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Abstract: Detecting respiration rate (RR) is a promising and practical heat stress diagnostic method
for cows, with significant potential benefits for dairy operations in monitoring thermal conditions and
managing cooling treatments. Currently, the optical flow method is widely employed for automatic
video-based RR estimation. However, the optical flow-based approach for RR estimation can be
time-consuming and susceptible to interference from various unrelated cow movements, such as
rising, lying down, and body shaking. The aim of this study was to propose a novel optical flow-based
algorithm for remotely and rapidly detecting the respiration rate of cows in free stalls. To accomplish
this, we initially collected 250 sixty-second video episodes from a commercial dairy farm, which
included some episodes with interfering motions. We manually observed the respiration rate for each
episode, considering it as the ground truth RR. The analysis revealed that certain cow movements,
including posture changes and body shaking, introduced noise that compromises the precision of RR
detection. To address this issue, we implemented noise filters, with the Butterworth filter proving
highly effective in mitigating noise resulting from cow movements. The selection of the region of
interest was found to have a substantial impact on the accuracy of RR detection. Opting for the
central region was recommended for optimal results. The comparison between the RR estimated
by the modified cow respiration rate (MCRR) algorithm and the ground truth RR showed a good
agreement with a mean absolute relative error of 7.6 ± 8.9% and a Pearson correlation coefficient of
0.86. Additionally, the results also indicated that reducing the original frame rate from 25 to 5 frames
per second and adjusting the image pixel size from 630 × 450 to 79 × 57 pixels notably reduced
computational time from 39.8 to 2.8 s, albeit with a slight increase in mean absolute relative error
to 8.0 ± 9.0%.

Keywords: body shake; dairy cows; heat stress; nearly real-time estimation; optical flow method;
posture change

1. Introduction

Heat stress in dairy cows can exert detrimental effects on their milk production, repro-
ductive performance, and immune systems [1–4], resulting in significant economic losses
for the dairy industry [5–8]. Effectively alleviating heat stress in dairy cows necessitates
accurate identification of their stress status [9]. Currently, environmental-parameters-based
thermal indices, such as the temperature humidity index, the comprehensive climate index,
and the equivalent temperature index for dairy cows, are widely employed to classify
the levels of heat stress experienced by cows [9–11]. These indices only rely on easily
measurable environmental factors (i.e., air temperature, relative humidity, air velocity, and
solar radiation), but overlook variations in internal heat generation, which also play an
important role in the thermal balance of an animal [7,12].
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Alternatively, physiological parameters such as respiration rate and core body tem-
perature can also serve as indicators of the heat stress levels in dairy cows [13]. These
parameters offer a more accurate reflection of the cow’s heat stress level, as they represent
the physiological responses of the animal to the local thermal environment [14]. Increased
respiration rate and elevated core body temperature are common manifestations in cows
experiencing heat stress, as these mechanisms aid in dissipating excess heat. However,
accurately detecting the core body temperature of cows remains challenging due to not
only its narrow range [15], but also the requirement for invasive procedures or precise
temperature sensors, making it impractical for routine monitoring. On the other hand, mon-
itoring the respiration rate presents a viable option for assessing heat stress levels [1], given
its non-invasive nature and ease of measurement. Furthermore, respiration rate exhibits
significant variation between non-heat-stressed and heat-stressed cows [16]. A thermally
comfortable cow typically maintains a respiration rate of approximately 20 breaths per
minute (bpm), while a severely heat-stressed cow may reach up to 120 bpm [17]. These
substantial differences in respiration rate among heat-stressed cows at various heat stress
levels make it an effective parameter for categorizing degrees of heat stress.

The traditional method for estimating respiration rate (RR) in cows is manually count-
ing the flank movements [18]. While this method has been widely used, alternative
approaches have emerged in recent years, such as the use of differential pressure sensors
to measure pressure changes at the nose, infrared thermography techniques, or sensitive
air temperature sensors to detect temperature changes in inhaled and exhaled airflow
through the nostrils [19–24]. These newer methods offer potential advantages in terms of
accuracy and non-invasiveness. Nonetheless, the manual observation of flank movements
remains the prevailing technique for measuring RR in practice. However, this method is
time-consuming and labor-intensive, and impractical for simultaneously monitoring the
respiration rates of multiple cows by one observer.

