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Al-assisted interactive annotation is a powerful way to facilitate data annotation - a prerequisite for constructing robust AI models.
While Al-assisted interactive annotation has been extensively studied in static settings, less is known about its usage in dynamic
scenarios where the annotators operate under time and cognitive constraints, e.g., while detecting suspicious or dangerous activities
from real-time surveillance feeds. Understanding how Al can assist annotators in these tasks and facilitate consistent annotation is
paramount to ensure high performance for Al models trained on these data. We address this gap in interactive machine learning (IML)
research, contributing an extensive investigation of the benefits, limitations, and challenges of Al-assisted annotation in dynamic
application use cases. We address both the effects of Al on annotators and the effects of (AI) annotations on the performance of
Al models trained on annotated data in real-time video annotations. We conduct extensive experiments that compare annotation
performance at two annotator levels (expert and non-expert) and two interactive labelling techniques (with and without Al-assistance).
In a controlled study with N = 34 annotators and a follow up study with 51 963 images and their annotation labels being input to the
Al model, we demonstrate that the benefits of Al-assisted models are greatest for non-expert users and for cases where targets are
only partially or briefly visible. The expert users tend to outperform or achieve similar performance as Al model. Labels combining Al
and expert annotations result in the best overall performance as the Al reduces overflow and latency in the expert annotations. We

derive guidelines for the use of Al-assisted human annotation in real-time dynamic use cases.

CCS Concepts: » Computing methodologies — Artificial intelligence; Computer vision; « Human-centered computing —

Interactive systems and tools; « Applied computing — Annotation.

Additional Key Words and Phrases: Computer Vision, Object Detection, Machine Learning, Deep Learning, Annotation, Videos,

Man-Machine, Human-in-the-Loop, Intelligent User Interface, Al-assisted Interface

“Corresponding author: marko@wave-labs.org

Authors’ addresses: Marko Radeta, Wave Labs, MARE/ARNET/ARDITI, University of Madeira, University of Belgrade, Portugal; Ruben Freitas, Wave
Labs, MARE/ARNET/ARDITI, University of Madeira, Portugal; Claudio Rodrigues, Wave Labs, MARE/ARNET/ARDITI, University of Madeira, Portugal;
Agustin Zuniga, Department of Computer Science, University of Helsinki, Finland; Ngoc Thi Nguyen, Department of Computer Science, University of
Helsinki, Finland; Huber Flores, Institute of Computer Science, University of Tartu, Estonia; Petteri Nurmi, Department of Computer Science, University
of Helsinki, Finland.

Permission to make digital or hard copies of all or part of this work for personal or classroom use is granted without fee provided that copies are not
made or distributed for profit or commercial advantage and that copies bear this notice and the full citation on the first page. Copyrights for components
of this work owned by others than ACM must be honored. Abstracting with credit is permitted. To copy otherwise, or republish, to post on servers or to
redistribute to lists, requires prior specific permission and/or a fee. Request permissions from permissions@acm.org.

© 2018 Association for Computing Machinery.

Manuscript submitted to ACM

Manuscript submitted to ACM 1



53
54
55
56
57
58
59
60
61
62
63
64
65
66
67
68
69
70
71
72
73
74
75
76
77
78
79
80
81
82
83
84
85
86
87
88
89
90
91
92
93
94
95
96
97
98
99
100
101
102
103
104

2 Radeta et al.

ACM Reference Format:

Marko Radeta, Ruben Freitas, Claudio Rodrigues, Agustin Zuniga, Ngoc Thi Nguyen, Huber Flores, and Petteri Nurmi. 2018. Man and
the Machine: Effects of Al-assisted Human Labeling on Interactive Annotation of Real-Time Video Streams. ACM Trans. Interact. Intell.
Syst. 37, 4, Article 111 (August 2018), 22 pages. https://doi.org/XXXXXXX.XXXXXXX

1 INTRODUCTION

High quality labeled data is a prerequisite for constructing powerful Al models. While the process of assigning labels
is seemingly simple, in reality it is wrought with difficulties as the process requires significant time and resource
investment and is prone to noise and errors [7, 31, 49]. Al-assisted interactive labeling (Figure 1) seeks to reduce the
resource and cognitive demands of labeling and to improve the quality of labels by supporting the human annotation
effort through interactive Al [4, 11, 54, 56]. Examples of Al techniques include visualizations that highlight patterns in
the data [3, 55] and suggestions of the most likely labels [12, 47].

