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Abstract

Semantic segmentation is a core task in computer vision that allows AI models
to interact and understand their surrounding environment. Similarly to how
humans subconsciously segment scenes, this ability is crucial for scene under-
standing. However, a challenge many semantic learning models face is the lack
of data. Existing video datasets are limited to short, low-resolution videos that
are not representative of real-world examples. Thus, one of our key contribu-
tions is a customized semantic segmentation version of the Walking Tours
Dataset that features hour-long, high-resolution, real-world data from tours
of different cities. Additionally, we evaluate the performance of open-vocabu-
lary, semantic model OpenSeeD on our own custom dataset and discuss future
implications.

Keywords

Semantic Segmentation, Detection, Labeling, OpenSeeD, Open-Vocabulary,
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1. Introduction

Segmentation is a computer vision task that identifies which class each pixel
belongs to. In other words, this entails building a model that can not only clas-
sify an object but also understand its boundaries (i.e. when one object ends and
the other starts). This makes segmentation a difficult task but one essential for
scene understanding. Applications of semantic segmentation include autono-
mous vehicles and medical imaging. For example, in healthcare, this automated
and efficient process can be used for early disease detection. See Figure 1 for an
example. The most common method used is supervised learning with Convolu-
tional Neural Networks (CNN) [1]. Recent work using CNN’s for semantic seg-

mentation achieves impressive results [2] [3]. However, a major challenge with
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this approach is with data, specifically type of data and quantity of data.

e
| | |

Figure 1. Example of semantic segmentation and a
possible application to medical imaging. Different
portions of the lung are segmented for analysis.

Y

1) Type of data. Most imaging datasets include images that are pre-processed
and don’t reflect real-world conditions. For example, the image in Figure 3 is
“cleaned” of any imperfections; however, most real-world data is messy. For ex-
ample, see Figure 2 taken from a video of Tesla’s self driving car. Since most da-
tasets don’t include this type of “uncleaned” data, building a model that can accu-

rately train on real-world data increases the difficulty of the task.

Figure 2. Image data collected by self driving cars. As seen in
the figure, the image includes various backgrounds objects
such as small street lights or blurry background objects.

Figure 3. Example image from the ImageNet dataset. The ambulance is the
center of the image, and extra background details have been removed. These
images are hand-selected for only the “clean” images. Thus, such images are not
reflective of real-world examples and are not the type we analyze our model with.

2) Data annotation. In supervised machine learning problems, models rely on

a ground truth label or the “correct” prediction to calculate the loss and adjust the
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weights accordingly. In the case of semantic segmentation problems, however, the
ground truth requires each pixel to be manually annotated. This process—creat-
ing bounding boxes and instance maps for each image—is tedious and time-con-
suming. As a result, this limitation on the available data hinders model perfor-
mance since more data is proven to increase model accuracy [4]. More im-
portantly, semantic segmentation models require learning from large scale da-
tasets to improve a model’s ability to generalize across a wide range of images.
Because of this, most semantic tasks are trained on a limited, specific dataset and
are not generalizable for other tasks.

Thus, our paper presents work to address the two issues above. Firstly, we pre-
sent an addition to a previous dataset, the Walking Tours Dataset, to alleviate the
first problem of data variation. This dataset contains unfiltered images of a person
walking through different cities. See section III for more information about the
dataset. We also apply a semantic segmentation model called OpenSeeD to the
Walking Tours Dataset to segment the images in the video [5]. The model we use
is called OpenSeeD [5]. The results of this model can be used as the ground truth
labels for future models. Thus, removing the need to manually annotate the labels.

Our research goal is to analyze the effectiveness of OpenSeeD on our novel da-
taset and provide suggestions for future steps with this model and its possible ap-

plications.

2. Method

A) Semantic Segmentation Models

Convolutional Neural Networks (CNNs) [6] have been used in semantic seg-
mentation, achieving good performance. These models generally use traditional
CNN architecture with an encoder and decoder layer. The image is passed into
the models and down-sampled to lower-resolution feature mappings to extract
the most important features. Afterwards, the decoder up samples these feature
representations into a full image for the model to learn where objects are. More
recently, Transformers [7] have been used in semantic segmentation tasks, show-
ing even more promising results. DETR is the first to use a Transformer encoder
and decoder architecture and bipartite matching algorithms [8]. There work
shows comparable performance on object detection tasks with earlier fine tuned
CNN models. Mask2Former applies Transformer on image segmentation tasks
and outperforms the best specialized architecture on four popular datasets [9].
Mask DINO, which improves DETR by using Improved De-noising Anchor
Boxes, significantly outperforms existing specialized segmentation methods [10].
The model we use in this paper is called OpenSeeD, a Transformer based model
that further improves Mask DINO.