With remarkable advancements in machine vision techniques, researchers have ex-
plored the potential application of these technologies for analyzing animal respiration rates.
For instance, Upadhya et al. [25] employed optical flow of the human chest wall motion
as a feature input for their LSTM (Long Short-Term Memory) model, achieving a 90%
accuracy in estimating respiratory signals. Similarly, Wu et al. [26] utilized the Deeplab
V3+ semantic segmentation model to process video footage of cows, employing a video
amplification algorithm to enhance weak breathing movement signals. By applying an
optical flow method, they achieved predictive accuracies for cow respiration rates ranging
from 80 to 100%. However, it is essential to note that the waveform of the respiration rate
signal can be susceptible to system noise during the recording process and signal noise
caused by animal body shaking and posture changes [27,28]. Therefore, the reduction in
noise during the detection of dairy cow respiration rates is crucial for improving accuracy
and reliability.

Ensuring the precise detection of cow respiration rates, the endeavor of identifying
noise characteristics inherent in respiration rate signals and subsequently selecting filters
that optimize noise reduction while retaining pertinent respiratory data is of paramount
importance. Within the realm of livestock information processing, several filters have been
documented that exhibit commendable performance [29–31]. However, the performance of
filters can vary depending on the specific case and requires further analysis and evaluation.
Regarding the determination of the region of interest (ROI) in respiration rate detection,
it is noteworthy that not all segments of an animal’s body manifest distinct fluctuations
during respiration [26]. Consequently, dividing the cow’s body into discrete sections
and pinpointing the area that showcases the most pronounced respiratory-related oscilla-
tions could potentially enhance the accuracy of respiration rate measurements. Recently,
some studies have reported automatic ROI detection methodologies. For instance, Wang
et al. [32] introduced an RGB video-based respiration rate monitoring technique wherein
the ROI was autonomously selected via computer vision-based detection. However, it is
crucial to acknowledge that automatic ROI detection comes with added time requirements
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and computational expenses, which, in turn, could introduce errors during subsequent
estimation processes.

Currently, existing algorithms designed for estimating the respiration rate primarily
prioritize predictive accuracy [26,33], while the corresponding processing time was not
always considered. While certain optical flow-based algorithms have achieved impressive
accuracy, they rely on high video resolution and frame rates, resulting in a considerable
processing time. In real-world scenarios, however, the ability to monitor respiration
rates in real-time or nearly real-time is essential for effective heat stress evaluation in
dairy cows [34]. This enables the swift implementation of mitigation techniques, thereby
minimizing adverse effects on the well-being of the cows [35]. A potential solution is
to reduce the frame rate and video resolution. Nonetheless, it is important to consider
the potential impact of reducing the frame rate and video resolution on the accuracy of
respiration rate detection. Striking the right balance between speed and accuracy entails
a thorough evaluation of how diminishing the frame rate and resolution influences the
accuracy of respiration rate detection.

Therefore, the primary aim of this study was to develop a rapid and precise algorithm
for estimating the respiration rate (RR) of cows in free stalls using the optical flow method.
To achieve this goal, this study pursued the following steps: (1) analyzed the spectral char-
acteristics of the cow respiration rate noise, including posture changes and body shaking;
(2) assessed the performance of the five different filters in processing cow respiration rate
signal; (3) explored the enhancement in accuracy for cow respiration rate detection by
using partial body parts as monitoring objects; and (4) investigated the appropriate frame
frequency and pixel value for rapid and precise respiratory rate detecting.

