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Abstract

:

The concentration of CO   2   is relatively large in poultry farms and high accumulations of this gas reduce animal welfare. Good control of its concentration is crucial for the health of the animals. The vocalizations of the chickens can show their level of well-being linked to the presence of carbon dioxide. An audio recording system was implemented and audio raw data was processed to extract acoustical features from four cycles of forty days, three of them from the same farm. This research aims to find the most relevant acoustic features extracted from the broiler’s calls that are related to the CO   2   concentration and that could help to automate procedures. The results are encouraging since MFCC 6, 9, 4 and 3 are the most important features that relate the vocalizations of the chickens to the gas concentration, furthermore there is a clear and more similar representativeness trend during birds’ life period from day 15 to day 40.
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1. Introduction


In the productive agricultural sector, new technological innovations are continuously developed and integrated to improve and facilitate the farmer’s work. The broiler industry is no exception and the producers are interested in availing every opportunity to add efficiencies into their production systems. Modern technologies, together with precision engineering, can achieve real-time information on animal health. This new management system is called Precision Livestock Farming (PLF) and is now used to monitor animals, ensuring their excellent health and well-being [1]. Through the electronic collection of data, their processing and application, precision farming has the objective and potential of improving production efficiency, reducing costs, and safeguarding animal health [2]. An animal showing excellent health can be the guarantee of product quality, which is why the PLF is based on the assumption that the continuous and direct monitoring or observation of the animals allows the farmers to detect and control their health status at any given time.



Different technologies are currently available to the farmer to measure different parameters on the farm, such as ventilation rate, feed supply and temperature. The introduction of equipment such as microphones, cameras and sensors (for example, body temperature sensors or skin conductivity sensors), has managed to focus the attention on the core of the production process, the animal [3].



Recent studies have focused on animal’s vocalisations. This parameter can provide information on their sex, age, mother and offspring’s relationship, emotional state and growth rate [1]. This study is centred precisely on this parameter, and its aim is to verify how the levels of carbon dioxide (CO   2  ) within a farm can influence the vocalisations of broilers. CO   2   is naturally emitted by the animals, as a result of their metabolism and their litter, and it is therefore used as a tracer gas in order to determine the ventilation rates in animal houses [4]. CO   2   is an anaesthetic acid gas, which causes unpleasant pain sensations in animals [5]. Its increase inside the farm due to poor ventilation is directly related to the increase of other noxious gases, which together can cause the chicken to rapidly lose brain functions, leading to convulsions and death [6].



Therefore, it is important to accurately study the acoustical features of the farm sounds to understand and describe how they are related with the CO   2   concentration. These indicators, obtained in a near real-time environment, can be used as a warning signal for the farmer about the need or not to increase the ventilation rate inside the farm in order to reduce greenhouse gas concentration, that can cause, among others, chronic respiratory disease, which affect the growth rate of broilers. Production meat quality is affected by high gas concentration and for other stress sources as for example acute external noise exposure [7]. Forecasting gas values and applying proper ventilation, higher animal well-being an production quality can be ensured.



This paper is structured as follows. The related work used as baseline of this project is detailed in Section 2. The specifications of the farm deployment, the carbon dioxide concentration and acoustical features measurements are detailed in Section 3. The filtered features, the acoustical feature importance and correlations of the data and the representation of the most important ones can be found in Section 4. Discussion of the acoustical features analysis behaviours linked with the gas concentration found in this work are detailed in Section 5 and the conclusion, as well as future work, is detailed in Section 6.




2. Related Work


Nowadays, research on farm animal welfare has become an important topic for many societies concerned about the well-being of animals raised for consumption. The automatic monitoring of their vocalisations has been one of the main targets, due to the fact that it is a technology that does not interfere with the farm process.