Evaluations of Al-assisted interactive labeling techniques have shown that, at best, the AI support can significantly
decrease the time of labeling while also improving the quality of data [12, 62]. Furthermore, if the Al assisted annotations
cover data that are infrequent or otherwise difficult [19], this often provides the best improvements for the final Al
models that are trained on the data. While these benefits are promising, there are two main limitations to existing
research. First, they have focused exclusively on static tasks where the human annotators can invest time to scrutinize
and revise their annotations without examining how Al-assists in dynamic real-time tasks where the annotation
is carried out in parallel to a real-world task. Second, thus far limited understand exists about the effects of using

Al-assisted annotations to train Al models.

Fig. 1. Examples of existing Al-assisted video annotation interfaces: (a) Supervisely Video Labeling Tool; (b) CloudFactory’s Accelerated
Annotation; (c) Computer Vision Annotation Tool (CVAT).

The present paper contributes by systematically assessing the benefits and limitations of Al-assisted interactive
labeling in real-time labeling tasks. We design a simple Al-assisted labeling interface and conduct extensive experiments
that compare annotation performance between expert and non-expert users with and without interactive Al-assistance.
To understand the impact of the labeling performance, we also separately investigate how annotations by these different
groups impact the ML models that are trained from the data. We conduct our study considering a benign application
scenario, marine biodiversity estimation, which serves as a representative example of tasks that require real-time
annotation capability. Besides offering a challenging real-world task, the data that needs to be labeled also contains
significant variations as it covers diverse water conditions, background details, fields of view, and so forth. This allows

us to obtain better insights both into the performance of human annotators and the Al models that are trained with such
Manuscript submitted to ACM
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data. We compare expert and non-expert annotations, considering both Al-assisted interactive labeling and interactive
annotations without any Al support. In total # = 34 annotators participate in our evaluations.

The results of our evaluations show that the benefits of Al-assisted models are greatest for non-expert users and for
cases where targets are only partially or briefly visible. Indeed, expert users tend to outperform — or at least achieve
similar performance — as Al models whereas the use of Al can bring non-expert users close to expert levels. The main
challenge for real-time feeds is to accurately determine the start and end points of the periods where objects are visible
and Al assistance can result in annotations overflowing the actual time that an object is visible. We also conduct a
follow up study where we analyse how different annotations affect the performance of Al models that are trained from
the annotated data. Labels combining Al and expert annotations result in best overall performance as the Al reduces
overflow and latency in the expert annotations, providing the most consistent annotations and thus making it easier for
the Al to learn a robust and general model. Besides presenting the results of our studies, we derive guidelines for the use

of Al-assisted human annotation in real-time use and discuss what the limitations mean for Al models that use the data.

Summary of Contributions. This paper enhances the current state of the art in interactive intelligent systems by:

o Extensive assessment of the benefits, limitations and challenges of Al-assisted annotation in dynamic application use
cases considering both domain experts and non-experts.

o Novel insights into the performance of Al-assisted annotation in dynamic application use cases. For example, we
demonstrate that non-experts achieve highest benefits, scenes with occlusions are most impacted by Al-annotations,
and that the main challenge is to identify event start and end points accurately.

o Follow-up assessment of the impacts of Al-annotated labels on Al-models trained on the data. The results show that
expert annotations combined with Al-annotations achieve best ATl model performance, even if the benefits of Al are
small for experts.

e Based on our results, we derive guidelines and best practices for interactive Al annotation in dynamic use cases.

2 TOWARDS REAL-TIME ANNOTATION

The focus of our work is on real-time annotation of continuous video feeds which differs from the predominantly static
annotation scenarios considered in existing research [25]. Indeed, even if most research explores continuous video,
they do not consider constraints posed by real-time nature of the annotation. This means that existing works largely
focus on scenarios where annotators can pause or adjust the speed of the video and perform operations on the video
feed (e.g., pan, zoom or tag) [24, 46, 50, 69]. In these kind of tasks, the annotators can split their time and cognitive
capacity between the video feed and the interactive Al, instead of the different views competing for the same cognitive
resources of the annotators. Static annotation also differs from real-time annotation in that users can freely pick the
label to assign, whereas real-time annotation requires users to rapidly select the right label, making it necessary to
consider only a small number of labels.