2. Methodology and Materials
2.1. Data Collection
2.1.1. Experimental Variables and Response

The onsite videos of cows were recorded at a commercial dairy located at Hangzhou, Zhe-
jiang, China using six video cameras (DS-2CD3T47EWDV3-L Hikvision camera, Hangzhou,
China). The resolution of the camera was 2560 × 1440 @25 fps. The positions of the cameras
are illustrated in Figure 1a. The distance between camera and cow ranged from 4.2 to
5.0 m, which depended on the shooting angle and the posture of the cows. The recording
period spanned from 16 to 20 August 2022. A total of 50 healthy lactating Holstein cows
were housed in the test barn. A total of 250 one-minute episodes were extracted from
the recorded videos, capturing diverse behaviors of the cows, which included five parts:
reclining (R), standing (S), transitions from reclining to standing (RS), transitions from
standing to reclining (SR), and body shaking (BS). The episode sizes for each behavior were
as follows: 97 episodes for reclining posture, 87 episodes for standing posture, 26 episodes
for reclining to standing, 29 episodes for standing to reclining, and 48 episodes for body
shaking. It is worth noting that there was overlapping data between the group of standing
and body shaking, consisting of 32 episodes, as well as between the group of reclining and
body shaking, with five episodes. Such distribution of each behavior was mainly based on
the time budget of cows and our rough observation. The distribution of different behaviors
within the recorded episodes is concisely summarized in Figure 1b.

2.1.2. Respiration Rate Observation

The cow was considered to be exhaling when the flank appears to sink inward and
inhaling when the flank appears to rise or expand. Based on this criteria, three observers
manually tallied the respiration rates from the 250 episodes, with each flank undulation
representing a complete respiration cycle. Each observer independently counted the
respiration rates of all the 250 episodes. Each episode was 60 s, which was recommended
by Dißmann et al. [36] to ensure more precise respiration rate counting. Interobserver
reliability for pairs ranged from 0.95 to 0.99, as measured by the Pearson correlation.
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2.2. Signal Processing
2.2.1. Object Segmentation

The region of interest (ROI) in this study was designed to be segmented at the begin-
ning of the video processing, given the facts that (1) cows stay in their stall for most of the
time, (2) the monitoring cameras were normally fixed on beams or the ceiling to capture
the videos in the stalls, and (3) the automatic object detection method is time consuming.
By doing so, the time for automatic ROI detection could be saved and the RR estimation
could be faster.

The object segmentation process in this study involved two parts: (1) the segmentation
of cow (stall) from the raw image in the video, and (2) the segmentation of ROI on the cow.
In the first step, the video frame was meticulously segmented with a rectangular box, which
covered the entire cow body (as shown in Figure 2). The resolution of the image containing
the entire cow was set at 890 × 630 pixels. The primary objective of this segmentation
process was to isolate the cow from the background and other extraneous elements present
in the video.
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In the second step, further segmentation was performed on the cow pictures obtained
from the previous step. Given that flank fluctuation is the primary motion observed during
cow breathing, the central part region was designated as ROI and was precisely segmented
from the cow images. Moreover, for comparison purposes, the tail end part was considered
as an alternative ROI. As a result, there were three distinct segmentation schemes: the first
scheme, referred to as Scheme 1, encompassed images of the entire cow with a resolution
of 890 × 630 pixels, the second scheme, referred to as Scheme 2, comprised images of
the central part with a resolution of 350 × 630 pixels, and the third scheme, referred to
as Scheme 3, consisted of images of the tail end with a resolution of 450 × 630 pixels, as
illustrated in Figure 2 marked with red, green, and blue box, respectively.

After the segmentation process, the segmented images were resynthesized to create
60 s videos. This step ensures that the segmented regions of interest were represented in
video format, allowing for further analysis and processing of the respiration rate signals.

2.2.2. Video Amplification

The flank movements associated with cow respiration are relatively subtle, and var-
ious interfering factors contribute to this periodic fluctuation. To accurately detect the
respiration rate (RR), it was imperative to enhance the visibility of these subtle abdominal
movements. In this study, Eulerian Video Magnification (EVM) was employed to achieve
this amplification. EVM is a well-established method used to capture and amplify small
motion signals in continuous image sequences. This technique enables the extraction of
quantifiable and processable object motion information [37,38]. By applying EVM, the res-
piratory motion of cows captured in the video sequences could be significantly enhanced,
facilitating easier analysis and quantification.

