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broiler monitoring
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Abstract

Welfare concerns in poultry farming have driven the need for advanced mon-
itoring solutions to study broiler activity and health. However, existing
research predominantly relies on single-camera setups, which are prone to
occlusions from equipment such as feeders and lighting, limiting their ef-
fectiveness. To address this, we propose a multi-camera setup that enables
comprehensive broiler localization and tracking from a top-down view of the
pen. To support this approach, we introduce MVBroTrack!, an open-source
dataset containing real-world data with annotations for various subtasks crit-
ical to broiler studies. We demonstrate robust performance of our multi-view
detection pipeline throughout the six-week broiler lifespan despite significant
changes in visual appearance. Additionally, we present a novel unsuper-
vised tracking method that surpasses the traditional tracking by detection
paradigm, improving the IDF1 score by 3% and increasing the proportion
of mostly tracked broilers by 5%. By reducing the need for manual ob-
servation, our multi-camera pipeline facilitates exhaustive studies of broiler
behavior and welfare, paving the way for significant advancements in poultry
research and farming practices.

'https://github.com/decide-ugent/multi-view-broiler-tracking.git
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1. Introduction

Effective monitoring of broiler chickens is essential for understanding their
behavior and ensuring welfare standards (Aydin, 2017). To this end, various
sensor-based technologies have enabled automated methods for monitoring
broilers in pens (Ojo et al., 2022). Among these, cameras offer high-fidelity
data for a reasonable infrastructure cost. Video-based observation offers a
non-invasive method to study broiler behavior, allowing researchers to ana-
lyze natural patterns without disturbing the animals. However, in practice,
many studies still rely on manual video analysis (Aldridge et al., 2022; Baxter
et al.; 2018, 2019; Trocino et al., 2020; du Plessis et al.; 2021), which is time-
consuming and prone to observer variability. This manual approach often
limits both the duration and scope of behavioral studies, making it challeng-
ing to detect subtle behavioral changes that could indicate important welfare
or behavioral patterns.

These limitations in manual analysis, combined with the increasing de-
mand for comprehensive behavioral monitoring, have driven the development
of automated video analysis techniques for broiler welfare assessment. Earlier
techniques employed a grid-based /density-based approach to estimate occu-
pation scores for different zones within a pen (Pena Fernandez et al., 2018).
However, as these methods only provide aggregated information, research
has shifted from the group level to the individual level (Li et al., 2020b)
where the exact positions of individual broilers are determined (Guo et al.,
2020; Novas and Usberti, 2017; Li et al., 2020a). These methods relied on
traditional computer vision techniques, involving grayscale conversion, blur-
ring, Otsu thresholding for segmentation, and region enhancement through
dilation.

While these methods have shown some efficacy in very controlled settings,
they are limited in their adaptability to various environmental conditions.
Recent advancements in machine learning, particularly deep learning object
detection models like YOLO (You Only Look Once) (Jocher et al.; 2022;
Zaidi et al., 2022; Neethirajan, 2022), have paved the way for more robust
and flexible broiler detection systems (Li et al.; 2022; Van der Eijk et al.,
2022; Yang et al., 2022; Cao et al., 2021), offering improved accuracy and



versatility compared to traditional techniques that struggle with complex
backgrounds and lighting variations.

These monitoring systems utilize single-camera setups which have a lim-
ited field of view, making it challenging to monitor the entire pen. Moreover,
due to the frequent occlusions by other animals, drinking or feeding equip-
ment (Guo et al., 2021; Okinda et al., 2020) the detection accuracy of single
camera setups is degraded and can lead to incomplete results. Using multiple
cameras can eliminate blind spots and reduce occlusions while the incremen-
tal cost of additional cameras to an existing set-up is mostly limited to the
cost of the camera. This enhances the ability to monitor the entire flock
effectively.

Input: multi-camera video
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Figure 1: Overview of the multi-camera tracking system for broiler behavior analysis. The
3D visualization shows the experimental pen setup with four overhead cameras, feeders
(light blue circles), and drinkers (pink circles). Colored lines indicate bird tracks: green
for active movement, black for inactivity, blue for feeding, and red for drinking. Utiliz-
ing multiple cameras enables comprehensive monitoring and analysis of poultry behavior,
movement patterns, and resource utilization within the pen environment. Figure is best
viewed in color.

Multi-camera setups are standard in pedestrian tracking systems but re-
main largely unexplored for broiler tracking. Recent multi-view pedestrian
detection and tracking methods (Hou et al., 2020; Hou and Zheng, 2021;



Hwang et al., 2022; Vora et al., 2023), leveraging pedestrian datasets (Fer-
ryman and Shahrokni, 2009; Chavdarova et al., 2018; Hou et al., 2020; Han
et al., 2023), project visual features directly to the ground plane, producing
detection maps without requiring initial object detection algorithms. While
being effective, it depends on datasets with ground plane pedestrian posi-
tions which require labelling across multiple cameras for which there is a
lack of tools. Alternatively, projecting 2D detections to the ground plane
(Lopez-Cifuentes et al., 2022; Lima et al.; 2022) only requires bounding box
annotations, which are easier to obtain using readily available tools like Tzu-
talin (2015); Cartucho et al. (2018); CVAT.ai (2024).

While accurate detection can provide valuable insights into broiler pref-
erences, tracking is indispensable for effective monitoring. Tracking allows
continuous observation of individual broiler over time, providing information
into their activity levels (Campbell et al., 2024). Tracking methods typically
follow a tracking-by-detection paradigm (Engilberge et al., 2023; Chavdarova
et al., 2018; Campbell et al.; 2024), associating multi-view detections across
time (Wang et al., 2019; McLaughlin et al.,; 2015), or use tracking labels
to learn features (Teepe et al.; 2024). However, adapting appearance-based
tracking is challenging for animals (Zhang et al., 2023), as they lack distin-
guishing features like pedestrian clothing.

In this paper, we present a multi-view detection and tracking system
designed for precision and adaptability. Using four synchronized and metic-
ulously calibrated cameras, we capture a comprehensive overview of the pen,
see Figure 1. The pipeline begins with an object detection model trained on
our custom dataset to generate per-camera bounding box detections. Note
that this is the only part in our framework that requires supervision. Cur-
rently, the state-of-the-art in video-based broiler detection and tracking is
limited to chickens of at least two weeks old (Guo et al., 2020; Yang et al.,
2022; Van der Eijk et al., 2022; Novas and Usberti, 2017; Li et al., 2022).
Our Multi-View BROiler Tracking (MVBroTrack) dataset extends this and
encompasses detection and tracking throughout the broiler life cycle, from 5
days to 38 days old.

For multi-view detection, these bounding box detections are then fused
across views to create a ground-plane detection map, where we introduce a
heuristic to approximate the broilers’ feet locations. This multi-view detec-
tion process, which achieves 85.8% Multi-Object Detection Accuracy (MODA)
and 93% recall, is evaluated independently, as it provides a computationally
efficient solution for estimating broiler distributions when detailed tracking

4



is not required. For more detailed analyses, such as assessing activity lev-
els, tracking is required. Typically, the ground plane detection maps from
the previous step are linked together temporally to obtain tracks. However,
this tracking by detection paradigm is heavily impacted by inconcistencies
of the detection maps across different timesteps. Our tracking method ad-
dresses this problem by first associating bounding box detections across time
in the image plane which improves the information for the subsequent fusion
step. We introduce a novel tracklet fusion algorithm to fuse the tracklets
originating from different cameras on the ground plane both spatially and
temporally. Compared to the traditional tracking-by-detection paradigm,
our method demonstrates notable improvements, increasing the Identity F1
score (IDF1) by 3% and the proportion of mostly tracked broilers by 5%,
highlighting the effectiveness of our approach.
The main contributions of this paper are summarized as follows:

« Introducting multi-view setup for broiler monitoring: We ex-
tend single-camera broiler detection pipelines to fuse multi-view infor-
mation, addressing occlusion challenges and enabling comprehensive
pen coverage.