2.1. Welfare and Vocalisation Analysis


Taking into account that in the last years animal welfare has become a central issue for the scientific community and society, the demand for more well-being for farm-raised animals [8,9] has increased substantially. Administrations have adopted several directives to improve the welfare of farm animals [10], assuming that they depend on the public concern existing in every country, influencing the politicians to deepen the actions for that purpose. UK and Germany are more on track than Italy or Spain [11], just to mention some examples. Animal vocalisations are considered an expression of the state of the animal that generates them spontaneously, or maybe also motivated by external events [12]. The study of emotions in animals presents complex structures including a variate set of acoustic elements, and several studies have analysed them to disambiguate this complexity [13]. Briefer et al. [14] conducts a good synthesis of the current state of knowledge on vocal correlations in humans and mammals, while other authors [15] deploy several types of sensors in the farms in order to monitor the emotions of the animals, taking into account facial expression and sound analysis, focusing the latter on vocalisations.



Bioacoustics has been extensively tested on farms, especially by means of recorders that automatically collect audio data [16]. By developing automated methods that analyse animals’ vocalisations, their welfare can be greatly improved. In [12], there is a wide state of the art about vocalisations of different farm-raised animals. Vocalisations, such as screams, should be identified since they are usually due to pain or stressful situations [17], but the general structure and behaviour of farm-raised animals should also be known (e.g., cattle [18], chickens [19], among others). Recently, several research groups have started working on the development of vocalisation identification algorithms, which integrate feature extraction together with machine learning algorithms [20], in order to identify in real-time the vocalisations in a real operating environment, such as a farm.




2.2. Acoustic Analysis of Vocalisations for Animal Well-Being


This study is focused on the acoustic analysis and feature identification in the framework of poultry farms. Several studies have been conducted in this area, as the one in [19], where mean duration, number of call repetitions and range peak frequency describe chicken vocalisations to find some patterns depending on the age of the birds, and also considering whether the birds are alone or in a group. Other researchers have worked with the distinction of healthy from infected chickens using sparse decomposition of audio spectrograms [21], and ref [22] have analysed the following features: root mean square, power, energy, absolute extremum, intensity, shimmer, jiter, harmonic to noise ratio, pitch, formant F1–F4 and power spectral density 1–39 to automatically detect stress in laying hens. Other factors can be taken into account when evaluating the behaviour of birds, like temperature [23] together with sound pressure level and pitch.



Another type of approach is to define a set of acoustic markers related to the physical, behavioural and emotional welfare of birds, called iceberg indicator, which is obtained after cleaning the spectral frequencies that are especially involved in farm machinery. With the iceberg indicator, ref. [24] managed to predict low weight gain and mortality for the first days of birds. In [25], the authors use a deep learning approach using log-Mel spectrograms to identify distress calls, which are mostly identified by manual annotations, in a labour-intensive and time-consuming task. A recent study [26] widen the approach in multiple species (e.g., horses, cows, goats, chickens), even relating the distribution of frequencies to positive or negative emotions in farm-raised animals; in the case of chickens, food calls and fast clucks may be linked to positive emotions.



For this purpose, in [27] the authors present the description of the acoustic characterisation of vocalisations and their similarities and differences, depending on factors that negatively affect the welfare of cows, such as feed availability (hunger), parturition (pain) or others, in order to develop artificial intelligence algorithms as future work to identify automatically these situations. Also in [28], several analysis of the raw acoustic data gathered by means of a professional phonendoscope are depicted, as the previous stage uses these short pieces of audio to train a machine learning algorithm to automatise the process. Even in very young chickens, the vocalisations can be a step to determine the welfare of the early stages of broilers’ life. In [29], several analysis are conducted with two different groups at the same time, comparing the vocalisations when the birds are fed and when they are not, focusing on the food dependency previously mentioned. Finally, in [30], the authors detail the acoustic analysis of the farm acoustic environment to obtain the Equivalent Level (  L  e q   ), the mean Peak Frequency (PF), and the PF variation, every 30 min, in order to evaluate other iterations of the growing process in the future and compare its measurements at every stage of the growing process.





3. Material and Methods


Data were collected from two commercial broiler farms located in the same area, with similar weather conditions in the northwest of Spain, from May to December of 2021. The animal houses used for this study are characterised by a high level of automation of the routine management practices, thus reducing the noise emitted by workers.