2.2.3. Horn-Schunck Optical Flow Method

The periodic motions of the cow’s flank, which correspond to respiration, can be
observed through the local image deformation between consecutive frames captured via a
digital camera over time. To extract the cow’s respiratory information from the video, the
Horn-Schunck (HS) optical flow method was adopted in this study. The HS optical flow
method is widely used to describe brightness variation in an image by analogy with a flow
field [39].

In the HS optical flow method, the variation in optical flow angles across different
frames was utilized to capture the periodic fluctuation of the cow’s flank. By employing
the Fast Fourier Transform (FFT) on the optical flow data, the frequency with the strongest
intensity can be identified. When the cow is stable, the frequency with the highest intensity
is the frequency of the respiratory signal (f ). Consequently, the cow’s respiration rate (RR)
can be obtained using the following equation:

RR = t f (1)

where RR is the respiration rate, bpm, t denotes the time length of the video, s; f is the
frequency with the greatest intensity of the signal, Hz.

2.3. Filters for Affecting Motion

To accurately predict the cow’s respiration rate while mitigating the impact of posture
transitions and body movements on the prediction, a series of filters were meticulously
applied to denoise the behavioral signal derived from periodic flank movements. The
effectiveness of the different filtering approaches and segmentation schemes was rigorously
compared and evaluated to identify the most suitable method for enhancing the accuracy
of respiration rate estimation. The filters used in this study were as follows:

(1) Butterworth filter: The Butterworth filter is a commonly used signal processing filter
designed to have a frequency response that can filter out unwanted frequency signals
and retain required frequency signals [40]. It is an Infinite Impulse Response (IIR)
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filter characterized by a frequency response curve that is as flat as possible with no
ripple in the pass band, and gradually decreases to zero in the stop band.

(2) Elliptic filter: An elliptic filter is a type of filter that introduces ripples in both the
passband and stopband [41]. Compared with other types of filters, elliptic filters have
the smallest passband and stopband fluctuations under the condition of the same
order. Unlike the Butterworth filter, which remains flat in both regions, elliptic filters
exhibit equal fluctuations in both the passband and stopband.

(3) Segmentation filters: In addition to traditional filtering methods, the video data
can be divided into multiple segments. According to the spectral characteristics of
different cow behaviors, most of the motions lasted less than 20 s, therefore, the video
segments exhibiting spectral features associated with posture transitions and body
shaking could be potentially removed from the 60 s video episodes. To implement the
assumption, this research considered three segmentation schemes: Scheme A, B, and
C divided each 60 s video episode into two 30 s parts, three 20 s parts, and six 10 s
parts, respectively. The strategies of the segmentation are listed in Table 1.

Table 1. Strategy of segmentation filters.

Scheme Video Duration Segments Divided Segment Duration Segments Kept

A 60 s 2 30 s 1
B 60 s 3 20 s 1
C 60 s 6 10 s 3

2.4. Algorithm Development and Comparison

A modified cow respiration rate (MCRR) detecting algorithm was proposed through
integrating the optimal region of interest (ROI) for dairy cows and the proper noise filtering
algorithm. This integration aimed to yield a more accurate method for estimating the
cow’s respiration rate. The dataset obtained from the field experiment was utilized to
assess the performance of the MCRR algorithm. The MCRR was compared with the
original respiration rate algorithm that was solely based on the HS optical flow method
(as illustrated in Figure 3 with blue boxes). Furthermore, in order to comprehensively
assess the MCRR algorithm’s efficacy in respiration rate estimation across various cow
behaviors, distinct sub-datasets were meticulously examined. Each sub-dataset represented
a distinct cow behavioral scenario. This thorough examination allowed for a comprehensive
understanding of the MCRR algorithm’s robustness and versatility in accurately estimating
respiration rates across a range of diverse behavioral contexts.
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for cow respiration rate estimation.

