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Abstract: The welfare and productivity of livestock are critical in modern agriculture, requiring automated and non-
invasive health and behavior monitoring systems. Such systems can provide information about multiple pa-
rameters related to the animal over time. Respiration rate (RR) is one of the vital physiological parameters
whose accurate, continuous estimation can provide early detection of diseases and heat stress, as well as an
indication of activities such as rumination in cattle. Traditional measurement methods like direct observation
and calculation or the use of contact sensors are often labor-intensive or intrusive, highlighting the need for
remote solutions. This paper introduces a camera-based, semi-automated method for non-contact respiration
rate estimation in cows and calves using a top-down, overhead camera perspective. The proposed pipeline
leverages computer vision and signal processing, combining deep learning-based segmentation with contour
and area-based analysis to convert subtle flank or abdominal movements into a time-domain signal. This sig-
nal is then filtered and analyzed using a peak-picking method for continuous RR estimation. The proposed
method is evaluated on video snippets of moderately stationary animals, achieving an approximate maximum
estimation error of 5% across four different feature extraction approaches. The results demonstrate the effec-
tiveness of the method and offer encouragement for further investigation.

1 INTRODUCTION

The well-being of livestock is of paramount concern
in modern agriculture. Early detection of health is-
sues is crucial for timely intervention, reducing suf-
fering, and minimizing economic losses. As an ex-
ample, there are around 10 million cattle in more
than 120,000 cattle farms (Statistisches-Bundesamt,
2025) in Germany, of which less than 50,000 are
dairy farms (Statistisches-Bundesamt, 2025), (Tergast
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et al., 2024). Death rates in newborns can be be-
tween 10% and 15% (Falkenberg et al., 2022), primar-
ily due to infectious diseases. The premature death
rate in cows is also significant, and diseases are the
primary contributors again. Traditional methods of
monitoring health often involve close physical exami-
nation or the use of sensors such as thermistors (Milan
et al., 2016), differential pressure sensors (Strutzke
et al., 2019), and nose rings (Salzer et al., 2022).
These methods can be stressful for animals or labor-
intensive for farmers. This has led to a growing need
for automated, continuous, and non-invasive moni-
toring systems to improve animal welfare and opti-
mize farm management. Monitoring various aspects
of an animal’s life, including behavior, physical ap-
pearance, auditory signals, environmental factors, and
vital physiological data, provides a holistic view of
its health status. Changes in these indicators can of-
ten be subtle and gradual, making continuous moni-
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toring essential to identify potential problems before
they escalate. For instance, alterations in feeding pat-
terns, lameness, unusual vocalizations, or variations
in body temperature can all be early warning signs
of disease or stress (Jurkovich et al., 2024). Remote
sensing technologies offer significant advantages in
animal monitoring by enabling data collection with-
out direct contact. This approach minimizes distur-
bance to the animals, reduces stress, and ensures more
natural behavior. Furthermore, remote sensing allows
continuous data collection over extended periods and
across large groups of animals, overcoming the lim-
itations of frequent manual observations. Technolo-
gies such as imaging, acoustic sensors, and environ-
ment sensors have already demonstrated their poten-
tial in various aspects of livestock health surveillance
(Ferreira et al., 2025), (Curti et al., 2023).

Among vital physiological parameters, the respi-
ration rate is a key indicator of an animal’s health and
stress levels. Abnormal respiration rates can signal
respiratory diseases, heat stress, pain, or other under-
lying health conditions. This is particularly true for
the bovine family, which is more susceptible to respi-
ratory diseases due to their unique anatomy and heat-
induced stress (McGill and Sacco, 2020), (Ruban
et al., 2020). Hence, anomaly detection in respira-
tion can serve as an early detection system for dis-
comfort or diseases in calves and cows. Traditionally,
the respiration rate has been measured by direct obser-
vation of flank movements onsite or by using contact
sensors, both of which can be intrusive or influence
the behavior of the animal. Recent advances in com-
puter vision and image processing have opened new
avenues for remote respiration rate estimation, partic-
ularly from video footage. The approach described
in this work leverages the subtle movements of an
animal’s body during breathing, offering a promis-
ing non-contact method for continuous and accurate
physiological monitoring.

