]. In the former approach
called FCN, the upsampling layers are learned, while in the
latter called SegNet, upsampling makes use of the pooling
indices obtained during encoding. A different approach was
applied in PixelNet [2] where instead of upsampling, fea-
tures are processed for every pixel individually.

However, the reported results are commonly based on
large public datasets covering images in the indoor/outdoor
or medical domains [7] [11] [5] [3][13] [12] [8] [10] while
the performance of these methods on limited domain spe-
cific datasets remains an open question to both the research
community and practitioners.

In this paper, we present experimental results obtained
using deep semantic segmentation for a domain specific
task. The aim of the task is an accurate localization of cer-
tain bones of the leg part of raw pork meat to automate an
essential aspect of the food processing pipeline. For this
particular dataset it is crucial for the model to incorporate
both very fine-grained and overall positional features and
we argue that for that reason PixelNet [2] is preferable over
the more typical Encoder-Decoder approach. We show Pix-
elNet’s superior performance to the SegNet architecture [1].
We further evaluate the influence of dataset size, data aug-
mentation techniques, and pretraining [6].

2. Dataset
The dataset consists of 1915 photographic images in res-

olution 1024x768 of the leg part of pork meat. The dataset
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is split into 1,852 images for training and 63 images for test-
ing. All images contain 2 labeled objects of interest: a small
bone in the center part (hip bone, blue) and a lengthy larger
bone in the lower part (tail bone, red) (see Figure 1). An
accurate identification of the object boundaries is very chal-
lenging even to the human eye. Manual annotation was per-
formed by experts. Furthermore, this dataset is challenging
from a deep learning perspective, since (1) the relative po-
sition between the 2 objects is fixed (hip bone always above
tail bone), and (2) there are other bones present in the im-
age that have to be classified as background. Therefore, we
need to build a model that is both able to learn very high
level semantic features of the images, and able to create a
very fine-grained segmentation mask around the objects.

3. SegNet and PixelNet

SegNet is a typical representative of the Encoder-
Decoder approach to semantic segmentation which is also
applied in the current state-of-the-art [4]. PixelNet stands
out compared to those approaches as it does not require up-
sampling. Instead, during inference, for every pixel, the
feature value corresponding to it after every convolutional
layer are concatenated to hypercolumns that are then fed
to a series of FC-layers. In this way the final prediction is
more directly based on the early layers of the CNN (includ-
ing the input), rather than on the learned statistics of the
images when using the decoding approach. This allows for
a more fine-grained prediction around the edges which is
highly desired for our given dataset.

4. Experiments

We train both the SegNet and PixelNet architectures with
the VGG16 architecture and investigate the effects of pre-
training, data augmentation and amount of training data. To
investigate the latter we employ a subset of the training set
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(a) Input image (b) Ground truth labels (c) SegNet output (d) PixelNet output

Figure 1: Exemplary qualitative experimental results for SegNet and PixelNet (best viewed in color and high resolution).

Experimental setup Train Test
Model Pre- Aug- # train mIoU mIoU

trained mented images in % in %
SegNet - - 756 82.2 55.5
SegNet Y - 756 78.6 69.6
SegNet Y Y 756 76.6 71.2
SegNet Y Y 1,852 72.5 73.4

PixelNet - - 756 82.8 49.8
PixelNet Y - 756 84.6 70.3
PixelNet Y - 1,852 76.3 73.1
PixelNet Y Y 756 78.4 71.6
PixelNet Y Y 1,852 80.2 80.2

Table 1: mIoU results obtained with different experimental
configurations.

containing 756 images. When indicated we apply on-the-
fly data augmentation employing color, brightness, contrast
and sharpness changes as well as rotation up to 15 degrees
(flipping the image by 90 degrees was found to decrease
performance which is expected as it compromises the rel-
ative positions between the two objects). All images are
normalized and cropped to a resolution of 512x512 due to
memory constraints. For pretrained models the convolu-
tional layers are initialized with weights obtained by train-
ing on PASCAL VOC [7] for which the convolutional layers
were in turn pretrained on ImageNet as it is common prac-
tice. We evaluate the models using the mean Intersection
over Union (mIoU) of the two target classes. All models
are trained for up to 50 epochs until the IoU on the valida-
tion set (random subset of test set) is saturated.

4.1. Results and Discussion

Comparing Figure 1(c) with 1(d), it can be seen that
PixelNet provides a more fine-grained segmentation mask.
Furthermore, Table 1 shows consistently larger mIoU val-
ues for the Pixelnet models over the SegNet ones. Pretrain-

ing on PASCAL VOC has a significant effect on the perfor-
mance of the models resulting in a jump of 14% and 20% in
mIoU for SegNet and PixelNet respectively, which is some-
what surprising considering the immense differences in do-
main between PASCAL VOC and the given dataset. Dou-
bling the amount of training data only slightly increases the
performance for SegNet, but has a very severe effect on
the performance of PixelNet. Additionally, in the case of
no pretraining and less data, PixelNet overfits greatly while
train and test accuracy are aligned in the case of pretrain-
ing and data augmentation on the large dataset. This again
showcases the expressive power of the PixelNet model.

5. Conclusion and Future work

In this work we have successfully applied deep learning
for semantic segmentation to a challenging industry appli-
cation in the domain of food processing. We compared the
SegNet and PixelNet architectures and showcased the ben-
efits of PixelNet for a dataset that requires both very fine-
grained and high level features to arrive at good predictions.
We further showed the importance of pretraining for an ex-
tremely domain specific dataset.

In future work we are planning to additionally compare
the performance on this dataset with more recent segmenta-
tion methods, particularly DeepLab-v3 [4]. Another aspect
will be the deployment of the models to edge devices such
as FPGA or mobile GPU to allow for real-time, low cost
processing in which case the computational constraints also
need to taken into account when choosing an appropriate
architecture.
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