B) OpenSeeD

In our work, we analyze the segmentation model OpenSeeD, an open vocabu-
lary segmentation and detection model. An open-vocabulary model is one that

can classify object labels outside of those used in training. For instance, if the
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model only learned the label “toy” in training, it should still be able to classify
objects with the label “toy elephant” [11] outside of training. OpenSeeD is differ-
ent than previous open-vocabulary models [12] [13] because OpenSeeD combines
segmentation and detection. This allows OpenSeeD to achieve better results
against baseline models for panoptic segmentation, instance segmentation, and
semantic segmentation. For our paper, we focus on semantic segmentation.

The model OpenSeeD is unique because it explores the connection between
segmentation and detection. The model is built on the framework of Mask DINO.
Mask DINO extends DINO by adding a mask prediction branch. This supports
segmentation task in addition to existing object detection task. OpenSeeD further
extends Mask DINO by introducing conditioned mask decoding and dividing ob-
ject queries into foreground and background queries. By unifying detection and
segmentation in one learning process, OpenSeeD can leverage more supervision
than other Open-Vocabulary models and achieve better performance on most
open datasets.

During OpenSeeD’s training, 300 latent queries, 9 decoder layers and 100 pan-
optic queries were used. Pre-trained Swin-T/L [14] is used as the visual backbone
and UniCL [15] for the language backbone. It does not use other image-text pairs
or grounding data for pre-training. During pre-training, for segmentation pur-
pose, the mini-batch size is set to 32; for detection purpose, it is later set to 64. The
image resolution is 1024 by 1024 for both segmentation and detection. In fine-
tuning, the image sizes of 512 by 512 from Cityscapes [16] and 640 by 640 from
ADE20k [17] are used. The model is pre-trained with the AdamW [18] optimizer
and a learning rate of 0.0001, decaying at 0.9 and 0.95 fractions of total number
steps by 10. The dataset used in OpenSeeD training are COCO [19] for segmen-

tation annotations and Object365 [20] for detection.

3. Walking Tours Dataset

The Walking Tours Dataset includes 10 videos of a person walking through 10
different cities: Amsterdam, Chiang Mai, Kuala Lampur, Stockholm, Wildlife,
Bangkok, Istanbul, Singapore, Venice, Zurich. These videos are from the YouTube
channel “PopTravel”, a channel that includes a collection of walking tours around
various cities. They are downloaded (with a Creative Commons License) from
previous work that was inspired by Wiles et al [21]. They are captured in 4K res-
olution at 60 frames per second. See Figure 4 and Figure 5 for example images.
One of our contributions is the addition of three tours: Rome, Torun, and Poz-
nan downloaded with 4K resolution [17]. The tour of Poznan is different than
previous tours in Walking Tours because it is filmed at night (the others were
filmed during the day). We chose to add this tour to see if the model could predict
images with different lighting equally well. See Figure 6 for an example Poznan
image. Moreover, even though our other contribution tour Torun is of a city, it is
different than previous city tours because it includes city scenes with almost no

people and many frames where there isn’t a single person. Lastly, the tour of Rome
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includes footage similar to the other tours to validate the results from previous
work. These contributions add to the variety to the dataset as it includes examples
with different lighting and edge cases (city scenes without people) to ensure the

quality of OpenSeeD’s prediction.

Figure 4. Example image of Venice tour from the
walking tours dataset.

Figure 5. Out of the 10 walking tour videos, the
wildlife tour is unique as it includes nature scenery
rather than city life.

Figure 6. One of our contribution videos. This image

is of the Poznan tour filmed at night.

See Table 1 for a detailed description of the Walking Tours Dataset and Table
2 for our contribution videos.