To address the need for non-contact, continuous
vital sign monitoring, we present a camera-based sys-
tem for respiration rate estimation in calves and cows.
The entire pipeline, which constitutes the primary
contribution of this work, includes selection of a tar-
get cow or calf, segmentation of the selected animal,
experimentation with multiple features extracted au-
tomatically or with manual intervention, transforma-
tion of visual information into temporal signal, and
estimation of respiration rate. The process involves
the setup of a camera system, the recording of visual
information, selection of suitable videos, and the ap-
plication of computer vision and signal processing al-
gorithms, which are described in Section 3, after pro-
viding a brief overview of related works in Section 2.

2 RELATED WORK

Recent research into the remote measurement of res-
piratory rate has seen a surge in innovative, non-
contact approaches, primarily leveraging computer
vision, artificial intelligence, and advanced sensors.
These methods focus on analyzing different parts of
the subject’s body. In the case of a cow, measure-
ments can be performed from the subtle movements
of the flank to the thermal signatures of the nostrils.
Remote monitoring is possible with the help of visual
sensors such as RGB, RGB-D with depth information,
or thermal cameras. In general, respiration rate esti-
mation methods can be primarily classified into two
categories: based on intensity changes and based on
motion.

The first approach typically involves the definition
and automatic detection of a region of interest, calcu-
lation of the average pixel intensity, which changes
with time, generation of a remote photoplethysmog-
raphy (rPPG) signal, and derivation of the respiration
rate along with the heart rate. However, this approach
is more suitable in the case of hairless animals like
pigs (Jorquera-Chavez et al., 2020) or humans (Zhao
et al., 2013). Another similar approach requires the
detection of the cow’s nostrils in a thermal image
(Lowe et al., 2019), in order to estimate the respira-
tion rate from the thermal signatures associated with
breathing activity.

The second approach relies on motion detection
of pixels in a region of interest with the help of opti-
cal flow (Wu et al., 2020), (Wu et al., 2023). These
changes or movements are used for the derivation of
time-domain signals from which the respiration rate
is estimated. In this work, the method for respira-
tion rate estimation is based on the approach of move-
ment detection in the abdominal region. A key differ-
ence from previous approaches is our unique camera
setup, where the videos are recorded from an over-
head camera. Approaches relying on flank analy-
sis from the side or ground level can be suscepti-
ble to challenges such as animal occlusion, proximity
changes, or movement artifacts. In contrast, a top-
down view can reduce issues like occlusion, provide
a more consistent view, and be robust to small or slow
movements. The entire method is described in the fol-
lowing section.

3 PROPOSED METHOD

An overview of the proposed method is illustrated
in Figure 1. The entire pipeline can be divided into
image processing and time-domain signal processing.
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Figure 1: An overview of the entire method for respiration
rate estimation in cattle.

Although the goal of the approach will be to achieve
complete automation, the following manual interven-
tions are required currently in this preliminary work.

• Selection of video snippets where the target cow
or calf remains still and clearly visible.

• Definition of a region of interest (ROI) to select
the target cow or calf.

• Specification of a sub-region of interest (sub-ROI)
to target a specific part of the animal.

• Identification of a reference point for distance
based calculations.

The process starts with the selection of a cow or
calf via the ROI and segmentation in each frame of a
short video. The manual selection is essential, partic-
ularly when multiple cows or calves are present in the
video. In the next step, either the entirely segmented
cow or a part of the segmentation mask, including the
cow’s abdomen or flank, is selected automatically for
further processing.