Figure 2 illustrates challenges in performing the annotations in real-time using detection of suspicious activity as an
example. The events of interest are rare, the time window to detect them is short, and the detection process is prone to
errors due to distractions and dullness [53]. As illustrated in Figure 2, the annotator may also struggle to identify the
suspicious activity due to lack of context, difficulty in understanding the events that are happening in the scene, lack of
focus in the picture, or lack of precision due to obstacles, environmental variations or other factors. Finding these events
after the event has occurred means the negative consequences of the actions have already occurred and even this task
is difficult as examining large amounts of video is resource intensive. The video material is also continually increasing,
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(b)

Fig. 2. Challenges for Al in identifying objects of interest in video streams: (a) lack of context - a thief in action or a friendly person?
The Al needs to have a memory for understanding the exact sequence of happenings; (b) lack of identifying unpredictable behaviours
- an object moving towards the door may not be understood as a human performing the hazardous behaviour; (c) lack of focus -
focusing on people or luggage; (d) lack of precision - discriminating persons in front of the lights using thermal imagery.

requiring lots of resources to stay up-to-date with the events that would be relevant for labeling. The detection of
suspicious activity is but one example of the application domains that require real-time annotation. Other examples
include remote operated search and rescue operations [60], remote surgery [5], and maritime monitoring carried out on
board ships or using remotely accessed video streams [36]. Understanding how Al can assist human labeling in these
kinds of everyday tasks is essential for understanding the quality of data these tasks provide — as well as the potential

limitations they pose on the Al models developed from such data.

3 ANNOTATION PIPELINE

We study real-time annotation using labeling of marine species from continuous video streams as a representative
example of tasks that require real-time capability. Currently, this task is carried out by dedicated watchers who record
sightings made aboard vessels and these records are used to establish counts of marine species, an indicator of marine
biodiversity. The work in this paper is part of a longer-term project that seeks to support this process, including using
Al and interactive technologies. We investigate annotation performance by conducting experiments that use video clips
of marine species collected from marine excursions and openly available images. The video footage was labeled by two
of the authors who also labeled the additional images. The two authors performing the annotations have long-term
expertise in working with marine species and thus are qualified to analyze the footage. From the labeled footage, we
extract individual frames and combined them with the image data. The AI model used for annotation was trained using
the image data, and the annotation experiments were conducted on the video footage. The overall pipeline is illustrated
in Figure 3. Below we describe the used datasets, creation of the base Al model to support the Al-assisted interface and

additionally performed video analysis.

3.1 Dataset Collection

Obtained Imagery. To train the model, we collected imagery using online search. We downloaded 10 010 images of
the aforementioned 5 marine species (Table 1) seen from diverse field of views (e.g. top-down, profile, semi-profile, etc),
with mixed scenes (underwater, surface, aerial), etc. All obtained imagery was taken from 3 different online sources
including: Open Images Dataset (OID) [32, 59], Kaggle and bulk image collection from Google Image Search.

Obtained Footage. To test the model, we collected video footage (Figure 5). As the primary source of data we considered
proprietary real-time video footage obtained from four dolphin-watching trips. To ensure generality and increase

Manuscript submitted to ACM
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Fig. 3. Man and the Machine Pipeline - Human and Al collaborative object annotation and image classification pipeline.

variations in the footage, we further augmented this data with video footage available on YouTube. The video footage
from the dolphin watching trips 16 videos,3085minutes, 720p resolution) contain di erent dolphin species and were
recorded with a mobile camera being held horizontally from the sea-vessel front deck during the trip, facing the sea
surface towards spotted dolphins. The YouTube videi®v{deos,269 minutes, 1080p resolution) contain other marine
species (commonly seen on such trips): whales, seabirds, turtles and seals, and were uploaded by users after they have
taken trips abroad vessels. All samples were recorded B8@%% (. Detailed video timings are shown in Table 2. Figure 5
shows the screenshots of the footage and corresponding keywords depicting the scene type, with Figures 5 (a)-(l)
correspond to YouTube footage and the remainitscreenshots (Figures 5 (m)-(ab)) are examples of data collected
during the dolphin watching trips (indicated withkx symbol).

Table 1. Total obtained images from online and personal footage including number of annotations as bounding boxes and labels
prepared for model training using MobileNet. Grayed areas indicate di icult videos.