« Adaptability across growth stages: Despite significant changes in
broiler appearance as they grow, our system maintains high detection
accuracy, achieving an average MODA of 85.8% and 93% recall.

« Improved tracking: We introduce a novel tracklet fusion approach,
which achieves a 3% higher IDF1 score while increasing the amount of
mostly tracked broilers by 5% compared to a traditional tracking-by-
detection pipeline.

« Open-access resources: We provide our MVBroTrack dataset and
code to facilitate further research and improvements in the domain.

2. Materials and methods

2.1. Multi-camera broiler dataset

The following section describes our Multi-View Broiler detection and
tracking dataset MVBroTrack. This includes the data collection which de-
tails the pen setup and camera configuration, the annotation procedures and
the metrics used for evaluating the performance of our pipeline.
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2.1.1. Data Collection

Figure 2: Visualization of camera placement and coverage in the experimental pen. The
pen contour is shown in white. The four arrows indicate the direction and location of each
camera. Each arrow has a color and corresponds to the contour of the visible area for that
camera. The blue shades represent the degree of camera overlap.

This study is part of the WISH research project (ILVO and imec, 2022-
2024) which aims to automate welfare assessment using multi-modal sensor
data and test the impact of various pen infrastructure conditions, such as
lighting color. The experiment consisted of 4 rounds, each involving 560
male Ross 308 chickens, totaling 2240 birds. Each round presented four pens
of a size of 36 m? (9x4 m). A total of 140 one day old chicks were randomly
selected and placed in each pen. All animals received the same starter (from
day 0 to 9), grower (from day 10 to 22) and finisher (from day 23 to 41) food
and water ad libitum. The pens were logically (but not physically) divided
into zones for eating (three feeders), drinking (three sets of three drinkers),
and resting, see Figure 2. Stocking density was 3,8 birds/m? on purpose so
each bird could freely move around and present normal behaviour patterns.
Lighting and temperature conditions were managed in accordance with the
breed’s management manual.

We mounted four cameras on the walls around each pen, selecting posi-
tions from a range of possible mounting locations. The chosen configuration,
shown in Figure 2, provided the most effective coverage of the entire pen.
Our video recording configuration featured 16 Hikvision DS-2CD2143G2-1
cameras paired with a Hikvision DS-7616NI-K2/16P 16-channel NVR con-



nected via Power-over-Ethernet. Data was stored on WD Purple 5 TB hard
drives. The cameras captured video at a resolution of 1920x1080 pixels at 25
fps and a bitrate of 8120 bits per second. We recorded in intervals of one or
two hours, resulting in an average of 837 hours of video per pen.

2.1.2. Data Annotation

Single-View Detection Multi-View Detection Multi-View Tracking

. en "

Figure 3: This figure shows one dataset example per subtask. Single-view detection en-
compasses bounding box labels within the image plane while multi-view detection and
tracking are points and tracks on the ground plane respectively. Note that single-view
detection labels are used for training while multi-view detection and tracking are only
used for hyperparameter tuning and evaluation.

In this section, we provide an overview of annotations used for evaluating
each subtask of the broiler tracking and detection pipeline. Table 2 presents
a comparative summary of labels collected across different growth stages and
labelling types. Recognizing the distinct physical transformations between
young and mature broilers, we categorized each set into the three dietary
phases discribed in the previous section: starter, grower, and finisher.

In Table 1 the characteristics of broilers at different growth stages are
shown. The transition from highly active younger broilers to the less active
behavior of older birds as well as the increase in size and density over time
(broilers grow but pens stay the same size) lead to unqiue challenges across
the different growth stages. The decrease in activity over time may be as-
sociated with the rapid increase in body weight Bizeray et al. (2000), rising
from 0.288 kg on day 9 to 1.131 kg on day 22, and reaching 3.110 kg by day
41 Aviagen (2022). Due to genetic selection, studies have shown that bone
development does not keep pace with the rapid muscle growth in fast-growing
chickens Santos et al. (2024), which can impair leg health Fernandes et al.
(2012). Additionally, litter quality tends to deteriorate over time, increasing
the incidence of problems such as footpad lesions and hock burns Pena Fer-



Table 1: Characteristics of broilers at different growth stages.

Phase Starter Grower Finisher
Ages Days 0-9 Days 10-22 Days 23-41
Activity Very high activity; fre- Moderate activity; Low activity and lim-
Level quent movement more structured ited mobility. Longer
movement patterns periods sitting and in-
active
Appearance Small size; yellow Medium size; devel- Large size; fully de-
Features down feathers; less oping white feathers; veloped white feath-
distinct body shape more defined body ers; pronounced body
shape shape
Detection Challenging due to Better defined fea- Easier detection due
Difficulties  small size and rapid tures but still active, to size and low activ-
movements, can eas- which can lead to ity level. However, oc-

ily blend in with the
background

motion blur

clusion more frequent
due to their bigger size
and higher density of
the pen




nandez et al. (2018), which may further contribute to reduced activity levels
Riber and Wurtz (2024).

In order to fuse information across views, calibration parameters for each
camera are needed. Mutli-camera calibration was performed to ensure accu-
rate projective geometry between views, this calibration procedure is detailed
in Appendix A.

Over the recording span of six weeks, we selected 235 images at peri-
odic intervals from different cameras to ensure enough spatial and temporal
diversity. These bounding box annotations are used to train and evaluate
detection models and where obtained using the OpenLabeling tool Cartucho
(2018).

To evaluate the multi-view detection performance, the dataset includes
51 sets of four frames with annotated ground plane detections, including
ages from 5 to 38 days. Using custom tools, we indicated the feet position of
each broiler in each image plane, these feet positions are subsequently given a
unique ID and projected onto the ground plane. Unique IDs are are combined
into a point set if they originate from the same broiler. Lastly an arithmic
mean is computed to obtain the ground truth ground plane detections.

To evaluate the tracking performance, the dataset includes tracks on the
ground plane for 816 individual broilers. Similarly to the multi-view de-
tection dataset, feet locations of each broiler in each camera view are first
manually tracked using the CVAT annotation tool CVAT.ai (2024). These
individual camera tracks are then projected onto the ground plane. To en-
sure consistent tracking across multiple views, we manually combined the
track IDs of matching broilers across different cameras. After assigning a
unique track ID to each broiler on the ground plane, integrating track IDs
from different cameras, we obtained the ground truth ground plane tracks by
computing the arithmic mean for points originating from different cameras
at the same timestep. This process was highly labor-intensive, as approxi-
mately 70 broilers are visible per camera view, resulting in around 140 tracks
on the ground plane.

In Figure 3 we show an example of each label type of our dataset. On the
left we show the bounding box labels in the image plane for the single-view
detection task. In the middle we show the multi-view detection task with
localisations for each broiler on the ground plane. On the right we show
tracks for each broiler with a unique ID over time on the ground plane.



Table 2: An overview of the MVBroTrack dataset: Labels across different growth stages
and labelling types

Task Stage Frames Broilers Image Plane Ground Plane

BBoxes Points Tracks

Starter 56 4106 4106 - -
Single-view  Grower 65 5714 5714 - -
detection Finisher 114 11414 11414 - -
Total 235 21234 21234 - -
Starter x4 893 - 893 -
Multi-view  Grower 21x4 2791 - 2791 -
detection Finisher 23x4 3022 - 3022 -
Total 51x4 6706 - 6706 -
Starter ~ 1423x4 275 - - 275
Multi-view  Grower  1494x4 276 - - 276
tracking Finisher 1439x4 265 - - 265
Total 4356x4 816 - - 816

2.2. Methods

In this section, we present an overview of the multi-camera multi-object
tracking pipeline, as illustrated in Figure 4. The first subsection covers
the single-view object detection process, which serves as the foundation for
both detection and tracking methods by generating per-camera, per-timestep
bounding box detections. The second subsection details the multi-camera de-
tection pipeline that produces a ground-plane detection map per timestep.
Lastly the mutli-view tracking pipeline is discussed, detailing our novel track-
ing approach and the comparison to the traditional tracking-by-detection-
matching (TBDM) approach.