Alternatively, either the flank area or contours
along the abdomen can be selected with the help of

Figure 2: A newborn calf under a heat lamp.

the sub-ROI. If the contours are taken into account, a
reference point is manually drawn for calculating the
total or average distance. In the next step, the visual
information is converted to a time-domain signal. The
raw signal is filtered to concentrate on the frequency-
band of interest and the derived signal is processed to
estimate the respiration rate.

3.1 Video Acquisition

The sample videos used in this work are a part of
recordings from two different cattle farms in north-
ern Germany. Most of the videos are collected from a
farm at Lüttow in Mecklenburg-Vorpommern with the
help of a Dahua security camera. It has a resolution
of 1920×1080 pixels and can record at the rate of 30
frames per second (FPS). It is placed directly above a
particular pen of 24m2 area at a relatively secure dis-
tance so that it does not impact the natural behavior
of the cows. The pen primarily has adult cows, either
moving freely or resting in a particular place, while a
section of cows from the adjacent pens is occasionally
visible.

Additionally, some videos of calves from a
smaller pen is also recorded at the same farm. A video

Figure 3: An overview of the different options for feature
selection. The green and yellow regions denote the com-
plete segmentation mask generated by SAM (Kirillov et al.,
2023) within the large blue bounding box (ROI) and the par-
tial segmentation mask, respectively. The fitted ellipse is
responsible for deriving the partial segmentation mask. The
smaller bounding boxes (sub-ROIs) are used to isolate im-
portant sections of the mask, while X is a reference point
for distance measurements.
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(a) Entire segment. (b) Partial segment. (c) Segment in sub-ROIs. (d) Distance in sub-ROIs.

Figure 4: Feature selection options for deriving the time-domain signal.

of a calf is also recorded in a pen from a second farm
at Hohen Luckow, Mecklenburg-Vorpommern, Ger-
many, with a handheld GoPro action camera with a
resolution of 5376×2688 pixels at 30 FPS. An exam-
ple image is shown in Figure 2. However, only nine
video snippets are selected for the purpose of eval-
uation, where there is no or negligible movement of
the cow, so that an actual reference respiration count
based on visual analysis is possible. Other reasons for
not using a major portion of the videos include occlu-
sion from overhangs, vigorous movement in the cows,
quality artifacts, or visibility issues.

3.2 Image Processing

The first step towards respiration rate detection is to
isolate the important features, such as visible changes
in the stomach or flank region of the cow. There-
fore, either a segmentation of the target cow object
or extraction of its key contours is required. Ini-
tially, various image processing approaches, includ-
ing color-based segmentation, edge and contour de-
tection, change detection, the watershed algorithm,
and similar methods are applied, but they did not
produce the required features consistently across all
frames. The second and more successful approach in-
cludes the application of a pre-trained, state-of-the-
art Segment Anything model (SAM) (Kirillov et al.,
2023), which consistently segments the target cow
across all frames, particularly when the movement of
the cow is minimal. As a foundation model trained
on diverse image data, SAM is more robust than tra-
ditional methods for segmenting any complex, irregu-
larly shaped bovine body in an overhead view. How-
ever, subtle movements in the cow, or a change in im-
age properties like brightness or contrast, can alter the
segmentation accuracy.

Next, an ellipse is fitted on the segmented mask
using a standard computer vision library to estimate a

basic pose and identify the primary axes. Based on the
axes, a fraction of the segmentation mask can be se-
lected in order to exclude the mobile areas such as the
head and tail, and focus on the torso. Alternatively,
a second approach is also used where additional sub-
ROIs around the cow’s abdomen and flank are manu-
ally selected to isolate the contours. Figure 3 shows
the processing tasks, where the green region denotes
the entire mask, the yellow region denotes the partial
mask including the torso, based on the orientation of
the fitted ellipse and the length of its longer axis. The
black and magenta boxes show the manually drawn
smaller region of interests, while the mark X denotes
a reference point, also selected manually, for distance-
based computation. Finally, based on the above varia-
tions, the following features are available: the area of
the segmentation masks, the area inside the selected
sub-ROIs within the mask contours, and the average
distance from the reference point to the isolated con-
tours. Once these features are extracted, individual
temporal signals representing respiration are derived
from them for further analysis.