Objects No. of Images, (%) No. of Images, (%)  No. of Objects, (%)  No. of Objects, (%)

# (after augmentation) (after cleaning) (after augmentation)

1 SeaTurtles 1787 .18 3887 .20 2552 13 4983 13

2 Seabirds 1660 17 3217 .16 4185 .20 8101 .20

3 Dolphins 2217 .22 4310 .22 4487 .22 8718 .22

4 Whales 1966 .20 3805 .19 2132 11 4123 A1

5 Seals 2380 .23 4634 .23 6501 .33 12678 .33
Total 10010 19853 19857 38603

3.2 Base Al Model Procedures

Object Annotation. Each image was further subject to object annotation by manually placing rectangle bounding
boxes around the spotted objects of interests (in this case, species), performed by the two authors of the study. From
all images,19 857annotated objects were obtained, presented in the Table 1. Together with rectangle olsjetan

classes were used as labels for each speciesh@)es baleen whales (e.g. Blue Whale); @Dlphins- toothed cetaceans

(e.g. Bottlenose dolphin); (iigea turtles e.g. loggerhead turtle; (igeabirds e.g. seagull; and (\Weals e.g. monk

seal. The total amount of labels was identical to the total amount of objet®367 having one object per image. All
Manuscript submitted to ACM
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(a) Training epoch benchmark (b) Human vs Machine vs GT

Fig. 4. From le to right: (a) Evolution of accuracy with more iteration steps indicates that all objects of interest reached an adequate
accuracy a er 100k epochs; (b) Comparison between annotation times of ground truth annotators (GT), human annotators and Al,
relative to total cumulative video length indicating the human annotators to be overall be er in recognizing the objects of interest
across all videos. The vertical line indicates threshold 50% accuracy.

obtained imagery was downsampled to match the minimum image resolution of the image sa8tifle 60Q. Note

that these measurements are solely used for training the Al model and they are not part of the annotation experiments.
Dataset Augmentation. To enhance the accuracy of image classi catidd3f] and increase model robustness, i.e.,
mitigating ambiguous pixel representations such as water re ection that lead to false positives by theg\Ie

applied data augmentation techniques on the training imagesvéitical ip, (i) Hue-Color Saturatioriii) Blur; and

(iv) Noise With this step, training image sample increased frdd 01Qo 19 853mages, while the annotation objects

and labels increased froit9 85710 38 603espectively (see Table 1 for details).

Model Training. We trained a Convolutional Neural Network (CNN) model to recognize marine species. As state-of-the-
art trained models do not support fully detecting marine species (e.g., YOLOS5 dataset may recogni2g] shgpeci c

types of birds but not separate between marine species), we created a custom model (hereinafter, OceanusNet) that is
based on Single Shot Detection (SSD) and MobileNetV2 architecture. Similar approach was used when discriminating
marine litter underwater B4]. Model was trained on all sample imager$9 857 using all object annotations3g 603.

Default MobileNet hyperparameters were used: accuracy threshol8,dfatch size o4, learning rate 0f0'004 ReLU6
activation function, and without dropout layers. Number of di erent epochs was used to select the top model, comparing
1k, 10k, 50k and 100k iterations. To boost model performance, the model was further quart&&d][by converting

32-bit oating points to 8-bit integers as this does not result in signi cant loss of accuracy while it reduces the bandwidth
and the memory storage.

Model Inference. To validate the performancéd,5obtained video clips depicted with asterisks in Figure 5 were used.

We selected these videos as their average time was around 3 minutes per video clip having balanced three video clips
per each class (dolphins, whales, seals, seabirds, and sea turtles). For evaluating the Al performance, we computed
cumulative times that the objects of interests were spotted by the Al model inside of the video clip. We propose to use
this metric to simulate the real-time video feed, as traditional object detection metrics such as intersection of @&on [

may be too laborious and may require more annotation time.

All 5 classes of marine species have been successfully identi ed by the OceanusNet in both types of footage (collected
from the internet and collected from the eld trip). As expected, the more iterations the model had, the higher was
the average accuracy (Figure 4a). The highest average accuracy for identifyidgrarine species was with the
100k iterations model, reaching058% The accuracy for individual classes were: sea turtEsg7%, whales $969%,
dolphins @875%, seabirds§854%, and sealsg804%. These performance numbers are in line with state-of-the-art
object recognition results for sea mammals, even if the models usually have focused on single class classi cation:
Manuscript submitted to ACM
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