2.5. Estimating Speed Optimization
2.5.1. Frame Rate

The respiration rate typically ranges from less than 30 bpm for thermally comfortable cows
to up to 120 bpm or even higher (~150 bpm) under severe heat stress conditions [4,9,42,43],
corresponding to a frequency range of 0.5–2.5 Hz. According to the Nyquist sampling
theorem, the sampling frequency should be twice or more than the frequency of the
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target signal [44]. So the minimum frequency of the video surveillance system is 5 Hz.
Considering that the typical frequency of the video surveillance system is usually 25 Hz,
there is an opportunity to reduce the number of frames used for RR estimation. By doing so,
the computational cost could be saved and the computational time for each video sample
could be reduced. To determine the optimal time interval between consecutive frames
for the RR estimation of cows, 60 s video episodes with frame rates of 5, 13, and 25 Hz
were selected for analysis. The computational time and the accuracy of respiration rate
estimation were subsequently assessed for each frame rate.

2.5.2. Video Resolution

Another approach to reduce computational costs for cow respiration rate estimation is
by reducing the video resolution. The raw video frames used in this study had pixel sizes of
630 × 890 or 630 × 450, depending on the different regions of interest used. To evaluate the
effect of video resolution on the accuracy of respiration rate estimation and computational
time, the resolution was reduced to 315 × 225, 158 × 113, 79 × 57, and 40 × 29, and the
corresponding percentage of the raw video resolution was 50%, 25%, 12.5%, and 6.3% of
the original size.

The algorithm’s computational time, t, was defined as the duration starting from the
video amplification to the output of RR. For the execution of computations, this study
utilized a computer equipped with an 8-core i7-9700K CPU, 64 GB of running memory, and
an NVIDIA GeForce RTX 2060 graphics card.

2.6. Evaluation Criteria

In this study, we conducted tests to assess the effectiveness of animal motion filters and
Region of Interest (ROI) selection in the estimation of respiration rate (RR) using the optical
flow method. Furthermore, we sought to identify optimal design parameters, specifically
focusing on frame rate and video resolution. To evaluate the proposed algorithms, the
absolute relative error (δ), and Pearson’s correlation coefficient (ρ), and root mean square
error (ε) were adopted:

δ =

∣∣∣∣RRest − RRgt

RRgt

∣∣∣∣× 100% (2)

ρ =
cov

(
RRest, RRgt

)
σestσgt

(3)

ε =

√
∑N

i=1
(

RRest, i − RRgt,i
)2

N
(4)

where RRest and RRgt denote the estimated respiration rate and ground truth respiration
rate, bpm, cov(RRest, RRgt) is the covariance, and σest and σgt are the standard deviation of
estimated and ground truth respiration rate, and N is the total number of samples.

3. Results and Discussion
3.1. Motion Effect on Optical Flow-Based RR Estimation

Figure 4 shows the predictive accuracy assessment of the initial RR estimation algo-
rithm utilizing the HS optical flow method. Among the five distinct datasets representing
various motions, the dataset corresponding to reclining cows yielded the highest Pearson
correlation coefficient. This observation suggests that the original estimation algorithm
exhibited superior capability in predicting the respiration rate of cows in a reclined posture
compared to other motion types. However, it is noteworthy that despite this performance,
the Pearson correlation coefficient only reached 0.46, indicating inadequate precision in
predicting the respiration rate for reclining cows.
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Figure 4. The prediction performance of the initial cow RR estimation based on the HS optical flow
method. RRest and RRgt represent the respiration rate estimated by the algorithm and manually
calculated by observers, respectively.

Among the different motions considered, the algorithm’s poorest performance was in
predicting respiration during body shaking. It is important to highlight that the dataset
associated with the standing posture displayed a noticeable dissimilarity, possibly arising
from the partial inclusion of data originating from the body shaking dataset. The impact of
these various motions on prediction accuracy is noteworthy; both posture transitions and
body shaking introduce noise to the original respiration rate signal, thereby significantly
affecting prediction precision. To achieve enhanced predictive accuracy, it is imperative to
appropriately mitigate the influence of motion artifacts. This underscores the necessity of
effectively eliminating the effects of motion for precise respiration rate prediction.