3.3 Signal Processing

After the image processing steps, the visual informa-
tion is converted into a time-domain signal, where the
sampling frequency is equal to the frame rate of the
corresponding video. The raw signal, denoted by y(t)
in Equation 1 and Equation 2, can be generated either
by computing the number of pixels in the segment of
interest (Si) in the ith frame, given by

y(t) = ∑
(u,v)∈Si

1, (1)

for all pixel coordinates (u,v) in Si, or by computing
the distance to the contours of interest (Ci) from the
fixed reference point marked as X, given by

y(t) = ∑
(u,v)∈Ci

∥(u,v)− (uX,vX)∥ , (2)
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Figure 5: Plots of the first 17 seconds of raw and filtered signal with peaks detected based on a threshold derived from a test
video.

for all pixel coordinates (u,v) in Ci, with (uX,vX) de-
noting the coordinate of the reference point X, and ∥·∥
denoting the Euclidean distance.

The signal needs to be processed in order to per-
form the required estimation. The signal is detrended
initially as a standard practice, where a curve-fitting
method identifies any effect of a slow global move-
ment of a cow. For a relatively still cow or calf, the
raw signal is not significantly altered. The signal is
then processed by a band-pass Butterworth filter to
limit the signal bandwidth within 0.167Hz( fl) and
1.67Hz( fh), which corresponds to 10 and 100 breaths
per minute (BPM) respectively. The magnitude re-
sponse (|H( f )|) of an nth-order filter is given by

|H( f )|= 1√
1+

(
f 2− fl fh
( fh− fl). f

)2n
(3)

Finally, a peak picking method is used to iden-
tify peaks of the processed signal, where a thresh-
old is used to avoid selecting the potentially incor-
rect peaks for the estimation of respiration rate. Fig-
ure 5 shows some example plots of the raw signal,
the filtered signal, and the detected peaks based on a
threshold. A frequency value of a more instantaneous
nature is measured locally within a short time win-
dow (3s) to observe the change in these values over
time. However, the approach cannot be validated due
to a lack of actual instantaneous respiration rate mea-
surements or annotations via observation. Therefore,
an average of the estimated instantaneous values is
calculated across the entire duration and corroborated

with annotations via human observation. Incidentally,
it is recommended in literature that an average esti-
mation over a longer time period tends to match the
actual observation (Dißmann, 2024). The length of
the time window can be varied but the final results
from different short window lengths are close to each
other. The measured respiration rate (RRavg) can be
expressed as

RRavg =
1
N

N

∑
n=1

RRinst(n), (4)

and the instantaneous rate (RRinst) can be expressed
as

RRinst(n) =
60

1
K−1 ∑

K−1
k=1

(nk+1−nk)
fs

, (5)

where nk denotes the kth peak sample, fs denotes the
sampling frequency, K denotes the number of valid
peaks within the short window, and N denotes the to-
tal number of instantaneous values over the entire du-
ration of observation. The above estimation can be
performed with the help of Short-Time Fourier Trans-
form (STFT) as well, but can suffer from issues of
poor frequency or time resolution, particularly if the
signal has rapid changes.

4 EVALUATION

For the evaluation of our method, small video snippets
are selected based on certain criteria. A large section
of the videos has the cattle either moving vigorously
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or its important features are occluded, leading to a re-
moval of such sections. The quality of certain videos
and the limited visibility of important features also re-
duce the number of useful sections. Nine video snip-
pets are selected and studied by five people to deter-
mine the number of respiration cycles. The average of
their counts is taken into consideration, and the respi-
ration rate reference values in BPM are calculated as
provided in Table 1. The last video has a lot of small
movements, and the reference respiration rate calcu-
lated by different subjects has the most deviation of
all the videos.