2.2.1. Single-View Detection

The goal is to monitor broiler welfare throughout their entire lifespan in
the pen. This entails addressing the challenge of detecting chickens of varying
ages, each with their own challenges (see Table 1). We adopt YOLOV11
object detection, a robust and efficient method capable of handling object
size variations, providing a versatile lifelong detection solution. We fine-
tune the pre-trained YOLOV11 model (Jocher et al.; 2022) on our dataset
to obtain per-view bounding boxes for each broiler. Both of the subsequent
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Figure 4: This figure highlights the structural differences between the traditional tracking-
by-detection-matching (TBDM) method and our novel tracking-by-curve-matching
(TBCM) approach. The top path illustrates the TBDM method, where per-camera de-
tections are projected onto a ground plane, followed by point fusion creating per timestep
ground-plane detections, and temporal association to produce ground-plane tracks. The
bottom path presents our proposed method TBCM, introduced in this paper. In TBCM,
partial temporal association occurs first generating per-camera tracklets, followed by
ground-plane projection. The tracklets on the ground plane are then combined through
tracklet fusion to yield the final output of ground-plane tracks.

tracking pipelines utilize these per timestep, per camera bounding boxes.
Training and testing the YOLO models was done using an NVIDIA A100
80GB GPU with the auto-batching feature enabled. Each model was trained
for 200 epochs and the best performing model was selected based on the
validation set performance.

It is important to note that this detection component is designed to be
modular and interchangeable. While YOLOV11 is employed in this study,
the pipeline is compatible with alternative or future object detection models.
Integrating newer or more advanced models can further enhance the accuracy
and robustness of the entire tracking system without requiring modifications
to the overall framework.

2.2.2. Multi-View Detection

The position of each broiler on the ground plane can be approximated
by the midpoint between its feet, however due to the mounting of cameras
at elevated positions, the chicken feet are often not visually discernible. For
this reason a geometric approach is needed to determine which point in the
bounding box should be projected onto the ground plane. The problem is
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Figure 5: Illustration of the challenge for estimating the point within the object bounding
box corresponding to the position between the two feet. As visualized, always selecting
the center of the bounding box is not always the best option. Instead, we employ a point
selection procedure that is based on the distance to the camera.

illustrated in Figure 5. To find the point within the bounding box that cor-
responds best to the broiler’s position, the following options were explored:
the center of the bounding box, the bottom center of the bounding box
(which, in general, is closer to the ground for chickens further away from the
camera) or a linear interpolation between the bottom center and the center
depending on the distance from the camera. According to the analysis in
Appendix C, linear interpolation gave the most accurate positioning. This
approximation, however, does not take into account whether the broilers are
sitting or standing. Because the majority of broilers are sitting down, the
linear interpolation is tuned for these and consequently does not work as well
for standing broilers. We adres this issue with our tracklet fusion approach
described in the following section. This processing step from bounding box
detections to per-view selected points is the first step of the multi-view de-
tection pipeline, see Figure 6.

Using the camera’s intrinsic and extrinsic parameters, we can project the
detections of each camera to the ground plane. We discard points that fall
outside the boundaries of the pen. We also discard points beyond a precon-
figured distance from the camera to remove the negative influence of noisy
bounding boxes at the extremities of the camera’s view. In section 3, we dis-
cuss its importance to the performance of the pipeline. The purpose of point
fusion is to find the projected points from each camera image that correspond
to the same animal and to combine them into a final position estimation. For
this purpose, we adopt the fusion method described in Lépez-Cifuentes et al.
(2022); Zhu (2019), which we refer to as point fusion in Algorithm 1 and
Algorithm 2. Note that D in the following algorithms can refer to either
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Figure 6: Multi-View Broiler Detection Pipeline: The pipeline commences with perform-
ing object detection on time-synchronized input frames from N = 4 cameras. For each
bounding box, the midpoint between the broiler feet is approximated and projected onto
the ground plane. The subsequent geometric fusion of multi-view detections culminates in
a unified detection map, effectively synthesizing information from all four input images.

point or tracklets (discussed in the following section). They are shown to-
gether only to highlight the differences beween each other. To combine the
broiler detections from each viewpoint, connected components are created
in a graph representation. Detections are connected if two conditions are
met. The first condition is that the projected points have to originate from
different cameras and the second condition is that their Euclidean distance
has to be lower than the fusion threshold. Lastly the arithmetic mean of the
points is calculated to obtain the location of the broilers detected from mul-
tiple viewpoints. We set the fusion radius to be twice the distance threshold
R, see section 2.2.4, for calculating the metrics so that two detections from
different cameras that lie within the radius for determining a True Positive
(TP) can still be combined, see Figure 7.

13



Fused Detection

Ground Truth

Figure 7: Visualisation of the difference between the fusion radius 2R and the radius R
used for determining a true positive. The ground truth is indicated with ¢, the single-
camera detections using V and the final prediction (arithmetic mean) using /\. Figure is
best viewed in color.

Algorithm 1 Graph Construction

. procedure BUILDGRAPH(D) > D: detection or tracklet set
G + empty graph
for all d; € D,d; € D,s.t. j > i do

T 4 00 > initialize distance
if d;.camera == d;.camera then
r + EuclideanDistance(d;, d;) Point Fusion
end if
I e d;tryd;i > temporal overlap

p1 < end_ point(earlier(d;, d;))
pa < start__point(later(d;, d;))
K+ pyt—p.t
if d;.camera # d;.camera then
if I # () then
r < FréchetDistance(d;|r, d;]1)
else if K < max gap threshold then
r +— EuclideanDistance(py, ps)
end if
else
if I # () then continue
else if K < max gap threshold then
r +— EuclideanDistance(p,, ps)
end if
end if
if r < R then
Add edge (d;,d;) to G with weight r
end if 14

end for
return G
: end procedure

> end point of earlier track
> start point of later track
> temporal distance

Tracklet Fusion




Algorithm 2 Multi-Camera Fusion

1:
2
3
|
5:
6
7
8
9

10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:
24:
25:
26:
27:
28:
29:
30:
31:
32:
33:
34:
35:
36:
37:

procedure FUSEDETECTIONS(D, G)
found + 0
results <
D.orieq + Sort(D, key = d,) Point Fusion

Dorteq < Sort(D, key = [-temporal length, d,,|) Tracklet Fusion

for each detection d in D.ypieq do
if d ¢ found then
temp < [d]
Add d to found
while d € GG.nodes do

Q<0 > Candidates

for each neighbor d' of d in G do

if d’ ¢ found and d' € Neighbors(p) for any p € temp then

if d'.camera # p.camera for all p € temp then
Add (rgq,d’) to Q
end if
if not (d’'.camera = p.camera & d'.tNp.t#0)
for any p € temp then
I+—dtndt
Add (rgq,|I|,d') to Q
end if
end if
end for
if Q =0 then
Add temp to results
break
end if
Qsorted < Sort(Q, key = r) Point Fusion
Qsorted < Sort(Q, key = [—|I],7]) Tracklet Fusion
dbest — Qsorted [0]
Add dpest to temp and found
d + dpest
end while
end if
end for
return results
end procedure

Point

Fusion

Tracklet
Fusion




2.2.3. Multi-View Tracking

Multi-view tracking involves the association of the single-view detections
both temporally and spatially. We investigate both Simple Online and Real-
time Tracking (SORT) (Bewley et al., 2016) and multiple Successive Short-
est Paths (muSSP) (Wang et al., 2019) for connecting detections temporally.
SORT is a real-time approach that considers only past detections, while
muSSP is a global method capable of leveraging both past and future de-
tections for temporal association. Both methods can operate on point-based
inputs (x, y) or bounding boxes (x, y, width, height) and are unsupervised,
requiring no training on labeled trajectories. Given the limitations of re-
identification (relD) features in animal tracking due to the high similarity
in appearance among individuals (Zhang et al., 2023), we opted not to use
advanced methods reliant on these features. Additionally, we avoided track-
ers requiring training on labeled trajectories as obtaining these labels is very
costly.

