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Abstract: Instance segmentation and tracking are topics that have been little explored in the context of wildlife monitoring, but
provide an essential basis for further tasks such as population estimation or behavioral analysis. In this paper, we highlight the
importance of these topics and show how they can be efficiently and effectively addressed using our own multi-object tracking and
segmentation (MOTS) approach, SWIFT. For this purpose, we provide an overview of our three past publications on these topics.
Moreover, we evaluate SWIFT on two datasets, our self-created wildlife camera trap video dataset Wildpark Daylight containing
videos of red deer and fallow deer and the Wildlife Crossings dataset containing four different animal classes. Our own dataset
is one of the very few datasets in wildlife monitoring that is annotated with instance masks and tracking IDs. SWIFT significantly
improves the quality of the instance masks and also multi-object tracking accuracy scores compared to using state-of-the-art
instance segmentation and tracking approaches on both datasets.

1 Introduction

Stationary camera traps that record videos of wildlife are a widely
used tool in wildlife monitoring to monitor ecosystems. Camera
traps are present in a wide range of ecological studies [12], [10] and
are used more and more [16]. However, the generated data material
from even very few camera traps placed at a site for a few weeks
is so large that it requires enormous manual work from researchers
and it takes months to sift through the recorded videos. The use of
artificial intelligence allows to automate this process [33].

An instance segmentation detects animals in one frame of a video
(or in general objects in an image) by assigning to each detection
(1) a bounding box to locate it, (2) a segmentation mask to show
its exact contour, (3) a class label to identify what kind of animal
is present and (4) a score value to show how reliable the detection
is. Tracking, more precisely multi-object tracking (MOT), combines
the found detections of each frame into tracks by adding (5) a unique
track ID to each detection. The combined task of instance segmen-
tation and tracking is called multi-object tracking and segmentation
(MOTS). So the goal of a MOTS pipeline in the area of wildlife
monitoring is to detect and track animals in camera trap videos.

Before [58], [59] and [60], researchers have not focused on
instance segmentation and tracking when analysing wildlife videos.
If only individual images and no video data from camera traps are
available as data material, either a classification of the overall image
[17], [51], [72], [50], [81], [20], for example for the occurring ani-
mal species, or a detection with the help of a bounding box [71], [3],
[4], [27], [11], [70] is usually carried out. Instance segmentation for
images is mainly done for cattle in an enclosed environment [67],
[57], [5], [39].

However, when video data is available, instance segmentation and
tracking provide great added value for further analysis by ecologists.
Instance masks allow better separation of animals moving in a group.
Accordingly, if an abundance estimation [38], [73] is performed, a
classification of a video is not sufficient to estimate the population.
In addition to instance segmentation, tracking of animals prevents
individuals from being counted twice within a video. For example,
an animal can be briefly occluded by other individuals or objects and
would possibly be perceived as a new instance in a simple detection
without tracking. Other application areas for camera traps are the
quantification of species diversity [68] detection and study of rare
species [46] or the analysis of species replacement processes [15].
Exact detections of animals and tracking form an essential basis for
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Fig. 1: Two exemplary frames from both datasets, the Wildlife
Crossing Dataset (a) and our Rolandseck Daylight Dataset (b).

more complex tasks such as action detection [58] or re-identification
[61] of individual animals in multiple videos. Especially an action
detection enables an efficient behavioral analysis [16] and [69] of
wild animals with camera traps.

Detection in videos of great apes is performed by [90]. The apes
are detected by bounding boxes, but there is no tracking and no
instance masks. Tracking of animals is mainly considered for small
animals like fish or insects in laboratory environments [30], [56]
and [65]. Elephants are tracked in wildlife videos by [91], but they
do not deliver MOT metric values for the tracking accuracy. [31]
perform instance segmentation using a graph convolutional neural
network and track the detections by analyzing the intersection over
union of the detections. Finally, the authors determine the actions of
the piglets. The videos viewed were made in a building in a fixed
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environment and are not comparable to wildlife videos in changing
terrain.