4.1 Results

As mentioned in the previous section, the peak pick-
ing method on the filtered signal is used for the es-
timation of respiration frequency. Among the con-
trol parameters are a window size and a threshold
value. The threshold can be calculated as a small fac-
tor (0.05) of the standard deviation of the entire signal
(global) or a running window of samples (local). Ad-
jacent peaks above this threshold are used to calculate
instantaneous frequencies, and the computed values
are then averaged, leading to a mean respiration rate
estimation. The usage of a running window makes
the threshold and the respiration calculation dynamic
in nature, which is particularly useful in the case of
non-stationary signals during online monitoring.

The time-domain signal can be generated from
features that are selected by multiple approaches.
These approaches are based on the consideration of
the entire segmentation mask, the area of the mask
including the abdomen or flank, a smaller area in a
hand drawn sub-ROI in the abdominal area, and the
distance from a reference point to the contours of ab-
domen or flank region in the sub-ROI. Figure 4 il-
lustrates the aforementioned considerations and the
corresponding results are provided in Table 2. The
best result from each video and the best average re-
sults are displayed in bold. From the results, it can

Table 1: Reference breath per minute (BPM) values from
the video snippets under test.

Video Id. Duration Avg.Counts BPM
1 26 27 62.31
2 77 75 58.44
3 27 31 68.89
4 46 48 62.61
5 52 59 68.08
6 39 38 58.46
7 32 36 67.5
8 15 12 48

9* 46 57 74.35

be seen that the approach based on the partial mask
produces the best result with an average absolute er-
ror of 2.11BPM, while the method based on the entire
segmentation mask produces the highest average ab-
solute error of 3.15BPM corresponding to a 5% error
based on the average BPM value. The approaches in-
volving the sub-ROIs also perform very well with er-
ror values of 2.52BPM and 2.76BPM. However, it is
observed that the approach based on the masked area
in the sub-ROI, produces the most stable time-series
signal. On the other hand, the distance-based method
seems to produce a more unstable signal, since it is
based on a low number of pixels compared to the oth-
ers and hence is susceptible to edge noise.

4.2 Discussion

The advantage of the presented method of capturing
respiration with an overhead camera essentially lies
in the unobstructed line of sight. From this view-
point, more parts of the body might become relevant
compared to a close lateral or frontal view. Because
respiratory movements are captured visually, general
body movements are disruptive influences that should
be filtered out. Fortunately, these disturbances are
usually isolated, non-rhythmic, and mostly not in the
same frequency range as breathing. However, the an-
imal’s position and such movements can affect the
computer vision methods. In Table 2, videos 3 and 7
have some segmentation artifacts, particularly when
the cow is standing close to the boundaries of the
pen. These artifacts might lead to incorrect peaks in
the signal and might impact the area-based estima-
tions. Videos 8 and 9 are of calves and have vari-
ous artifacts leading to increased segmentation prob-
lems. Video 8 is captured with a handheld camera
which is slightly unstable and it results in a shift of
key features. Hence, the manually drawn sub-ROIs
do not have the same features across the duration of
the video since they do not track this shift. The ap-
proaches not based on the sub-ROI are comparatively
less impacted. Indeed, there are minor feature drifts
in some videos and the sub-ROI methods might be
slightly impacted as a result. Video 9 is quite unique
because the calf in the video moves vigorously lead-
ing to intermediate mask deformations. Hence the ac-
tual reference values from multiple subjects vary in
the first place, as mentioned before. The actual area
where the breathing activity can be identified is very
small and a hand-drawn sub-ROI improves the esti-
mation based on area in sub-ROI, by removing the
noise from the rest of the mask, as well as reducing
the effects of the noisy contour inside. It is also note-
worthy that the cut-off frequency of the band-pass fil-
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Table 2: Comparison of the reference (Ref.) values, the estimated values, and the corresponding absolute errors in BPM from
the four approaches based on the area of the partial mask including the abdomen, the area of the entire mask, the area inside a
sub-ROI of the mask, and the average distance to the contours in the sub-ROI from a reference point. * implies the presence
of artifacts, while ** implies an additional change in parameter compared to the other videos.