Given the fused detections on the ground plane from section 2.2.2, a
straightforward way to track the broilers is to connect the ground plane
detection maps (which are already fused spatially) across multiple timesteps.
As detection is a prerequisite for this approach, this is often denoted as the
tracking-by-detection-matching (TBDM) principle (Campbell et al.; 2024).
This approach however is heavily impacted by inconsistencies across multiple
timesteps. To combat this, we propose to fuse tracklets both spatially and
temporally at the same time. Instead of using the trackers, described above,
directly on the ground plane detection maps, they are now instead used
within each camera seperately, using bounding boxes as input instead of
points on the ground plane. After this step, the bounding box detections are
partially fused temporally, which are called tracklets.

To process the tracklets, each tracklet is projected onto the ground plane,
using the same procedure described in the previous section on multi-camera
detection, taking into account the distance to the camera. Once the track-
lets are projected, tracklets too far away from the camera or outside the
boundaries of the pen are filtered out. A key challenge in this process is
determining the mid-feet position of the broilers, as this position varies sig-
nificantly depending on whether they are standing or sitting. As discussed
in section 2.2.2, the linear interpolation of the bounding box is used to ap-
proximate the mid-feet position and works well for broilers that are sitting
down. Using tracklets, we can determine the movement of each broiler by
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thresholding the Euclidian distance between the first and last point of each
tracklet. This allows us to identify and adjust for broilers that are standing
up, which would be projected too far away from the camera as the mid-feet
position approximation is optimized for broilers that are sitting down. By
shifting the tracklets towards the camera depending on the size of the broiler,
see Figure 9, we can ensure the projected tracklets are corrected for moving
broilers, making the data more reliable for further processing,.

Table 3: Addition to the graph depends on

o multiple decision criteria. Do the tracklets

come from the same camera (SC) and is
4 there temporal overlap (TO) between the
) W & tracklets. Depening on these criteria, the
tg% aoio@ algorithm needs to compare (TC) either

curves (cur) or points (pts).
A: Euclidean dist < thspatial &

temporal dist < thiemporat
B: Fréchet dist < thepaia

tg

[Camera 2 IDs SC TO TC add
Figure 8: This figure illustrates the four cases 1,2 v X pts: 1t, 2ty v if A
when adding two tracklets to the graph. The 4,5 X X  pts: 4t3, 5t4 « if A
blue and red hatched regions represent the 1 5 V4 X X
visible area of the respective cameras. Black 3.4 X / — / ifB

?

points represent specific timesteps while the
diamond shapes represent the projected per
camera tracklet 1Ds.

To fuse tracklets across space and time, we consider four cases to build
up the graph representation, see Figure 8, Table 3 and Algorithm 1. If two
tracklets are added to the graph, they represent a potential match. Unlike
the fusion of points on the ground plane, where detections cannot originate
from the same camera, tracklets can originate from the same camera if there
is no temporal overlap. In this case, if both the temporal distance and spatial
distance between the last point of the earlier tracklet and the first point of
the later tracklet are smaller than the predefined thresholds, these tracklets
can be potentially fused and are added to the graph. The same conditions
apply for tracklets from different cameras without temporal overlap. In the
third case, when tracklets originate from the same camera but have temporal
overlap, they cannot be merged because the same broiler cannot appear in
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two tracks in the same timestep. Lastly, when there is temporal overlap and
the tracklets originate from different cameras, e.g. tracks 3 and 4 in Figure 8,
we measure the distance between the two tracklets over the overlapping tem-
poral segment using the Fréchet distance. To ensure consistency, we use the
same spatial threshold for the Euclidean distance and the Fréchet distance,
as their scales are directly comparable. The Fréchet distance reflects the
shortest constraint (or “leash”) needed for both trajectories to move along
their paths simultaneously, capturing their geometric similarity over time.

After building the graph, we refine it by removing impossible connections
and determining which tracklets should be fused, see Algorithm 2. We start
by sorting the tracklets by the temporal length first and secondly by the
x-coordinate of the first point in the tracklet, so that more weight is put
on fusing longer tracklets which are more reliable. Only when the tracklets
originate from the same same camera and when they have temporal overlap,
we do not add them as candidates for fusion, in any other case, the tracklets
can be fused. Lastly when selecting one of the candidates we first sort by the
amount of temporal overlap and then by the distance to avoid fusing short
tracklets with long ones first.

Finally we compute the arithmic mean between the fused tracklets. This
tracking by curve matching pipeline improves upon the tracking by detection
paradigm in three key ways:

« More informative earlier temporal association: Using bounding
boxes in the image plane instead of points on the ground plane gives
the trackers more information to associate detections such as the size
and orientation of the broiler.

« Projection correction: Early temporal association makes it possible
to correct the projection for broilers that are standing up versus sitting
down.

« More informative curve matching procedure: Tracklets in the
ground plane offer more information when comparing their Fréchet
Distance instead of comparing points using Euclidean distance.

The parameters for these methods were tuned using Intel Xeon E5-2620
cpus while the inference performance was tested on a Ryzen 5 5600G Pro-
cessor. Additional details on software and hardware will be provided in the
github repository.
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2.2.4. Performance Metrics

Each subtask employs metrics tailored to its objectives and challenges,
as detailed in the following paragraphs.

Single-view detection: The performance of the detection model is eval-
uated using the average precision (AP) metric, a standard in object detection
tasks (Zaidi et al., 2022). Specifically, we use AP5q g5, which calculates the
mean AP across different intersection over union (IoU) thresholds ranging
from 0.50 to 0.95 in increments of 0.05, providing a comprehensive measure
of detection accuracy.

Multi-view detection: Multiple Object Detection Accuracy (MODA)
and Multiple Object Detection Precision (MODP) are used as the primary
performance metrics (Garofolo et al., 2006) and are the two main metrics
used by scholars for evaluating multi-view detection algorithms (Hou et al.,
2020; Hou and Zheng, 2021; Lépez-Cifuentes et al.; 2022; Vora et al.; 2023).
Additionally, we report precision and recall. In Appendix B we detail the
difference in obtaining TPs for the image plane bounding box detections
versus the multi-view ground plane detections. We evaluate this subtask
seperately since its output can be used as is when tracking is not necessary
for the specific use case.

Multi-view tracking: evaluates the model’s capability to consistently
track individual broilers over time. Commonly used tracking metrics are used
and include IDF1 (Identity Fl-score) (Ristani et al.; 2016), which balances
precision and recall at the identity level, Recall (Rell), Precision (Pren),
Multiple Object Tracking Accuracy (MOTA), and Multiple Object Tracking
Precision (MOTP) (Garofolo et al.; 2006). Other metrics, such as Mostly
Tracked (MT), Mostly Lost (ML), and ID-related statistics, including Iden-
tity Switches (IDs) and Fragmentations (FM) (Milan et al., 2016), are also
used to capture tracking continuity, robustness, and identity preservation.
Full metric explanations are available in Appendix B.