Farm A has a livestock production of 42,000 animals and three production cycles have been recorded there; additionally, Farm B has a capacity of 40,000 chicken birds and one production cycle has been examined. Both houses had similar flock management and diets according to the industrial requirements and each cycle lasted between 42 and 44 days depending on the final animal weight and the needs of the supplement. For this study, the first 40 days of the animals’ life were studied, during which the chicks had unlimited access to feed, water supply and free mobility.



3.1. Data Acquisition


The sensors used in this study for data acquisition are a carbon dioxide sensor and a measurement microphone.



Acoustic data from each animal breeding cycle has been uninterruptedly collected with a measurement condenser microphone Superlux ECM999 [31] centrally located in the animal house, at a height of 0.7 m. By means of a 20 m cable, the analogical signal was digitalized with a digital audio interface Behringer U-Phoria UM2 [32] and recorded in a mini computer using a python script [33]. Recording hardware has been placed in an IP 65 junction box hanging on a wall close to the sensor, as shown in Figure 1. The system recorded for 40 days with a sampling frequency of 22.05 kHz and 8 bits resolution splitting data into 10 min files with a flac compression [34]. Similar previous deployments have been implemented by the authors in [30,35] Simultaneously, a carbon dioxide sensor was located at the center of farm A at 0.8 m from the ground and samples were obtained at intervals of 15 min. Figure 2 shows the CO   2   values measured in this study.




3.2. Carbon Dioxide Indicator


Carbon dioxide (CO   2  ) is an acidic colourless gas mostly emitted by birds and litter. The gas production capacity of the animals depends on their weight and performance as a result of animal metabolism. It is important to measure and control CO   2   levels as it acts as a tracer gas to determine house ventilation rates [4] and reduce high concentrations of particles breathed by birds.



The top of Figure 2 shows CO   2   concentration in ppm of three consecutive winter production cycles. At the bottom of the same figure data is observed with box plots in three time intervals. Periods reference used in this study represent the Starter (0–14 days), Grower (15–28 days) and Finisher (29–40 days) periods which are typical zoo-technical performance intervals, also used by [36]. (i) 0–14 days: interval with the highest mean value (3000–2800 ppm) and variation (ii) 15-28 days: considerable reduction of gas concentration (900–1100 ppm) and variation respect the fist interval the mean value (iii) 29–40 days: minimum gas presence in comparison with the other intervals. The observed decreasing curve is typical of the winter season, and is due to farm management practices where, at the beginning of the cycle, the house must be constantly kept at a temperature of 29 ºC to keep the chicks warm; less ventilation can be performed when outside temperatures are between 5–15 ºC because the house would become cooler. Reduced ventilation increases gas concentration.




3.3. Acoustical Features


Continuous farm recording contains the raw acoustical information related to all the sound sources of the farm emissions from animals, machinery and human handling of animals [35]. Different audio features are extracted once processing the data using software Python 3.8 [33] to study the relation with CO   2  . The features extracted and analysed in this study are classified and detailed below and, for more detail, readers are referred to the cited literature.



3.3.1. Temporal Feature


Temporal repetitions of birds’ vocalisations (VocalNum) is an acoustical feature that counts the number of birds’ calls per time unit, for this analysis the period set is 15 min. According to Curtis et al. [37], this feature is an indicator of stress, so the high number of call repetitions (from 160 to 250 vocalisations in 45 min) can indicate a stressful condition.




3.3.2. Frequency Features


Poultry birds are part of a very vocal species that express some of its health conditions through calls. The frequency analysis of calls can be useful to find different patterns. For this study, the animal pitch and Mel-Frequency Cepstral Coefficients (MFCC) [38] were extracted.



The pitch feature indicates the fundamental frequency on which the birds vocalise and it is extracted using a method based on auto-correlation [39].



The MFCC is a widely used frequency feature that indicates the amount of energy compressed in a frequency region using a Mel filter bank. The first 12 coefficients will be used in this study and cover a range from 0–20 kHz resulting by filtering data with Mel filters, the logarithm of the sub-bands and finally applying discrete cosine transform [40]. Same indicators are used in similar analysis [41,42,43].






4. Experiments and Results


4.1. Filtered Audio and Features


Acoustic features extracted from raw data at intervals of 15 min during the entire cycle showed a considerable deviation among the samples of the same day, and some of these samples are very noisy due to the farmer management routine practices and the noise of the machinery previously studied in [35]. Two filters are applied to the data for noise reduction.