To our knowledge, the MOTS problem has not been previously
considered in other work in the context of wildlife monitoring.
[31] perform instance segmentation and tracking on piglets. But the
videos were recorded in a building in a �xed environment, which is
not comparable to changing environments of wildlife videos. [86]
address the MOTS problem, but they only segment and track one
animal at a time in a video. Moreover, for the segmentation a user
interaction is required by manually setting an initial instance mask
of the animal in a so-called guidance frame.

In our previous work [58] we analysed instance segmentation and
a basic action recognition for animals in wildlife crossings. Building
on these �ndings, we had extended our existing approach with track-
ing using the Tracktor [6] to use instance segmentation and tracking
to automate the annotation of the data material [59]. In our latest
publication we present our novel MOTS pipeline SWIFT [60]. In
this paper we summarize our publications [58], [59] and [60] and
explain the general importance of instance segmentation and track-
ing in the context of wildlife monitoring. In particular, we focus on
SWIFT [60], which is our approach to solving these issues. More-
over, we newly evaluate SWIFT on the Wildlife Crossing dataset we
used in the �rst two publications and show that SWIFT outperforms
our previous results.

2 Related Work

The �elds of instance segmentation, multi-object tracking (MOT)
and multi-object tracking and segmentation (MOTS) are major
research areas in computer vision. In the following, we give a short
overview of the most relevant work that does not explicitly deal with
the analysis of animal-related data.

2.1 Instance Segmentation

To perform instance segmentation, an object must �rst be detected.
Based on the underlying detector, instance segmentation approaches
are divided into two groups, the single-stage and two-stage
approaches. Two-stage approaches result in more accurate instance
masks, but are in general slower than single-stage approaches.
Single-stage methods are faster than two-stage approaches, but in
general are less accurate. Since real-time detection is not relevant
in the application area of wildlife monitoring (the videos already
recorded by camera traps are analyzed afterwards), the advan-
tage of single-stage detectors is not signi�cant for us. The surveys
[36], [47] and [34] present a good overview over different instance
segmentation and detection approaches.

One of the most famous two-stage instance segmentation
approaches is Mask R-CNN [37]. It is still the superior network
for deriving segmentation masks in images. Mask R-CNN outper-
forms all previous winners of the COCO segmentation challenge.
Mask R-CNN often forms the basis for other instance segmentation
approaches, such as the approaches of Huang et al. [40], Fang et al.
[28], Chen et al. [18] and [48].

Famous representatives of single-stage instance segmentation are
TensorMask [21] and SipMask [14]. TensorMask uses a sliding win-
dow approach to tackle very dense segmentation tasks with many
different objects. SipMask preserves instance-speci�c information
by dividing the predicted segmentation mask of an object into sub-
regions in one bounding box. Other single-stage detectors are Cen-
terMask [41], ESE-Seg [82], RDSNet [76],[13], BorderPointsMask
[88] and MetricMask [77] .

Video instance segmentation approaches fall under the category
of MOTS, since these approaches perform tracking simultaneously
with instance segmentation and are therefore described in more
detail in section 2.3.

2.2 Multi-object tracking MOT

The most common and successful way to perform MOT today is
the tracking-by-detection paradigm. In a �rst step, a detection model

localizes all objects in a video. The data association then combines
the detected objects into tracks. This means that an improved detec-
tion model improves the tracking accuracy. For the identi�cation
of the object a bounding box is suf�cient in MOT. Our SWIFT
approach also falls into the tracking-by-detection category. In addi-
tion to tracking-by-detection approaches there are one-shot track-
ing approaches or joint-detection-and-tracking approaches. They
perform detection and tracking in one network simultaneously.
Although they generally produce poorer results, one advantage of
these methods is that they are faster and therefore more often suitable
for real-time applications.