Both the multi-view detection and tracking metrics require a distance
threshold for matching detections and tracks. This threshold should reflect
the physical size of the animals which is needed for both ground plane lo-
calisation and tracking tasks. In scholarly work on multi-view pedestrian
detection, a single threshold value of 0.5 meters is used as the approximated
average width of a human body (Vora et al., 2023). During the 6-week lifes-
pan, the broilers keep growing, and their average size increases, as shown in
Figure 9. The coefficient values were empirically determined based on real-
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Figure 9: Visualization of the threshold for broilers at different ages. The age and radius
are shown in the green and blue boxes respectively.

life measurements of broilers at different ages. This ensures that our metric
calculation is consistent with the physical size of the broilers at different
stages of their growth. We determine the threshold as a linear function of
age, according to equation (1):

R = 0.3cm x age + 5cm (1)

3. Results and discussion

This section presents the experimental results of our multi-view, multi-
object detection and tracking pipelines. These results all use per view bound-
ing boxes as input. We first test various hyperparameter settings for the
YOLO models, such as model size and image input resolution. Addition-
ally the fine-tuned performance is compared to the pretrained performance
of YOLOV11X. Next, the mutli-view detection results are presented, the
role of individual camera perspectives and the fusion of their complementary
information is investigated. Finally, the TBDM baseline approach is com-
pared against our proposed TBCM method for multi-view tracking. This
comparison highlights the improvements in tracking consistency and accu-
racy achieved by our approach, as well as its robustness across various broiler
growth phases.

3.1. Single-view detection performance

Figure 10 displays the AP@50-95 of the fine-tuned YOLO models. YOLO
represents a series of state-of-the-art pre-trained model architectures for
object detection, available in various parameter configurations. Using the
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single-view detection dataset, discussed in section 2.1.2, the pretrained YOLO
models can be fine-tuned. The dataset was divided into a 95% portion for
model development and a 5% validation portion for model selection. The
development portion was used in a 5-fold cross-validation procedure to eval-
uate performance robustness, with confidence intervals reported. Each fold
is split 80%|10%|10% for training, validation and testing respectively. The
validation portion was exclusively used to select the optimal training epoch
for the final model trained on the complete development set. For all dataset
splits, samples were distributed across the entire time range of the experi-
ment, ensuring temporal diversity in each partition.

YOLOWEN YOLOVIIN = YOLOvEM = YOLOVIIM = YOLOVEX ® YOLOv11X
Starters Growers Finishers Owverall

0.3

i
1]:

AP@50-95

560 1280 1520 560 1280 1520 60 1280 1520 560 1280 1320
Resolution Resclution Resclution Resolution

Figure 10: Single-view performance of different YOLO models (v8 and v11) at different
input resolutions for the three dietary phases and overall with confidence intervals.

AP was assessed across input resolutions and YOLO model sizes for the
three dietary phases. The significant impact of resolution on AP can be
attributed to the presence of numerous small objects in the dataset, including
very young broilers in the starter phase and animals positioned far from
the camera. Subsequent results for multi-view detection and tracking are
obtained using the YOLOV11X model with an input resolution of 1920x1080
pixels which achieves the highest overall AP@50-95 of 70.8%.

Figure 11 shows examples of incorrect detections for the single-view de-
tection model. Both false positives and double detections will be propagated
into the next tasks. Some of these errors will be filtered out by thresholding,
but others will persist, emphasizing the need for further improvements in
object detection. Missed and distant detections however can be adressed by
combining multiple cameras. If a chicken is missed in one camera, another
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False Positives Missed Detections Double Detections Distant Detections

Figure 11: Examples of incorrect detections for the single-view detection model. The left
three columns each include two examples of False Positives, Missed Detections and Double
Detections. The right column shows an example of broilers far away from the camera. The

green bounding boxes are obtained by the YOLO11X model.

camera could detect the chicken correctly. By having multiple cameras, the
pen can have better coverage, allowing for the removal of these noisy detec-
tions.

Table 4: AP50-95 reported for the three dietary phases. Results were obtained on a fine-
tuned YOLO11X model and on the pre-trained YOLO11X model, using the bird class as
the target class. In both cases, an input resolution of 1920 x 1080 pixels was used.

Finetuned Starter Grower Finisher Overall
X 1.58 £1.5 11.16 £3.0 21.8 +£1.6 13.94 +1.3
v 63.3 +46 70.0+34 749433 708422

Table 4 also demonstrates the significant performance improvement af-
ter fine-tuning the YOLOV11X object detector on our dataset. Although the

publicly available YOLOV11X version is pretrained on the COCO dataset (Lin
et al., 2014) which does contain a bird class, it generalizes very poorly to our
dataset, especially for younger broilers.

3.2. Multi-view detection performance
In Table 5, we report MODA, MODP, precision and recall on the multi-
view detection dataset that was introduced in section 2.1.2. For tuning and
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evaluating the multi-view detection pipeline, a 5-fold cross-validation proce-
dure was used. Each fold was split 50%|50% for validation and testing re-
spectively. For all dataset splits, samples were distributed across the entire
time range of the experiment, ensuring temporal diversity in each partition.
Hyperparameter tuning was performed on the validation set of each fold
after which we tested using the best parameters of each fold on the test set.
However, we found that the best parameters for each fold were not signif-
icantly different from one fold to another. For this reason, we average the
values of the best parameters of each fold to obtain the final parameters used
for the multi-view detection pipeline, see Appendix D for hyperparameter
details. In the table we include both the results with the same parameters
averaged across folds and the results with unique parameters per fold.

Table 5: Multi-view detection results with 95% confidence intervals across folds for the
different broiler phases. We report MODA, MODP, precision and recall. The first four
rows show results with same parameters averaged across folds, while the last row shows
results with unique parameters per fold. Overall} shows the result when using the tuned
parameters for each fold.

Phase MODAT MODP?T Precisiont Recallt

Starter  84.9 £2.8 63.9 £1.2 920 +1.6 93.0 £1.2
Grower 85.9 £0.9 65.6 £0.5 93.1 £0.5 92.8 £0.5
Finisher 86.5 £1.5 65.9 £0.7 93.2 £0.8 93.3 +0.7
Overall 86.0 £0.9 65.5 £0.5 93.0 £0.6 93.1 £0.4

Overallf 85.8 £1.1 654 £1.6 929 £0.7 93.0 £0.7

The multi-view detection results, as shown in Table 5, demonstrate strong
performance across the broiler growth phases, with the Finisher phase record-
ing a MODA of 86.5% and precision of 93.2%, followed closely by the Grower
phase at 85.9% MODA and 93.1% precision, and the Starter phase at 84.9%
MODA and 92.0% precision. The overall performance across all phases re-
mains robust, achieving a MODA of 86.0%, precision of 93.0%, and recall of
93.1%, reflecting the effectiveness of the detection system. Two key factors
influence these results: the distance-based point selection step for approx-
imating the broiler’s location on the ground plane and the quality of the
per-view detections. An analysis of different heuristics for feet approxima-
tion is detailed in Appendix C.

In the point selection process, the position of the broilers’ feet is estimated
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along the line between the bottom center and the center of the bounding box.
The error in this estimation is constrained by the size of the bounding box,
which increases with the size of the broilers. As broilers grow from the Starter
to the Finisher phase, their larger bounding boxes lead to greater absolute
errors when projecting their locations onto the ground plane. This amplifies
the complexity of the fusion step, as the distance between projections of
corresponding points from multiple views grows with these errors, potentially
making it harder to match detections accurately across views.