Estimation and Error (BPM)
Video Ref. Abdomen Abs. Entire Abs. Mask Area Abs. Contour Dist. Abs.

Id (BPM) Mask Error Mask Error in Sub-ROI Error in Sub-ROI Error
1 62.31 60.76 1.55 60.91 1.40 62.87 0.56 58.20 4.11
2 58.44 59.23 0.79 63.81 5.37 60.83 2.39 60.34 1.9

3* 68.89 63.48 5.41 64.02 4.87 70.01 1.12 65.6 3.29
4 62.61 60.20 2.41 60.10 2.51 64.61 2.00 63.51 0.90
5 68.08 68.68 0.60 67.86 0.22 71.23 3.15 64.74 3.34
6 58.46 58.80 0.34 62.02 3.56 60.39 1.93 59.69 1.23

7* 67.50 66.39 1.11 63.28 4.22 70.18 2.68 66.38 1.12
8* 48 50.93 2.93 51.59 3.59 54.69 6.69 54.08 6.08
9** 74.35 70.51 3.84 71.74 2.61 76.46 2.11 77.27 2.92

Avg. Error - - 2.11 - 3.15 - 2.52 - 2.76

ter is extended to 2Hz for this video, since faster in-
stantaneous breathing patterns are observed. While
a higher bandwidth might introduce more noise and
unstable behavior, it is necessary for cases where the
instantaneous breathing rate is very high.

A limitation of the approach in its current state
is its limited automation and the need for manual in-
tervention. In particular, the manual selection of the
initial ROI for SAM or the sub-ROIs can affect the re-
sults because of inconsistency in human annotations,
although the extent of its effect is difficult to quan-
tify. Overly restrictive bounding boxes, intended to
exclude extraneous objects during segmentation, may
cause edge distortion. Conversely, larger bounding
boxes risk including unwanted elements such as pen
boundaries within the segmented region. The size
of the selected bounding box directly influences the
accuracy of area and boundary length measurements
when using sub-ROIs. However, inter-annotator vari-
ability was found to be minimal. Another draw-
back in this preliminary approach is the manual se-
lection of the duration when the cow is stationary
and unoccluded, instead of an automated event detec-
tion. The current boundary-based calculations could
be improved with a more robust optical flow-based
approach to detect changes in shape. Finally, man-
ual annotations can be replaced with actual measure-
ments from a suitable device. A comparison of the
proposed method with other approaches can be per-
formed when enough annotated data is available.

Despite the limitations, the evaluation demon-
strates that the entire estimation pipeline yields
promising results on videos recorded from a top-down
camera and can provide important information about
the cow’s condition, pertaining to the degree of stress
and discomfort. Coupled with information about am-

bient conditions or with the classification of the ani-
mal’s behavior, necessary manual intervention can be
made. Furthermore, systems such as automated ven-
tilation can be controlled with the help of such infor-
mation.

5 CONCLUSION

In this work, we introduce a non-contact respiration
estimation method in cattle based on videos from an
overhead camera system. The processing pipeline is
composed of manual selection of ROIs and sub-ROIs,
deep learning-based segmentation with SAM, appli-
cation of image processing and computer vision algo-
rithms, and signal processing methods. The method is
applied on short videos of cows and calves recorded
in animal farms, in a manner similar to an online mon-
itoring system, with small time windows and continu-
ous estimation of respiration rate. Based on the results
from four different feature selection options, it can be
concluded that the proposed method works well for
cows and calves, with an approximate maximum esti-
mation error of 5%, when they are relatively quiet and
stationary. Future work will be done in order to im-
prove the method in terms of automation and robust-
ness. Further development of the image processing
pipeline will include an automated event and object
detector, enhanced feature detection, robust feature
tracking, and training a specialized, accelerated seg-
mentation model. Additional parameters can be intro-
duced and a global parameter set can be investigated
for improved autonomous behavior of the method.
Experiments will be performed with more annotated
videos, and an attempt can be made to identify ani-
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mals under duress to have possible examples of respi-
ration rates outside the normal range. The robustness
can be improved in order to estimate respiration rates
in slow-moving cattle. Finally, the use of this method
may be extended to other farm or laboratory animals.
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the effects of stress on dairy cattle behaviour. Animals,
14(14):2038–2053.