3.2. Spectrum Features of Different Motions

The typical behavior included posture transitions and body shakes. Figure 5 illustrates
the spectral characteristics of two distinct scenarios involving a cow undergoing posture
transitions: rising and lying down. The rising motion was observed to persist for 650 frame
frequencies, constituting more than 40% of the total frames. Similarly, the motion of lying
down was observed to span 800 frame frequencies, accounting for approximately 50% of
the total frames. For the rising scenario, the normalized principal frequencies of lying state,
rising, standing state, and the entire period were 0.123, 0.039, 0.046, and 0.039 π rad sample-
1, corresponding to 1.538, 0.488, 0.575, and 0.488 Hz, respectively. The corresponding
intensities were −21.5, −28.6, −22.8, and −28.6 dB, as indicated in Figure 5a–e.

Regarding the lying down scenario, the normalized principal frequencies of standing
state, lying down, lying state, and whole state were 0.052, 0.021, 0.078, and 0.036 π rad
sample-1, corresponding to 0.650, 0.263, 0.975, and 0.450 Hz, and their strengths were −27.2,
−25.8, −22.1, and −29.2 dB, as shown in Figure 5f–j. Notably, in both posture transitioning
scenarios (rising or lying down), the principal frequency associated with the transition
was observed to be lower compared with the other two postures. Clearly, high-intensity
signals were generated during the posture transitions, which generally surpassed those of
the respiration. However, since a transition was not a repetitive movement, its frequency
was expected to be lower than the respiratory frequency signal.

Regarding the body shaking, most of the cow’s body shaking occurs when they are
standing. Similar to posture transition, body shaking generated high-intensity but low-
frequency signals as well, as shown in Figure 5k–n. The normalized frequency range
associated with body shaking fell in the range of 0.001 and 0.050 π rad sample-1, corre-
sponding to 0.013 and 0.625 Hz.
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Figure 5. The spectral characteristics of a cow’s motions, including rising (a–e), lying down (f–j), and
body shaking (k–n).

Based on the spectral characteristics of different motion states of cows, it is observed
that the frequency of influencing behaviors typically fell into the range between 0.013
and 0.625 Hz. To mitigate the influence of these behaviors on respiratory rate detection,
frequencies below 0.625 Hz should be filtered out. Nevertheless, a cow’s respiration rate
below 38 breaths per minute can also produce a frequency that overlaps with the range
of 0.013 and 0.625 Hz. As a result, accurately capturing the true spectral characteristics of
respiration rate becomes challenging when the cow’s respiration rate is below 38 breaths
per minute. Typically, a thermally comfortable cow exhibits a respiration rate ranging from
26 to 50 breaths per minute [4]. When experiencing heat stress, the respiration rate would
increase and can exceed 120 breaths per minute, even close to 150 breaths per minute in
extreme cases [9,42,43]. Given the range of respiration rate for heat-stressed cows, the
corresponding main frequency of respiration rate lie in the range from 0.833 to 2.5 Hz.
Consequently, the cow respiration rate detecting algorithm could be suitable for conditions
of mild heat stress and above.

3.3. Performance of Filters

Figure 6 shows the predictive performance of cow respiration rate among different
filters. The two traditional filters (Butterworth filter and elliptical filter) had better perfor-
mances compared with the other three segmentation filters (Schemes A, B, and C). The
mean absolute relative error (δ) of the RR estimation with the Butterworth filter and the
elliptical filter were both 10 % lower than that of Schemes A, B, and C. Among the three seg-
mentation filtering schemes, a finer video division (Scheme C, SF3) led to higher accuracy,
which can be attributed to the dividing scheme. As stated previously, Scheme A divided the
video into two parts, both of which might contain posture transition processes. A similar
phenomenon could also occur in Scheme B. Scheme C performed relatively better than the
other two because it filtered out low-frequency data for 30 s (equivalent to three 10 s parts),
which was more likely to exclude the duration of posture transitions. Even so, the MARE
(δ) of Scheme C was still greater than those of the two traditional filters. Between the two
traditional filters, their performances were quite close. Since the Butterworth filter had
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0.4% lower mean absolute relative errors than that of the elliptical filter, the Butterworth
filter was selected.
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3.4. Effect of Different Region of Interest