Meanwhile, the quality of per-view detections, as discussed in 3.1, im-
proves with broiler size. Larger broilers, such as those in the Finisher phase,
are detected with greater accuracy compared to smaller ones in the Starter
phase, due to their increased visibility and distinct features. This enhance-
ment in detection quality provides more reliable inputs to the fusion process,
potentially offsetting the challenges posed by larger position estimation er-
rors. Across the phases, these two factors—position estimation error and
detection quality—interact to shape the multi-view detection performance,
as reflected in the results.

Figure 12 displays a sample from the test set with all four input views.
The last row emphasizes the pipeline’s capability to manage occlusions: de-
spite multiple broilers being obscured by lighting equipment in camera 3,
they are visible in camera 4, allowing the correct detection of the broilers.
In Figure 13, a detailed analysis of the per camera performance is shown.
The pen is divided into 30x30 cm squares, for each of the squares the MODA
is calculated based on the single-view detections. For cameras 1 and 4, the
entire pen is almost fully visible, which can be seen in Figure 12. However,
performance significantly decreases for detections in the other half of the pen.
This decline occurs because, for objects further away from the camera, small
discrepancies in the selected point’s position lead to large variations in the
projected point on the ground plane.

Additionally, detecting broilers becomes more challenging as they move
farther from the camera because they appear smaller in the images, making
them occupy fewer pixels. Occlusions caused by the lighting equipment can
also be seen in this figure; for cameras 1 and 4, there is a notable decrease
in MODA in the fourth row from the bottom, while for cameras 3 and 4, the
effect is less severe. Detections that are far away from the camera are removed
as discussed in section 2.2.2, this removal threshold was fine-tuned on the
validation set and closely aligns with the areas where performance begins
to decline. The removal threshold value slightly exceeds the pen width (4
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Cam 1 crop

Figure 12: This figure shows one sample of the grower phase. The top two rows show
all four input images with back-projected ground truths and predictions. In the left two
crops of the last row we show the model’s ability to handle occlusions due to the multi-
camera setup. The right two crops show a double detection due to incorrect fusion of two
detections. The ground truth labels are indicated with o, the selected points using V and
the final predictions using /.. The bounding boxes [1 are the single view detection results.
Figure is best viewed in color.



meters) at 440 cm. We can conclude that every camera adds complementary
information, and all cameras are needed for the comprehensive detection of
the whole pen. However, Figure 12 also shows a limitation of the pipeline
in the two rightmost crops. Although the broilers are accurately detected
in each individual camera, the projection on the ground plane is not correct
because the broiler is standing up. As the distance between the projected
points exceeds the set threshold, the detections fail to merge, leading to a
false positive.

Cam 4 Cam 1

Figure 13: Performance of each individual camera. The pen is divided into 30x30 cm
squares and shows the MODA for each square based on the single-view detections. The
white circles indicate the remove threshold radius for each camera of which the center is
each respective camera position. The figure shows that each camera adds complementary
information.

3.3. Multi-view tracking performance

The ground plane tracking dataset, introduced in section 2.1.2, consists of
six 30 second segments with on average 136 tracked broilers at 25 frames per
second. Similar to how the the train and validation splits are made for the
WildTrack dataset Chavdarova et al. (2018), each 30 second segment is split
up into 10 second clips, totalling 18 samples. Again, a 5-fold cross-validation
procedure is used, randomly splitting the samples 50%|50% validation and
test respectively for each fold. Hyperparameters are tuned in each fold on the
validation set. The multi-view tracking performance is presented in Table 6
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Table 6: Comparison of tracking performance between the baseline tracking-by-detection-
matching (TBDM) approach and our proposed tracking-by-curve-matching (TBCM)
method. Each method is tested with both SORT and muSSP trackers (on ground plane
for TBDM and in image plane for TBCM). Bold values indicate best average performance
for each metric. Values are presented as mean + 95% confidence interval.

TBDM TBCM

Metric SORT muSSP SORT muSSP

MOTAfT 0.81 £0.00 0.81 +0.01 0.81 + 0.00 0.81 + 0.01
MOTP| 396 +£0.04 406 +0.04 3.87 +0.06 3.89 + 0.07
Rellt 0.88 £ 0.00 0.89 4 0.00 0.89 + 0.00 0.90 + 0.01
Prent 0.93 + 0.00 0.93 £+ 0.00 0.92 + 0.00 0.91 £+ 0.01
MT?t 0.83 £0.01 0.83 &£ 0.01 0.84 +0.01 0.88 + 0.01
PTY 0.13 +£0.01 0.12 £ 0.00 0.10 + 0.00 0.07 £ 0.00
ML] 0.05 += 0.00 0.05 + 0.00 0.06 + 0.00 0.06 £+ 0.01
IDF11 0.85 +£0.00 0.86 4 0.01 0.89 +£0.00 0.89 + 0.01

FM| 2111 + 240 2029 + 144 1276.0 £ 58.6 1045 £ 166
IDs| 1077 £ 164 9294 £ 66.6 3956 = 11.5 377.6 £ 91.9
IDt} 372 £ 117 4584 £ 254 97.8 £ 10.8 73.8 £ 8.2
[Da] 367 £ 159 2420 £ 644 2054 £ 134 199.8 £ 45.7
I[Dm] 30.8 £ 6.5 378 £ 2.3 194 £ 40 12.6 £ 34

where the average performance across the five folds with the 95% confidence
intervals is reported.

Compared to the baseline approach TBDM, our method TBCM achieves
superior tracking consistency across both tested variants (SORT and muSSP).
The TBCM approach with muSSP achieves the highest IDF1 score of 89%,
showing an improvement over the TBDM baseline (86% with muSSP). This
enhanced performance is further evidenced by significant reductions in iden-
tity switches (IDs) and identity transfers (IDt). TBCM reduces IDs by more
than half compared to TBDM and reduces fragmentations (FM) by nearly
50%, with the lowest fragmentation count (1045) achieved by TBCM with
muSSP. While TBDM maintains a slightly higher precision (93%), TBCM
with muSSP achieves the best recall (90%) and notably improves the pro-
portion of mostly tracked objects (MT) to 88%. While MOTA values remain
comparable across all methods, the best MOTP score is achieved by TBCM
(SORT) with 3.87cm, indicating improved localization accuracy.

Figure 14 shows a qualitative comparison between the TBDM and TBCM
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Cam 3 (Finisher)

Cam 2 (Starter) 5

Figure 14: This figure compares the tracking methods TBDM and TBCM (muSSP) where
ground truth labels are indicated with o, TBDM (muSSP) predicted tracks with [] and
TBCM (muSSP) with /.. Black and white tracks indicate lost tracks. To keep the figure
clear, we only show the last four seconds (100 frames) of each track. The top row shows
the improved fusion due the correction for moving broilers. The second row shows the
degraded performance of TBDM due to the close proximity of the the broilers. The last
row shows TBCM'’s inability to connect detections for longer temporal gaps. Figure is
best viewed in color.
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Table 7: Tracking performance across different broiler growth phases using TBCM
(muSSP). Values are presented as mean 4 95% confidence interval.