An automatic filter based in a threshold of the parameter Zero Crossing Rate (ZCR) has been implemented to discriminate audio samples containing machinery sounds. Figure 3a shows the spectrum, ZCR and temporal waveform of an audio file with external noise where it is clear identified the machinery spectrum pattern, with energy in almost all frequencies and a ZCR superior to 0.10. Figure 3b shows post-filtering audio data.



Acoustical features obtained from each filtered audio file are still too noisy to observe tendencies. Some filters selected from the Python Library [44] were tested to find the one that could reduce wrong values of features produced by management practices noise in order to obtain more invariant descriptors of bird’s vocalisations between each day and each cycle.



The optimal feature filter considered for this study is the one that achieves the minimum Euclidean pitch distance [45] with respect to the same moment of two cycles of the same farm. Having three cycles, the distance is calculated as the sum of distances, as described in the formula (1). According to the Table 1, the minimum distance is obtained by applying the exponential filter that smoothes time series data using the exponential window function.


  D i s t a n c e =    ∑  i = 1  N    (  P  A A i   −  P  A B i   )  2    +    ∑  i = 1  N    (  P  A B i   −  P  A C i   )  2    +    ∑  i = 1  N    (  P  A A i   −  P  A C i   )  2     



(1)







Formula (1) calculates the sum of euclidean distance between three cycles of farm A where P is the filtered pitch value of the corresponding instance i of cycle AA, AB or AC indicated as a sub index, and N is the length of P vector.




4.2. Feature Importance and Correlation


The feature importance algorithm [46] gives an idea of how relevant each attribute is in indicating the level of contribution to a model that extracts some information from the features. This tool is used in the frame of a predictive model and gives, for each used feature, a value from zero to one, which is called the importance factor, and that allows knowing how useful it is for the model.



Combined importance calculated as a mean of the importance of each predictor has been obtained through different models that predict the gasses levels. These models have been extracted from Scikit-learn [47] and, among them, there are: (i) logistic regression, (ii) decision tree regressor, (iii) random forest classifier, (iv) extra trees classifier.



The Table 2 shows the combined importance factors relating the acoustical features with CO   2   by cycle and aggregated of the three cycles. Analysing the set of cycles, the most important descriptor with a difference of 0.18 points, is the MFCC 6. After this attribute, MFCC 9, 4, 3 are the most relevant ones. All the above named features accumulate an importance of 0.5814 and will be discussed in more detail in the following subsection.



Another interesting aspect to consider is the way how each descriptor relates to the others. The correlations among descriptors indicate redundancies and shared information. For this study, a matrix of correlations was calculated and it is shown in Figure 4.



In previous studies, authors found that, when chicks are stressed, higher values of vocalNum and Pitch are found [29]; this slight positive correlation can be observed in this analysis. Also, it is observed that this two features are mainly inverse correlated with the MFCC except from the MFCC 3. Some of the most outstanding correlations are the positive ones between MFCCs. MFCC 1 is the feature with highest correlations. As seen in Table 2, it is the less important feature for detecting gas concentration, which could be related to the redundant information in similar descriptors. It is noteworthy that correlations among two consecutive MFCCs are always close to zero with the only exception of 1st and 2nd, whereas there is a notable positive correlation among MFCC n and MFCC ± 2 for every n from 1 to 10.




4.3. Trend of Acoustic Features


Having a sound data-set of three consecutive poultry production cycles of the same animal house managed, personal and routines can be analysed simultaneously to find a tendency on the most related features to CO   2   concentration in Figure 5, Figure 6, Figure 7 and Figure 8. Data representation can be seen per day in the first row or by intervals shown in box plots in the second-row figure.



Figure 5 shows in the first row the MFCC 6 values every 15 min with tendency of a increasing curve after day two until twenty fourth day when it is stable. Second row contains data plotted in box-plots per cycle and interval. The Cycle AC has the lowest values with respect to the other cycles in 28–40 days interval. Cycle AB and AC have similar means and deviation especially in period 0–14 and 28–40.