Figure 7 presents estimated respiration rate values compared to the ground truth
(GT) values under different region of interest (ROI). When treating the entire body area
of the cow as the ROI, the absolute relative error (Mean ± SD) of the cow’s respiration
rate was 9.2 ± 11.4%. In contrast, when selecting the rear part and central part of the
cow as the ROI, the absolute relative error of the cow’s respiratory rate was 8.2 ± 12.3%
and 7.6 ± 8.9%, respectively, and the corresponding Pearson correlation coefficient was
0.86 and 0.79, respectively. The central part of the cow body was the best, which could be
attributed to (1) setting the central part as the ROI can effectively avoid the influence of
body shaking and tail swinging, and (2) the fluctuation of the flank when breathing has
the most significant single, while the other two ROIs involved head shaking and/or tail
swinging. Hence, designating the central part as the ROI for cow RR estimation performed
the most accurate estimation, since this area can provide a better representation of the
cow’s respiratory rate signal and minimize the influence of other movements such as body
shaking, tail swinging, and head movements. It is also worth noting that using the central
part of cows as the ROI can still fail to capture the abdominal fluctuation when a cow has
posture changes and body shaking. Therefore, setting the central part as the ROI only
marginally enhances the prediction accuracy of the cow’s respiration rate when the cows
are rising, lying down, or shaking body.
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3.5. Performance of the Improved Algorithm

By integrating the suitable filter for the cow’s motions and ROI for monitoring, the
modified cow respiration rate (MCRR) algorithm was synthesized. Figure 8 shows the
comparison of prediction performance between the traditional algorithm and the modified
cow respiration rate algorithm in different postures and body motions. The implementation
of the MCRR algorithm led to a great improvement in the RR prediction of cows. Specifically,
the MCRR algorithm enhanced the prediction accuracy of cows with posture transitions
and body shaking. Though the degree of the improvement achieved by applying the
MCRR algorithm varied with the different cow behaviors, it can be concluded that the
MCRR algorithm effectively enhances the prediction accuracy of the respiration rate in
dairy cows, meaning that the combination of noise filtering, suitable algorithm selection,
and appropriate monitoring area selection contributes to the overall improvement in the
estimation of cow respiration rate.
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Figure 8. Comparison of prediction performance between the optical flow method based traditional
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reclining (SR), and body shaking (BS), respectively.

3.6. Computational Speed Improvement
3.6.1. Frame Rate

Figure 9a–c shows the influence of different frame rates (25, 13, and 5 Hz) on the
accuracy of the respiration rate of dairy cows and the calculation time. As the frame rate
decreases, the absolute relative error of the respiratory rate of dairy cows slightly decreases,
with the lowest one of 7.0 ± 8.7% at a frame rate of 5 Hz. The frame rate of 13 Hz had the
highest correlation coefficient, and the correlation coefficients associated with the frame
rate of 13 and 5 Hz were both 0.1 higher than the one associated with 25 Hz. The reason for
this phenomenon may be that with the reduction in frame rate, some unnecessary noise is
also removed, so reducing unnecessary frame rate is conducive to improving the accuracy
of dairy cow respiration rate. In addition, with the continuous reduction in frame rate, the
calculation time of cow respiration rate was significantly reduced, and the calculation time
of a 60 s video with 25 frames per second (fps) was 201.2 s, while 13 fps required 100.8 s. At
the time of 60 s and 5 fps, the calculation time only needed 39.8 s. The computational time
from 25 to 5 Hz can be reduced by 80.25%. Therefore, when monitoring the respiration rate
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of cows, the shooting method of 5 fps could be recommended for the sake of time-saving. A
video of 5 frames/s will also be used in the analysis of the accuracy of the pixel’s respiration
rate of the cow.
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3.6.2. Resolution