The surveys of [24] and [84] provide a comprehensive compi-
lation of different current approaches in the �eld of multi-object
tracking.

A very successful and well known representative of the tracking-
by-detection paradigm is the Tracktor approach by [6]. The Tracktor
exploits the regression ability of a detection model to perform the
data association. The major advantage is that no further training with
tracking data is needed. ByteTrack [93] and the approach of [9] rely
on a combination of a Kalman Filter and the Hungarain Matching
algorithm. Further tracking-by-detection approaches are [83], [19]
and [42].

The single-shot tracker FairMOT [94], JDE [79] and the approach
by [92] simultaneously detect bounding boxes of the objects and
extract Re-ID features to track the objects. [23] and [66] use
Transformer networks to detect and track the objects. The tracking
approaches SiamMOT [62] and SMOT [43] rely on modelling the
motion to track the detected objects.

2.3 Multi-object tracking and segmentation MOTS

Multi-object tracking and segmentation MOTS combines the tasks
of instance segmentation and tracking. Many MOTS approaches use
Mask R-CNN for the instance segmentation and build the tracking
framework around this basis. Mask R-CNN is a reliable basis and
easily modi�able. Examples for this are Track R-CNN [74], SORTS
[1], MOTSNet [54], MaskProp [8] [44], [55] and [89].

The VisTr, a transformer network with an encoder and decoder
part, is used in the work of [78] to perform simultaneously instance
segmentation and tracking. STEm-SEg [2] present an end-to-end
trainable network that takes a video input in form of a 3D spatio-
temporal volume, where the network learns an embedding for each
pixel. Further MOTS approaches are ReMOTS [87], STCN [22],
PointTrack [85] and PolyTrack [29].

3 Datasets

Already annotated datasets for the tasks of instance segmentation,
MOT, and MOTS in the �eld of wildlife monitoring are almost
nonexistent. In [58] and [59] we used data material from camera
traps that were positioned at wildlife crossings at the federal motor-
way 7 near the city Oberthulba. The video data was provided by the
Bavarian Highway Directorate, Germany, but we had to manually
annotate all of the videos with the instance masks, tracking ids and
animal classes. We call this dataset the Wildlife Crossings dataset.
All videos are recorded at nighttime. Each video is about 10 seconds
long with 8 fps (frames per second) and a resolution of 1280 x 720
pixels. The videos include red deer, wild boar, hares and foxes. This
means that the videos have a rather low resolution, which makes it
dif�cult to recognise the animals, and at the same time they have
a low temporal resolution of 8 fps, which in turn leads to blurring
when the animals move quickly.

For our study [60], we created our own dataset, the Roland-
seck Daylight dataset. With permission of the Wildpark Rolandseck
GmbH, we captured video footage of fallow deer and red deer in
their natural environment in the Wildpark Rolandseck (Germany)
from November 2020 to December 2021, resulting in over 6000
recorded videos. We used twoVicutre HC500 Trail Camerasas cam-
era traps and placed them at different locations to show changing
backgrounds and different settings. The manual annotation was per-
formed with the VGG Image Annotator (VIA) Version 2.0.8 [25]
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Fig. 2: SWIFT detects the animals in a video in the instance segmentation part and forms tracks from those detections in the second part. [60]

and the annotation tool of [64]. For each animal in a frame a seg-
mentation mask, a bounding box, a class label and a track ID is
given. All videos are 30 seconds long with 30 fps (frames per sec-
ond) and a high de�nition resolution of 1728 x 1296 pixels. Videos
in the dataset were only shortened if there were no animals visi-
ble in the clips anymore. Our camera traps are equipped with PIR
(Pyroelectric Infrared) sensors, which detect temperature changes in
its �eld of view. Therefore the cameras are only triggered when an
animal moves into the �eld of view (not for example by a moving
branch). Our annotated dataset consists of 21 videos, which in turn
correspond to 16566 individual frames. There are two animal classes
present, red deer and fallow deer.