Figure 6 shows the behaviour of MFCC 9 in the three cycles. The studied feature starts to slowly decrease until day 13, from where it starts to increase for the rest of the cycle. The results show similar tendencies during all the three cycles. From the box-plots, it can be clearly seen that the first two life’s interval have similar means among the cycles and a higher deviation compared to the last interval.



Figure 7 shows MFCC 4 values in the three different cycles. Curve starts decreasing the first two days and then it starts to increase for the rest of the cycle. The results show similar tendencies in the three cycles, being the cycle AA slightly different in the interval from day 15 to day 28. The box-plots clearly show that the first and the last life’s interval have similar means between cycles and less deviation compared with 15–28 days period.



Figure 8 shows how MFCC 3 behaves in the different cycles. The descriptor has an initial increase in the first fourteen days and then it begins to slowly decrease.




4.4. Comparative of Features between Farms


Farm A and B, with different animal density, management routines and machinery, have deployed an identical acquisition system. The acoustic data obtained in both houses can be compared and a semblance analysis of characteristics can be performed regardless of ambient and management practices noises. For this study, farm A has the data of the three cycles.



Figure 9 shows the comparative with the feature MFCC 6. Farm A has higher mean and median values. Moreover, the tendency between intervals 15–28 and 29–40 days in both farms decreased. Except from first interval with a notable value reduction in farm A.



Figure 10 shows the comparative with the feature MFCC 9. Farm A has higher mean and median. On the other hand, the tendency between intervals in both farms are very similar and increasing.



Figure 11 shows the comparative with the feature MFCC 4. Both farms have similar means and medians, but Farm B has a reduced variance. Otherwise, the tendency between intervals in both farms are different, Farm A intervals follows an increasing curve that in farm B is stable in the last two intervals.



Figure 12 shows the comparative with the feature MFCC 3. Each farm has different means, and Farm B has a reduced variance. Otherwise, the tendency between intervals in both farms decrease in intervals 15–28 and 29–40 days and have similar tendency.





5. Discussion


The feature importance algorithm has ranked the attributes according to the link with the CO   2   concentration. The analysed features with a total importance of 58% could be related to the animals’ vocalization.



CO   2   is reduced when the fan is ventilating the environment with fresh air from outside, this link is detected by the acoustical system. Unexpectedly for the authors, the pitch and vocalNum attributes apparently do not show biological response to the gas concentration.



The most related features listed in decreasing order found in MFCC 6, 9, 4, and 3 correspond to vocal tract modulation of the chicks and compress information of their well-being and expressions. When analysing them for three consecutive production cycles on the same farm in the intervals 0–14, 15–28 and 29–40, it appears that the first two intervals have more variations in the value of the characteristics, although the daily curves are very similar.



Comparing the acoustical features between farms shows that mean and variations are different in values. It is also observed that the last two periods of the birds’ life have the same tendency, except for MFCC 4.




6. Conclusions


Filtering raw audio data by a ZCR threshold and applying an exponential smoother filter reduces the pitch frequency difference of the birds at the same instant as other cycles. This filter is used as a method to obtain smooth invariant attributes by reducing the punctual management noise sounds from humans and machines from the bird’s vocalisations.



