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Abstract

Outdoor scene parsing models are often trained on ideal
datasets and produce quality results. However, this leads to
a discrepancy when applied to the real world. The quality of
scene parsing, particularly sky classification, decreases in
night time images, images involving varying weather con-
ditions, and scene changes due to seasonal weather. This
project focuses on approaching these challenges by using
a state-of-the-art model in conjunction with a non-ideal
dataset. We focus specifically on sky segmentation, the ac-
tion of determining sky and not-sky pixels, and improving
upon an existing state-of-the-art model: RefineNet. As a re-
sult of our efforts, we have seen an improvement of 10-15%
from the average MCR compared to the prior methods. We
have also improved from an off-the shelf-model in terms of
average mlOU by nearly 35%.

1. Introduction

Inspired by Mihail et al. [7] paper that compared exist-
ing sky segmentation methods, and sought to bring atten-
tion to the problem of ideal datasets, we focused upon ap-
proaching the challenges they mentioned through existing
models. The challenges of outdoor scene parsing lie in the
time of day, year, and the varying weather conditions. Their
Skyfinder dataset allowed us to pursue these challenges in
order to obtain improved results.

Sky segmentation is a part of the scene parsing world, in
which algorithms seek to label or identify objects in images.
However, due to being trained on ideal datasets, these algo-
rithms face difficulty in non-ideal conditions [7]. As deep
learning methods might become more involved in real world
applications, it becomes apparent that off-the-shelf methods
are not always effective and reliability comes into question.
This work highlights the importance of this problem. We
offer an improved model that will aid in challenging sky
segmentation in the real world.
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2. Related Work

Current applications of sky segmentation range from per-
sonal to public use and more. Often times they are used in
scene parsing [2| [10]. Other applications include weather
classification [6], image editing [3| 9], weather estimation
[11} 8], and more.

The history of scene parsing has evolved from its begin-
nings as convolutional networks. From convolutional net-
works spawned fully convolutional networks which moved
away from pixel level algorithms and into whole-image-at-
a-time methods [3]]. Afterward, the introduction of skip lay-
ers led to deep residual learning [1]]. Residual nets became
the backbone to models such as Refinenet [4], RefineNext,
and more. Other scene parsing algorithms such as PSPNet
[12] have also come into the field returning to the idea of a
fully convolutional network.

3. Approach
3.1. Dataset

The Skyfinder dataset is a subset of the Archive of Many
Outdoor Scenes (AMOS) dataset. Due to the full Skyfinder
dataset not being available, we used 45 of the 53 cameras
shared. This entailed 60-70,000 images, with an average of
1500 images per camera. These images were of varying di-
mensions, quality, time of day, season, and weather. How-
ever, some cameras contained images which indicated the
camera was experiencing technical difficulties or repairs.
These few images were removed to focus on the challenges
we wished to address. We then changed the sizes of the im-
ages to introduce a form of uniformity and make test eval-
uation faster by resizing them to be within the ranges of
320x480.

A singular segmentation map was associated with each
camera. This is due to each camera being stationary for at
least a year in order to be included within in the dataset. We
then duplicated the ground truth for each original image,
and changed the names of the copies to match the file name
of each original image in order to use RefineNet.



Method S1-MCR | S1-mIOU | S2-MCR | S2-mIOU | ave-MCR | ave-mIOU
Hoiem et al. 21.28% - 20.68% - 20.98% -

Lu et al. 25.38% - 21.67% - 23.52% -
Tighe et al. 17.48% - 20.33% - 18.91% -
(RefineNet-Res101) Cityscapes | 17.12% 49.31% 18% 46.31% 17.56% 47.81%
(RefineNet-Res101) Finetuned 5.17% 79.48% 7.48% 72.18% 6.33% 75.83%
(RefineNet-Res101) ImageNet 5.08 % 87.07% 7 % 73.84% 6.04% 80.46 %

Table 1. Results from the testing splits

3.2. Refinenet

The model we used, Refinenet, was created by Lin et
al. [4]. This model seeks to to retain detail throughout the
reconstruction of the image and its segmented output unlike
its predecessor and backbone, ResNet.

3.3. Trained on Cityscapes

In order to establish a baseline in Refinenet, we used
Refinenet’s Res101 model that was trained on Cityscapes,
a dataset of European cities for scene segmentation. The
Cityscapes dataset is of course ideal, and as a result does
well in ideal conditions in the Skyfinder dataset. After set-
ting up the model and using it on a singular Titan X GPU,
we ran each of the 45 cameras through the model and eval-
uated solely on their sky classification ability.

3.4. Finetuning

To obtain proof of concept prior to running the entire
dataset we focused on a smaller subset of the dataset. We
took 10 random cameras and broke it into a train-val-test
split. From each camera we took 75 files for training, 25
files for validation, and between 175-300 images for testing
and evaluation.