A) Comparison with Other Datasets

Previous datasets such as ADE20K [17] or Pascal [22] differ from Walking
Tours because their datasets lack images with background information. Their im-

ages zoom in on one object while ours is a panorama view of the entire city. An
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example can be seen in Figure 7. Additionally, the average video length for our

Walking Tours Dataset is 1 hour 22 minutes in comparison to the 10-second-long

videos by ImageNet [23]. Our dataset also contains higher-resolution images, al-

lowing the model to predict more specific objects in the image.

Figure 7. Image from the ADE20k dataset.
The only object in the image is the church.

Table 1. Video information for each tour in the walking tours dataset. Frame interval is the
number of frames we skip per video to ensure that every tour has a similar number of
images. The combined total number of frames is 10,728.

Tours Total Frames Frame Interval Total Images
Venice 197,800 150 1319
Bangkok 314,684 300 1049
Singapore 174,011 170 1024
Amsterdam 147,377 140 1053
Wildlife 108,115 100 1082
Chiang Mai 122,257 120 1019
Zurich 116,989 110 1064
Kuala Lampur 131,100 130 1009
Stockholm 119,686 110 1089
Istanbul 122,400 120 1020

Table 2. Video information for each tour in our contribution dataset. The combined total

is 2061.
Tours Total Frames Frame Interval Total Images
Rome 301,487 450 670
Poznan 71,927 100 720
Torun 147,450 220 671
DOI: 10.4236/jcc.2025.131005 64 Journal of Computer and Communications
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In summary, our Walking Tours Dataset and contribution dataset have a few
advantages compared to previous datasets.

1) Realistic representation of real-world data: Previous imaging datasets such
as ImageNet include data that is cleaned or zoomed in on a specific object. Since
the Walking Tours Dataset has “uncleaned” data, it better represents real-world
examples, allowing future models to better predict on real-world examples.

2) Various objects per frame: Each frame in Walking Tours contains various
objects and their performing actions

3) Transitions: Since the videos are captured by someone walking, the transi-
tions from one frame to another are smooth. It captures the slow transition from
different scenes (city to shops to markets), the transition of people from one place

to another, and the transition of different lighting.

4. Experiments

For our main experiment, we fed the Walking Tour Dataset to OpenSeeD and
analyzed the results. To do this, we passed the model configurations, weights, and
path to our dataset as the inputs. We also passed in the Meta Data, specifying the
classes our model should predict and the color of each class. For our “stuff clas-
ses”, we used the ADE20k classes as a lot of those classes appear in Walking Tours
as well. Our “stuff colors” was randomly generated with a NumPy random seed of
14. For each frame, we saved the output image, the semantic segmentation map,
the number of pixels each object took up, and how frequently each class appeared
in a frame. At the end, we saved the total number of frames each object appeared

in and total number of pixels it occupied.

5. Discussion

We analyze our results both qualitatively and quantitatively. Our qualitative anal-
ysis allows us to summarize trends we observe while the quantitative results ana-
lyzes those specific trends in detail.

A) Qualitative Analysis

1) Accomplishments: We found that OpenSeeD did a good job segmenting spe-
cific details in images. We can see in Figure 8 that the model segments small ob-
jects like light, signboards, and plates. We saw this trend of segmenting small im-
ages happen frequently for our results.

The model also did well on images with different lighting and different settings.
For the Poznan tour (Figure 9) that was filmed at night, the model consistently
segmented the lights, buildings, and people. Moreover, the model could detect
objects from different settings such those in a crowded city road (Figure 8) as well
those near a river side (Figure 10). One possible reason why the model did well
segmenting these objects is that the training data frequently contained these ob-
jects. For instance, the COCO dataset is of specific objects hence the name “Com-
mon Objects in Context”. Similarly, the Objects365 dataset contains detailed ex-

amples of objects such as “cups”, “chair”, or “bag”.
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Figure 8. The model’s prediction on a prediction in the Zurich
dataset in a crowded cityscape. (walking, driving, biking, etc.)

Figure 9. OpenSeeD’s prediction on the Poznan tour filmed
at night. See Figure 6 for the original image.

Figure 10. OpenSeeD’s prediction on the Venice tour by the
riverside. See Figure 4 for the original image.