In this study, we evaluate SWIFT also on the Wildlife Crossings
dataset to compare the results of our �rst publications with SWIFT
and to show the generalizability of SWIFT.

Exemplary frames from both datasets are shown in Fig. 1.

4 SWIFT

In this section we present the functionality of SWIFT, Segmenta-
tion With Filtering of Tracklets. For a detailed explanation of the
individual algorithms we refer to our publication [60].

The goal of SWIFT is to identify all animals in an input video
by assigning (1) an instance mask, (2) a bounding box, (3) a class
label, (4) a score value and (5) a unique track ID to each animal
in each frame of the video. The work�ow of SWIFT is shown in
Fig. 2. First, SWIFT performs an instance segmentation with our
re�nement algorithm to detect all animals with their exact contours.
This is followed by our tracking algorithm, which consists of sev-
eral successive �ltering steps to connect the found detections of all
frames to tracks through the whole video.

4.1 SWIFT Instance Segmentation

The fundamental idea of SWIFT's instance segmentation is that
a Mask R-CNN [37] trained on the wildlife data predicts reliable
instance masks that are subsequently optimized by our re�nement
algorithm.

The choice for our base detection model is Mask R-CNN because
it works reliably in different application scenarios. Therefore, Mask
R-CNN often forms the basis for complex approaches in instance
segmentation and MOTS (cf. Sec. 2.1). Furthermore, we have shown
the effectiveness of Mask R-CNN for wildlife video data in our
publications [58] and [59]. The backbone of Mask R-CNN extracts

features from the input image (or frame). These features are the
basis for the generation of regions of interest. Based on the regions
of interest the bounding box and mask regression and classi�cation
is done in the head of the network. To improve the quality of the
predicted masks we set the input resize of the Mask R-CNN to the
exact resolution of our frames, which is higher than the default value,
which would otherwise result in a reduction and corresponding loss
of information of the input image. Moreover, we normalize the input
frames by computing the image mean and standard deviation for our
dataset. We replace the standard ResNet-50 by a ResNeXt-101 for
a better feature extraction. The deeper ResNeXt-101 backbone is
slower in training and inference, but extracts high quality features
for better instance masks. We train the network for 60 epochs with
an initial learning rate of0:0005, a momentum of0:9 and weight
decay of0:0005. The best values for these parameters were deter-
mined in different experiments. We reduce the learning rate after 25
and 45 epochs by a factor of 0.1. At these points, the loss no longer
decreases and a smaller learning rate is necessary. However, a further
reduction in the learning rate is not useful.

The inspiration for our re�nement strategy comes from interactive
segmentation of images. In this scenario a user sets positive and neg-
ative points that are either inside or outside the desired mask of the
object. Usually an exact instance masks can be achieved with 3 to 10
clicks. We follow the approach of [64] for interactive segmentation.
The authors have shown that their re�nement network is superior
to other interactive segmentation approaches. Especially the HR-Net
backbone in the re�nement network [75] enables the creation of high
resolution instance masks, which is our goal. Our approach is fully
automatic, therefore here is no user who can set clicks. The SWIFT
re�nement algorithm generates positive and negative clicks automat-
ically by consideration of the dilated and eroded instance mask from
the Mask R-CNN. The positive clicks can be sampled on the outline
of the dilated (increased) instance mask. The negative clicks can be
sampled in the same way by using the eroded (decreased) instance
mask.

4.2 SWIFT Tracking

The SWIFT tracking algorithm tracks the re�ned detections from the
SWIFT instance segmentation part. This means that each instance
mask is assigned a unique track id to track all animals within a video.
The tracking algorithm we designed works with different successive
�ltering steps. Each �ltering step either deletes previously created
tracklets or merges them into longer tracklets. As long as a track is
not �nal, it is generally called a tracklet.
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