Figure 9d–f shows the influence of different percentages of the raw video resolution
(100%, 50%, 25%, 12.5%, and 6%) on the accuracy of the respiration rate of dairy cows
and the calculation time. As the video resolution shrunk, the absolute relative error of
the respiratory rate of dairy cows gradually increased from 7.0 ± 8.7% to 9.5 ± 14.6%,
indicating that higher video resolution could result in a more accurate prediction. The
Pearson correlation coefficient for the pixels of 40 × 29 (6% of the raw resolution) was more
than 0.1 less than the rest four resolutions. Regarding the computational time, as the video
resolution shrunk, the calculation time for the cow respiration rate was greatly reduced
from 39.8 to 2.8 s. Though the calculation time of cow respiration rate with 6.3% raw pixels
was greatly reduced than that with 100% raw pixels, its accuracy was 1.5% lower and the
Pearson correlation coefficient was much smaller than the other four. While the scenario
with 12.5% of the raw resolution could not only ensure the accuracy of the respiratory
rate of cows, it also ensures the efficient calculation speed with accuracy. To sum up, the
60 s video with 5 fps and 79 × 57 pixels was recommended for the cow respiration rate
estimation, which balanced the best results in prediction accuracy and computational times.

3.7. Limitations and Perspectives

Although the average predictive accuracy of the cows’ respiration rate in this study
demonstrated improvement by the modified algorithm, reaching 92%, further enhance-
ments were still feasible. Though the HS optical flow method employed in this study was
effective, it can be influenced by variations in lighting conditions and shooting angles [45].
Hence, there remains a need for additional research to enhance the monitoring efficacy of
cow respiration rate estimation. This study’s findings revealed that interference signals
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mainly resided in the low-frequency zone, which could potentially impact the accuracy of
cow respiration rate estimation, particularly when the respiration rate is below 38 breaths
per minute, in which the cows are thermal comfortable. As a result, the proposed algorithm
for cow respiration rate detection was recommended specifically for heat stress conditions.
Therefore, further studies could be conducted for thermally comfortable cows to ascertain
the algorithm’s applicability across a broader range of scenarios. Moreover, due to the
limited resource and labors, the current study was primarily based on 250 episodes and
encompassed only five typical behaviors, to ensure a more comprehensive assessment of
the algorithm’s robustness, we plan to expand our dataset by incorporating a diverse array
of cow behaviors and extending the evaluation periods in the future. These endeavors will
facilitate a more reliable and rigorous evaluation of the algorithm’s capabilities.

4. Conclusions

In this study, the digital signal processing technology was used to analyze the influence
of factors (behavioral noise and region of interest,) on the respiration rate estimation of
dairy cows, and based on the analysis, a modified cow respiration rate (MCRR) estimation
algorithm based on optical flow method was proposed and optimized in terms of the
computational time. The following conclusions can be drawn from the research:

1. The cows posture change and body shaking negatively affect the accuracy of respi-
ration rate detection. The frequencies of these influencing motions fell in the range
of 0.013–0.625 Hz. The Butterworth filter performed the best in the mitigation of
interference signals of the motions.

2. Designating the central part as the region of interest for the cow respiration rate
estimation exhibits the most accurate prediction compared to the entire body and tail
end part.

3. The proposed MCRR algorithm greatly improved the accuracy of the cow respiration
rate estimation. Based on the comparison, the MCRR algorithm could have an average
accuracy of 92%.

4. For computational cost saving, the frame rate can be reduced from 25 to 5 Hz, and
the video resolution can be shrunk from 630 × 450 pixels to 79 × 57 pixels. The
corresponding computational time can be reduced from 201.2 to 2.8 s, with only an
accuracy of 0.4% sacrificed.
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