2) Mistakes. Although OpenSeeD yields very promising results on our datasets
with large cities, it does not do as well on the Wildlife dataset. For example, in
Figure 11, the model misidentifies the elephant as a “vase” and labels the dirt as
“sidewalk”. One possible reason for these results is the type of data OpenSeeD
trained with. For instance, even though the COCO dataset does have the label
“animals”, it only has “animals” in relation to people or to urban landscapes, not
in wildlife. Moreover, the Objects365 dataset rarely contains any animals, focusing
purely on people and objects. This explanation is supported by our qualitative ob-

servations as in the Wildlife dataset, the model makes mistakes such as labeling
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the ground as “sidewalk”, which is often found in large cities, rather than “dirt”.
This also makes sense as the model not only mislabels the elephant but also out-
lines it poorly, which implies that the model was most likely not trained on images
of wild animals. Another possibility that could have added to the poor results is
that the stuff classes we passed into the model had a lot of specifics for city life
such as “awning” or “ashbin” while the only labels it had for wildlife were “ani-

mal”, “grass”, and “dirt”.

Figure 11. The model’s prediction of an elephant image in the
Wildlife dataset. It incorrectly predicts it as a “vase”.

B) Quantitative Analysis

For our quantitative analysis, we analyze the percentage of total frames each ob-
ject occupied. We include two graphs: see Figure 12 for the Venice tour which is
similar to the other city tours, and Figure 13 of the Wildlife dataset as a contrast.

For our classes on the graph, we only included objects that appeared over 100 times.

Percent Total Frames Occupied by Each Object Type for Venice
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Figure 12. The graph shows the percentage of frames each object occupies for the Venice
tour.

As seen from the graph of Amsterdam, almost all the video tours contained
large amounts of “building”, “sky”, “sidewalk”, or “person”. And it makes sense
that our model does a good job predicting those since they are large objects and a

single one can take up 80% of a frame.
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Percent Total Frames Occupied by Each Object Type for Wildlife
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Figure 13. The graph shows the percentage of frames each object occupies for the wildlife
tour.

On the other hand, this contrasts with the graph of the Wildlife dataset. In that
dataset, the object that occurred the most frequently was “tree” then “animal” then
“grass”. Although these results superficially make sense, while visually looking
through the dataset, every single image had an animal while our model predicted
that less than 80% of images had

one. This meant that the model repeatedly misidentified or completely missed
the animal in the dataset. Moreover, the model also predicted “person” around
20% of the time, even though our Wildlife dataset did not contain any people at
all.

C) Future Research

More generally, although the model does a good job predicting the small details,
the outline of these details can be improved. Although in Figure 8 some objects
are segmented well (the “char” and the “bus” e.g.), some still require improve-
ment. For instance, the “signboard” on the top left of the image is incorrectly seg-
mented with parts of the building and the “door” label is incorrectly segmented
with parts of the wall. We can also see in the bottom corner there are small
splotches of colors with unclear segmentations.

The next step of this research could be to OpenSeeD’s results as the ground
truth for our own semantic models. This solves the problem of having to manually
label ground truth values to allow future models to be trained much more effi-
ciently. This change, combined with the addition of new data, will allow future
models to be trained on larger and more diverse datasets. Moreover, OpenSeeD’s
architecture simplifies the training process and its state-of-the-art performance
allows it to be used as a foundational model for future semantic segmentation
models.

More directly for practical purposes, OpenSeeD can be applied to tasks like self-
driving cars to solve real-world problems. It can be used to detect and more accu-
rately outline details like stoplights, signs, and objects in the distance—expanding

the possibilities for self-driving cars.
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6. Conclusion

In this paper, we address the issue of the limitation of semantic segmentation da-
tasets as they are hard to collect, small, and not realistic examples. To do this, we
contribute our own Walking Tours Dataset that includes hour-long, uncurated
videos of realistic scenes. This dataset adds to previous work as it includes more
variety with different lighting and scenes. Afterwards, we use OpenSeeD, with its
strong semantic segmentation model and open vocabulary, to label the Walking
Tours videos. We analyze OpenSeeD’s result qualitatively and quantitatively and
conclude that it is competitive against large semantic segmentation models built
by Meta or Google. In the future, we would like to use our new semantic segmen-
tation dataset to evaluate pre-trained vision models and the results of OpenSeeD

as the ground truth.
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