Metric starter grower finisher OVERALL
MOTAT | 0.78 = 0.02 0.82 + 0.02 0.85 + 0.01 0.81 +£ 0.01
MOTP| | 2.75 +0.05 4.06 + 0.11 4.82 + 0.15 3.89 + 0.07
Rellt 0.88 + 0.01 0.90 + 0.01 0.93 + 0.01 0.90 £+ 0.01
Prent 0.90 + 0.01 0.91 + 0.01 0.92 £+ 0.01 0.91 £+ 0.01
MT?t 0.84 + 0.01 0.87 + 0.02 0.91 £+ 0.01 0.88 + 0.01
PTY 0.09 + 0.00 0.08 + 0.01 0.04 +£ 0.01 0.07 + 0.00
ML] 0.07 + 0.01 0.05 + 0.01 0.05 + 0.01 0.06 + 0.01
IDF11 0.86 + 0.01 0.89 + 0.01 0.91 £+ 0.01 0.89 + 0.01
FM| 325.40 £+ 39.16 428.60 + 107.22 291.00 &+ 31.82 1045.00 + 166.28
IDs| 119.00 + 18.44 153.20 + 43.53 105.40 £ 33.50  377.60 £+ 91.91
IDt} 30.00 + 6.76 26.00 + 4.68 17.80 £+ 4.04 73.80 + 8.23
IDa] 70.00 + 12.11 79.00 + 20.16  50.80 + 14.37 199.80 + 45.70
IDm| 5.20 + 2.00 4.60 + 1.18 2.80 + 0.96 12.60 + 3.37

methods. The figure highlights the benefits of the TBCM approach as well as
a limitation compared to TBDM. In the previous section, we discussed the
limitation of the multi-view detection method, where the incorrect fusion
of detections from different broilers is caused by the inacurate projection of
the broiler’s location on the ground plane. This problem is propagated in
the tracks produced by the TBDM algorithm. By adjusting the projection
for broilers that are moving around, our TBCM approach can adress this
problem and fuses the two tracklets correctly. As shown in Table 6, metrics
related to track identities, such as IDF1, IDs and FM are greatly improved
with the TBCM method, an example of why is shown on the second row in
the qualitative figure. The TBDM approach wrongly accociates detections
from different broilers, creating inconsistent tracks especially when broilers
are close to each other. Due to early association of the bounding boxes
instead of points on the ground plane, our tracklet fusion method can utilize
more information to determine which tracklets should be fused. A limitation
of the TBCM method, however, is illustrated on the third row. TBCM does
not take into account motion information for the fusion of tracklets when
there are no overlapping timesteps between the tracklets. This makes the
fusion of these tracklets much harder, resulting in more fragmentations.
Table 7 presents the performance metrics for the various dietary phases
for the TBCM method that uses muSSP for obtaining per-view tracklets.
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The results indicate that tracking performance improves across the broiler
growth phases, with the finisher phase achieving the highest scores in metrics
like IDF1 (91.0%) and MOTA (85.0%). The starter phase shows the lowest
performance, with metrics such as MOTA (78.0%) and higher fragmentation
(FM: 325.40). As discussed in 1, younger broilers are generally more ac-
tive, which makes tracking more challenging. However, for younger broilers,
MOTP tends to be lower (2.75), due to their smaller bounding boxes, which
allow for more accurate projections.

Figure 15: Visualization of what the algorithm considers standing and walking broilers.
All curves shown are the filtered curves (distant ones removed) from each camera, shown
both in the image plane and ground plane. The curves represent 10 seconds of video. Blue
lines represent standing broilers and red/green lines represent walking broilers. The green
lines represent the corrected red curves for the broilers that are considered walking from
different cameras. The green arrow highlights a walking broiler which is tracked in the
image plane by three seperate cameras (three red lines and three green lines), due to the
correction, the green lines overlap much more with each other, allowing for correct curve
matching. Diamond ¢ markers (with a color for each track id) represent the ground truth
locations at the timestep shown.)

Figure 15 shows a visualization of what the algorithm considers standing
and walking broilers and how the algorithm corrects for the walking broilers
allowing for correct curve matching. Within the tracking window a broiler
can only be considered as either standing or walking, this is a limitation of
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the algorithm.

Method Process 5s 15s 30s Linear
per frame multi-view detection 82+02 247+ 1.0 494+ 28 v
TBDM (muSSP) muSSP detection matching 39.8+1.2 1387+ 54 3346+ 234 X
Total 480+08 1634+ 3.7 384.0+L 15.2 X
muSSP 2D tracking (4 views) 92.74+4.9 3153+30.5 692.4+102.6 X
tracklets to curves 2.8+0.1 88+ 05 178+ 14 v
TBCM (muSSP) -/ ve matching 25+£03 184+ 43 642+ 234 X
Total 98.0+28 3425+171 7744+ 555 X
per frame multi-view detection 84+02 250+ 1.0 505+ 29 v
TBDM (SORT) SORT detection matching 1.3+£00 38+ 0.1 76+ 03 V/
Total 9.7+£0.1 288+ 0.7 5H80%£ 19 v
SORT 2D tracking (4 views) 35+01 105+ 06 210+ 1.7 V/
tracklets to curves 2.8+0.1 86+ 0.5 174+ 14 v
TBCM (SORT) curve matching 25+£03 167+ 3.9 5594 195 X
Total 8.8+0.2 358+ 22 9444+ 104 X

Table 8: Processing times (in seconds) for different tracking methods on an AMD Ryzen
5 5600G Processor. The columns indicate the duration of video processed at 25 fps. Note
that YOLOv11x detection times are not included as they are well-documented online. The
Linear column indicates whether the process scales linearly (v) or non-linearly (X) with
video duration.

Table 8 presents the processing times for different tracking methods on
an AMD Ryzen 5 5600G Processor, with the column names indicating the
video durations processed at 25 fps. Note that YOLOv11x detection times
are not included as they are required for all methods. While the 2D tracking
for TBCM could easily be parallelized for each view, the timings here are re-
ported for the sequential case. Furthermore while muSSP is implemented in
C++ for matching detections faster, our method is implemented in Python.
While the per frame multi-view detection, converting tracklets to curves (pro-
jecting them onto the ground plane) and SORT tracking/detection matching
are all linear, the curve matching and muSSP detection matching steps are
non-linear since they are global operations that scale with the number of
detections. While the TBDM (SORT) method is the fastest method it has

the lowest tracking performance.
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4. Conclusion

In this study, we proposed a multi-camera, individual broiler detection
and tracking method designed to localize and track broilers in experimental
pen setups. Combining a state-of-the-art object detection model, a dynamic
point selection strategy, and precise geometric fusion, we achieved an aver-
age MODA of 85.8% and 93% recall for broiler localisation, showcasing the
pipeline’s robustness across different broiler ages. Our novel tracklet fusion
approach improves the tracking-by-detection paradigm by reliably tracking
up to 5% more broilers. By leveraging complementary viewpoints from mul-
tiple cameras, our system can better handle occluded broilers, significantly
improving detection and tracking performance compared to single-camera
approaches. Broiler tracks can provide useful insights into behaviour. As il-
lustrated in Figure 1, these tracks can be post-processed to identify different
behavioral patterns, such as activity levels or resource usage. This demon-
strates the potential to automate continuous behavioral analysis in research
settings, significantly reducing the need for manual observation while en-
hancing objectivity and consistency. We also open source the comprehensive
labeled dataset that includes broilers at varying ages, from 5 day to 38 days
old, providing a valuable resource for the community to advance research in
this domain. A notable strength of our system is its unsupervised nature
where only the object detection component requires labeled training data.
This is a deliberate choice given the labor-intensive nature of annotating full
pens of broilers and highlights the scalability of the approach for larger pen
sizes. Despite these advantages, challenges remain. Poor visibility in corner
areas impacts performance, this issue could be addressed through optimized
camera placement or by adding additional cameras beyond our current setup
of one camera per 9m?. The system’s flexibility allows users to determine
the extent of the pen surface to be monitored, providing adaptability to spe-
cific requirements of different setups. In future work we aim to extend the
system’s utility beyond research settings and test a multi-camera system in
commercial broiler farms as our method is able to improve tracking results
particularly when broilers are closely grouped together. Additionally, we
plan to investigate post-processing techniques to extract behavioral features
from the tracks. Lastly, we intend to improve our tracklet fusion approach by
incorporating motion features during the fusion process to further improve
tracking results.
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Appendix A. Camera calibration

Camera calibration involves estimating the intrinsic and extrinsic param-
eters of the camera. Intrinsic parameters are properties of the camera itself
of which the value is invariant to the scene being captured. Extrinsic pa-
rameters, on the other hand, describe the position and orientation of the
camera with respect to the world coordinate system. In our case, the world
coordinate system has its origin in one of the pen corners and its coordinate
axes aligned with the fences of the pen and the pen floor as XY-plane. Ac-
curate calibration is needed to map coordinates in the 2D image frame of
one camera onto a position in the world coordinate system, or to map 2D
coordinates in the image frame of one camera into image frame coordinates
of another camera. The calibration procedure utilized for the WildTrack
dataset (Chavdarova et al.; 2018) is closely followed.