Kirillov, A., Mintun, E., Ravi, N., Mao, H., Rolland, C.,
Gustafson, L., Xiao, T., Zhang, H., Girshick, R., Xie,
S., and Li, Y. (2023). Segment anything. In Pro-
ceedings of the IEEE/CVF International Conference
on Computer Vision (ICCV), pages 4015–4026.

Lowe, G., Sutherland, M., Waas, J., Schaefer, A., Cox, N.,
and Stewart, M. (2019). Infrared thermography—a
non-invasive method of measuring respiration rate in
calves. Animals, 9(8):535–542.

McGill, J. L. and Sacco, R. E. (2020). The immunology
of bovine respiratory disease: Recent advancements.

Veterinary Clinics of North America: Food Animal
Practice, 36(2):333–348.

Milan, H. F. M., Maia, A. S. C., and Gebremedhin, K. G.
(2016). Technical note: Device for measuring respi-
ration rate of cattle under field conditions. Journal of
Animal Science, 94(12):5434–5438.

Ruban, S., Borshch, O. O., Borshc, O. V., Orischuk, O.,
Balatskiy, Y., Fedorchenko, M., Kachan, A., and
Ziochevskiy, M. (2020). The impact of high tempera-
tures on respiration rate, breathing animal science pa-
pers and reports. Animal Science Papers and Reports,
38:61–72.

Salzer, Y., Lidor, G., Rosenfeld, L., Reshef, L., Shaked,
B., Grinshpun, J., Honig, H., Kamer, H., Balaklav,
M., and Ross, M. (2022). Technical note: a nose
ring sensor system to monitor dairy cow cardiovascu-
lar and respiratory metrics. Journal of Animal Science,
100(9).

Statistisches-Bundesamt (2025). Holdings with cattle
and stock of cattle. animals and animal produc-
tion, official statistics of germany, destatis website.
https://www.destatis.de/EN/Themes/Economic-
Sectors-Enterprises/Agriculture-Forestry-
Fisheries/Animals-Animal-Production/Tables/5-
holdings-with-cattle-and-stock-ofcattle.html. Ac-
cessed: 2025–11–11.

Strutzke, S., Fiske, D., Hoffmann, G., Ammon, C.,
Heuwieser, W., and Ammon, T. (2019). Techni-
cal note: Development of a noninvasive respiration
rate sensor for cattle. Journal of Dairy Science,
102(1):690–695.

Tergast, H., Hansen, H., Weber, E.-C., and Raschel, A.
(2024). Technical note: Device for measuring respi-
ration rate of cattle under field conditions. Technical
report, Thünen Institute of Farm Economics, Braun-
schweig.

Wu, D., Han, M., Song, H., Song, L., and Duan, Y. (2023).
Monitoring the respiratory behavior of multiple cows
based on computer vision and deep learning. Journal
of Dairy Science, 106(4):2963–2979.

Wu, D., Yin, X., Jiang, B., Jiang, M., Li, Z., and Song,
H. (2020). Detection of the respiratory rate of stand-
ing cows by combining the deeplab v3+ semantic seg-
mentation model with the phase-based video magni-
fication algorithm. Biosystems Engineering, 192:72–
89.

Zhao, F., Li, M., Qian, Y., and Tsien, J. Z. (2013). Re-
mote measurements of heart and respiration rates for
telemedicine. PLoS One, 8(10).

Non-Contact Respiration Rate Estimation in Cattle from Overhead Videos

589