From the acoustical features, MFCC 6, 9, 4, and 3 a feature importance algorithm has found a link with the concentration of CO   2   with an aggregated importance of 0.5882 over 1 listed previously by importance. As observed in the analysis, the first period of a bird’s life from 0–14 has the highest variation and different feature values, while the following two intervals have more similar tendencies. Among the most significant characteristics, MFCC 9 is the most noise-independent attribute of farm management practices, with similar performance and representativeness, more accurately suggesting the behaviour of chickens with respect to the concentration of carbon dioxide in the environment. Feature data with independent behaviour from farms’ noise can help in the future to anticipate animals’ calls due to high levels of gas with bioacoustics sensors.
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Figure 1. Sensor Deployment. 
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Figure 2. (top) Graphic of three consecutive cycles of CO   2   metered at the same farm. (bottom) Boxplot of the CO   2   during three production cycles filtering in time intervals 0–14, 15–28, 29–40 days. 
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Figure 3. Automatically machinery filtered by ZCR descriptor. (a) Spectrum, ZCR, Temporal waveform of raw data. (b) Spectrum, ZCR, Temporal waveform of filtered data. 
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Figure 4. Correlation heatmap of the descriptors. 
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Figure 5. MFCC 6 Feature tendency per day and attribute data plotted in box plots per cycle and interval. 
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Figure 6. MFCC 9 Feature tendency per day and attribute data plotted in box plots per cycle and interval. 
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Figure 7. MFCC 4 Feature tendency per day and attribute data plotted in box plots per cycle and interval. 
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Figure 8. MFCC 3 Feature tendency per day and attribute data plotted in box plots per cycle and interval. 
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Figure 9. MFCC 6 box-plots comparing two farms by whole cycle and per interval. 
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Figure 10. MFCC 9 box-plots comparing two farms by whole cycle and per interval. 
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Figure 11. MFCC 4 boxplots comparing two farms by whole cycle and per interval. 
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Figure 12. MFCC 3 box-plots comparing two farms by whole cycle and per interval. 
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Table 1. Filters [44] tested with the sum of euclidean distances calculated with pitch feature between cycles sorted by ascending order.
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	Filter Name
	Euclidean Distance





	Exponential Smoother
	4,319,020.19



	Mean
	4,366,915.55



	Mode
	4,613,657.21



	Butterworth
	4,627,373.19



	Lowess Smoother
	4,697,382.31



	Convolution Smoother
	4,924,863.06



	Spline Smoother
	6,702,942.84



	Spectral Smoother
	7,243,313.18
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Table 2. Normalised Acoustic feature importance factors related with CO   2  .
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Cycle AA

	
Cycle AB

	
Cycle AC

	
Cycle AA-AB-AC






	
MFCC 6

	
0.2137

	
MFCC 6

	
0.1935

	
MFCC 4

	
0.1616

	
MFCC 6

	
0.1816




	
MFCC 9

	
0.1014

	
MFCC 3

	
0.1049

	
Freq

	
0.0867

	
MFCC 9

	
0.0963




	
MFCC 2

	
0.0829

	
MFCC 9

	
0.0734

	
MFCC 8

	
0.0724

	
MFCC 4

	
0.0750




	
MFCC 4

	
0.0706

	
MFCC 8

	
0.0680

	
MFCC 9

	
0.0649

	
MFCC 3

	
0.06561




	
MFCC 7

	
0.0626

	
MFCC 4

	
0.0662

	
MFCC 13

	
0.0632

	
MFCC 10

	
0.0619




	
MFCC 8

	
0.0614

	
MFCC 11

	
0.0624

	
MFCC 6

	
0.0627

	
MFCC 2

	
0.0605




	
MFCC 11

	
0.0564

	
VocalNum

	
0.0607

	
MFCC 5

	
0.0617

	
MFCC 11

	
0.0602




	
MFCC 10

	
0.0557

	
MFCC 12

	
0.0598

	
MFCC 11

	
0.0579

	
MFCC 13

	
0.0599




	
MFCC 12

	
0.0539

	
MFCC 13

	
0.0539

	
MFCC 2

	
0.0567

	
MFCC 12

	
0.05987




	
VocalNum

	
0.0529

	
MFCC 5

	
0.0508

	
MFCC 10

	
0.0561

	
VocalNum

	
0.0596




	
MFCC 3

	
0.0515

	
MFCC 2

	
0.0507

	
MFCC 12

	
0.0560

	
MFCC 8

	
0.0563




	
MFCC 13

	
0.0515

	
MFCC 7

	
0.0477

	
MFCC 7

	
0.0553

	
MFCC 7

	
0.0535




	
MFCC 5

	
0.0480

	
MFCC 10

	
0.0432

	
MFCC 3

	
0.0514

	
MFCC 5

	
0.0522




	
Freq

	
0.0334

	
Freq

	
0.0393

	
VocalNum

	
0.0492

	
Freq

	
0.0433




	
MFCC 1

	
0.0036

	
MFCC 1

	
0.0247

	
MFCC 1

	
0.0434

	
MFCC 1

	
0.0137
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