Following the success of running the model on the sub-
set, we finetuned on the model trained on Cityscapes by ini-
tializing from it and using Refinenet’s code along with a dif-
ferent train-val-test split than our proof of concept version
and the one incompletely referred to in Mihail et al. [7] as
it was not clarified which were used. The split consisted of
13 cameras used for testing, 4 cameras used for validation,
and the remaining cameras used for training. We then shuf-
fled the cameras in each section but kept the same number
of cameras for each training, validation, and testing set, and
repeated the aforementioned finetuning process. We used a
learning rate of Se-5 for each instance and ran the testing
section of the dataset on the model for 10 epochs.

3.5. Training with Skyfinder

Finally, we used ImageNet’s pre-trained resnet with 101
layers to initialize from, but trained the model on solely the
Skyfinder dataset. We used the same exact same two train-
val-test splits as mentioned above (to allow for proper com-

parison) and trained at a learning rate of 5e-4 for over 10
epochs. Due to the flattening of the learning curve, we used
the model at epoch 10 for testing in both instances.

4. Evaluation

To evaluate the accuracy of our results we used both the
misclassification rate (MCR) defined in Mihail et al. [[7],
and the mean intersection over union (mIOU). The use of
both of these allowed for the ability to compare our results
to the results found in Mihail et al. [7]], which focused pri-
marily on MCR results, and determine the overlapping ac-
curacy of the segmentation outputs.
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5. Results

For reference, in saying Cityscapes we mean the model
trained on Cityscapes.

The results shown in Table 1 show the results between
the cameras used in testing in first and second splits of data,
the average between them, the average of the same cameras’
results from Mihail et al. and their overall average. Hoiem
etal.,Lu et al., or Tighe et al. in Mihail et al.’s data do not
report their mIOU.

Orig. Gt. Finetune

Cityscapes ImageNet

Table 2. Improvement in night time images

For visual examples, the figures are pulled from a few of
the first test set of cameras and do not include visual results



Orig. Gt. Cityscapes Finetune ImageNet

Table 3. Improvement in weather obscured images

from Hoiem et al., Lu et al., or Tighe et al. In Cityscapes,
the images have been made binary to focus on the sky seg-
mentation. Red is sky, black is everything else. Similarly in
the other results the red marks the sky and black the ground.
While Mihail ef al. did create their own ensemble using the
combination of the three methods, their results were unre-
ported for individual images.

6. Discussion

We should first direct our focus to the original results of
Refinenet’s res101 model trained on Cityscapes in Table 1.
Both results incorporate the pretrained model’s incapabil-
ity to properly access non-ideal images, particularly night
images as addressed earlier. Upon finetuning on the model
using the Skyfinder dataset, we note a drastic improvement
in the mIOU and just over 10% decrease in the MCR. This is
clearly as a result of including the non-ideal images. Upon
training it on the dataset but initializing from ImageNet, we
see a less drastic improvement in one split, but improvement
nonetheless.

Despite the averages in Table 1, focusing on a singu-
lar camera we can see a vast improvement. Camera 858,
consists of 200 images, and was not seen by the finetuned
or ImageNet initialized model during training. The mIOU
from the model trained on Cityscapes was 69.21%, and had
an MCR of 18.16%. However, after finetuning the model,
the mIOU and MCR results respectively quickly jumped up
to 91.41% and 4.69%. Finally, after training on only 28
cameras of the data (again, not including camera 858) and
initializing from ImageNet, the results improved slightly.
The mIOU increased to 95.76% and the MCR dropped a
little more to 2.30%. Other cameras show similar rates of
improvement. There are some cameras however that prove
difficult to segment for all methods and show a smaller rate
of improvement.

The importance of these results lies in the ability to use
these in real-world applications. Using the original pre-
trained model would result in poor quality segmentation
outside of the ideal circumstances. Off-the-shelf methods
must be modified in order to be used most effectively in the
real world.

Understanding the impacts of these results, we can
now incorporate the results from Mihail et al’s findings.
While their own model’s results which reported an MCR of
12.96% across their own testing split, we cannot report on
the MCR of images consisting of our testing split. In spite
of this, we can still further prove the idea that existing mod-
els are still effective—so long as they have been modified to
suit the task’s needs.

7. Future Work

Following this work, we intend to look at other scene
parsing models to evaluate their off-the-shelf methods, fine-
tune on them, and possibly train it on the Skyfinder dataset
in order to compare the results to the above. We also plan
to develop our own end-to-end sky segmentation model to
also use for comparison. To possibly improve general re-
sults, cleaning of the dataset may need to occur, such as
removing timestamps.

Future plans also include developing applications for
these findings, such as in weather classification and weather
forecasting. We intend to also find use for the weather meta-
data associated with Skyfinder images alongside these seg-
mentations.
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