Intrinsics: To perform the intrinsic calibration of each camera, the
procedure detailed in OpenCV (2023) employing a Charuco board is used.
To detect the Charuco board, the Aruco library can be used which is part
of OpenCV (Bradski, 2000). The detected corner points can then be used to
obtain the camera matrix and distortion coefficients. The camera matrix is
a 3 x 3 matrix that includes the camera’s focal length and principal point.
The distortion coefficients determine the radial and tangential distortion of
the camera optics.

Extrinsics: The process of extrinsic calibration is fundamental for es-
tablishing a robust and accurate relationship between the camera coordinate
system and the world coordinate system. This calibration is performed man-
ually, since self-calibration techniques rely on distinct visual markers that are
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absent in broilers (Xu et al.; 2021; Tang et al., 2019). 43 strategically chosen
points are marked within the pen, manually measuring their 3D coordinates
within the world coordinate system. Simultaneously, the corresponding 2D
positions of these points within the camera views are recorded. Using the
acquired 3D-2D correspondences, the rotation and translation parameters of
each individual camera pose can be computed by minimizing the reprojection
error. This can be achieved using the OpenCV method solvePnP that uses
the non-linear Levenberg-Marquardt minimization scheme (Madsen et al.,
2004).

Bundle Adjustement: Finally, joint optimization of the calibration
parameters is performed for the four cameras through a technique known
as bundle adjustment. Through a set of images capturing 3D points from
different perspectives, bundle adjustment can be characterized as the task
of refining the 3D coordinates representing the scene geometry concurrently
with the intrinsic and extrinsic camera parameters. This refinement is carried
out based on an optimality criterion that considers the corresponding image
projections of all points. An additional set of 699 2D-2D correspondences
is labelled across the four camera viewpoints to facilitate this optimisation
process. These points correspond to a total of 238 unique points in the world
coordinate system. To solve this nonlinear least-squares problem, the SciPy
Python library (Virtanen et al.; 2020) is used.

Calibration accuracy Figure A.16 highlights the quality of the mutli-
camera calibration. The bundle adjustment step greatly improves the joint
camera calibration and is crucial to the performance of the pipeline.

Appendix B. Additional metric details

In the following paragraphs we detail the difference in obtaining TPs for
the single-view detections versus the multi-view detections.

AP@50-95: Predicted bounding boxes are considered as a positive
detection of a ground truth bounding box when the Intersection-over-Union
(IoU) exceeds a predefined threshold. The matched prediction with the high-
est confidence is considered as a TP, and all others as False Positives (FP).
The number of False Negatives (FN) is determined as the number of ground
truth bounding boxes for which none of the predictions has an IoU larger
than the threshold. Multi-View Metrics: To match ground plane de-
tections to their respective ground truth, minimum cost assignment between
ground truth objects and predictions is used based on a predefined distance
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Table B.9: Overview of evaluation metrics used in this work.

Subtask Metric Description
Smgletwew AP50-95 Measures how well the detector finds broilers in single camera views.
detection The score averages detection accuracy across different overlap thresholds
(50% to 95%) between predicted and actual broiler locations
MODA Overall detection quality score that penalizes both missing broilers (false
Multi-view negatives) and detecting non-existent broilers (false positives)
detection MODP Measures how accurately the detected broiler positions match their true
positions on the ground plane

Precision Out of all broilers the system detected, what percentage were actually
real broilers (rather than false detections)

Recall Out of all real broilers present, what percentage did the system success-
fully detect

MOTA Overall tracking quality score that considers missed detections, false
detections, and cases where broiler identities get mixed up over time

MOTP How precisely the system tracks broiler positions - measured as the av-
erage distance between predicted and actual broiler locations

Multi-view  MT Percentage of broilers that were successfully tracked for more than 80%
tracking of the ground truth trajectory

ML Percentage of broilers that were rarely or never tracked (less than 20%
of the ground truth trajectory)

IDF1 How well the system maintains correct broiler identities throughout
tracking, considering both detection accuracy and identity consistency

FM Number of times the system temporarily loses track of a broiler before
finding it again

IDs (ID switch) Number of times the system incorrectly assigns a new iden-
tity to a broiler that has already been tracked, mistakenly treating it as
a different broiler.

IDt (ID transfer) Number of times an existing track is reassigned to a dif-
ferent broiler, leading to an incorrect continuation of identity.

IDa (ID ascension) The number of times a new identity is assigned to a
broiler that was previously untracked.

IDm (ID migration) The number of times a broiler that has already been
tracked is assigned a different identity, leading to an inconsistency in
tracking.

Precision Out of all tracked broiler positions, what percentage correctly matched
real broiler positions

Recall Out of all real broiler positions over time, what percentage were success-

fully detected

35



Camera 1 Camera 2 Camera 3 Camera 4

Figure A.16: Each row corresponds to a set of 4 time-synchronized frames as captured by
the different cameras. To demonstrate the accuracy of our camera calibration, the chicken
positions (green circles) are manually indicated in one view. These points are then first
projected onto the ground plane and subsequently projected back into the other three
viewpoints (blue circles).

threshold. The matched detections are considered TPs, and all others as
FPs.

For the multi-view detection metrics, the code of Hou et al. (2020) is used
while the py-motmetrics library Heindl et al. (2017) is used for the tracking
metrics. Table B.9 provides an overview of the metrics used in this work.

Appendix C. Point selection strategies

To investigate the localisation errors introduced by the point selection and
projection steps, we compare the performance of the distance-based point se-
lection mechanism with the two other heuristic selection strategies introduced
in section 2.2.2. We also experimented with the effect of not projecting points
too distant from the camera. The results are reported in Table C.10.

From the results, we can conclude that both the distance-based point
selection strategy and the distance-based removal strategy positively impact
the detection performance. Not projecting bounding boxes of too-distant
detections does not improve recall but does improve accuracy, which shows
that only incorrect detections are removed.
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Table C.10: Performance comparison of different point selection strategies and the addition
of discarding distant points. The selection row refers to which point in the bounding box is
selected for projection to a ground position. The removal row refers to whether too-distant

points are discarded or not.

Point selection Remove Threshold MODA MODP Precision Recall
center v 64.1 £0.8 55.1 £0.7 81.2 +0.4 83.4 +0.7
bottom v 76.7 £2.3 51.2 £0.5 87.0 £1.2 90.4 £1.0
distance X 76.9 £1.7 56.1 £0.4 86.5 +£1.0 91.3 0.6
distance v 86.0 £0.9 65.5+0.5 93.04+0.6 93.1+04

Appendix D. Hyperparameters

Table D.11 details all the tuned hyperparameters for the methods dis-
cussed in the paper. 3D and 2D refer to the ground plane and image plane
for the muSSP tracking method. The broiler radius (BR) depends on the
age of the broiler, see section 2.2.4. Other hyperparameters could be tuned
for the muSSP method, such as weight source sink, sigma box size and
sigma_ motion, but we found that the default values worked well for the cur-
rent experimental setup. For more details on the hyperparameters, we refer
to our github repository.
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