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Abstract


The management of individual weights in broiler farming is not only crucial for increasing farm income but also directly linked to the revenue growth of integrated broiler companies, necessitating prompt resolution. This paper proposes a model to estimate daily average broiler weights using time and weight data collected through scales. In the proposed model, a method of self-adjusting weights in the bandwidth calculation formula is employed, and the daily average weight representative value is estimated using KDE. The focus of this study is to contribute to the individual weight management of broilers by intensively researching daily fluctuations in average broiler weight. To address this, weight and time data are collected and preprocessed through scales. The Gaussian kernel density estimation model proposed in this paper aims to estimate the representative value of the daily average weight of a single broiler using statistical estimation methods, allowing for self-adjustment of bandwidth values. When applied to the dataset collected through scales, the proposed Gaussian kernel density estimation model with self-adjustable bandwidth values confirmed that the estimated daily weight did not deviate beyond the error range of ±50 g compared with the actual measured values. The next step of this study is to systematically understand the impact of the broiler environment on weight for sustainable management strategies for broiler demand, derive optimal rearing conditions for each farm by combining location and weight data, and develop a model for predicting daily average weight values. The ultimate goal is to develop an artificial intelligence model suitable for weight management systems by utilizing the estimated daily average weight of a single broiler even in the presence of error data collected from multiple weight measurements, enabling more efficient automatic measurement of broiler weight and supporting both farms and broiler demand.
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1. Introduction


The conflict between broiler farms and broiler breeding companies persists because of discrepancies between the average weight of broilers on farms and the target weight demanded by the breeding companies. To predict average weight, a Gaussian kernel density estimation model is proposed, aiming to approximate the acceptable tolerance range demanded by the market (±50 g). By deriving the daily average weight of a single broiler, this model aims to assist poultry farming to align with shipment schedules and be utilized as an artificial intelligence model suitable for weight management systems, thereby aiding in broiler husbandry. Within the broiler sector, the precise measurement of broilers’ live weights is burgeoning as an indispensable management asset for farmers and their business partners. Specifically, the scrupulous assessment of live weights is instrumental in dictating the opportune release of broilers, which encapsulates a significant challenge for broiler cultivators globally. Central to this predicament is the prevalent contractual framework binding broiler enterprises and growers, mandating rigorous compliance with the weight specifications sought by customers [1]. Such agreements dictate a stringent weight tolerance to be maintained pre-shipment and during, within a 50 g margin of error, with consequent penalties for deviation and incentives for adherence. Thus, managing individual broiler weights meticulously emerges as a crucial dynamic entwined with the fiscal outcomes for farmers and the economic yield of broiler companies. Addressing this quandary necessitates the implementation of an automated apparatus for the continuous monitoring and measuring of live weights [2]. The current endeavor pursues the conception of such a system, tailor-made for the domestic poultry milieu, with a vision to optimize shipping schedules, diminish monetary deficits for farmers, and bolster the efficiency of broiler firms. This manuscript delineates a methodology for daily weight estimation of broilers, initiating the collation of empirical weight data from scales. Preliminary data treatments included visualization checks, where the alignments and translucency were adjusted to scrutinize data distribution. Following that, we utilized Gaussian kernel density estimation (KDE) to parse these data and tailored an algorithm for ascertaining the broilers’ mean daily weight. Looking forward, we plan to delve into Germane modeling techniques such as the Gaussian mixture model (GMM), aspiring to forge an encompassing system that captures the intricate nuances of said data. Our ultimate ambition transcends mere weight estimations; we aim to apprehend the depth of these data’s features to yield enhancements in predictive accuracy.



Subsequent research delineated here provides crucial insights for the agricultural sector, aiming to introduce novel methodologies and advanced technologies for the betterment of livestock management:




	
Examining the dynamic growth trajectories of poultry via nonlinear regression to estimate growth curve model parameters [3].



	
Harnessing digital image analysis coupled with machine learning for precise weight assessment, particularly with high-accuracy 3D imaging and neural networks [4].



	
Exploring correlations and employing sound data for real-time broiler feed intake monitoring [5].



	
Utilizing an array of sensors and leveraging machine learning for direct broiler weight foresight, notably with models accounting for environmental variations [6].



	
Developing a data-centric framework employing GMM and growth functions for meticulous weight tracking and forecasting [7].



	
Crafting LSTM neural network models to proficiently foretell broiler weight by factoring in environmental influences [8].








Data obtained from the Harim Broiler Breeding Support Team indicates that the poultry industry faces significant annual financial setbacks, with farms and partnering enterprises enduring average losses of approximately 111.5 billion KRW annually. Deviations in broiler weights from prescribed standards account for a notable portion of these losses, approximately 33.3 billion KRW per annum. The Korea Broiler Association’s 2019 statistics and corresponding livestock production surveys reveal that 70% of local broiler farmers practice free-range farming, and approximately 1,059,994,000 broilers were processed in the same year. Projections suggest that conforming to the average live weight standard of 1.53 kg per broiler—set by domestic farmers—could prevent a loss of 9 KRW per kilogram, cumulatively saving around 9.6 billion KRW per year for a collective of 1 billion farmers, This can be confirmed through Table 1. Prompted by these findings, our investigation posits the need for an individual live weight prediction system to mitigate such financial drains. The study forecasts a contribution towards sustainable agriculture by integrating automated live weight forecasts and refining broiler environmental conditions, which is anticipated to enhance farmer incomes and the operational efficacy of broiler entities. The structure of our discourse is as follows: Section 2 presents pertinent research, Section 3 introduces our broiler weight estimation model, Section 4 expounds on the methodology and outcomes derived from Section 3, and Section 5 encapsulates our conclusions.




2. Background


To estimate the daily weight of the broiler, a study was conducted using a statistical method called kernel density estimation (KDE) to create a probability density model and apply it to the daily weight estimation model. KDE was chosen as a method for density estimation, which involves estimating the probability density function using the KDE method to model these data’s distribution and apply the probability density function to the model. KDE is one of the density estimation methods, where density estimation refers to the act of obtaining a probability density function from extracted data. The reason for choosing KDE as a method for density estimation is because it offers a smoother curve than histograms and the advantage of obtaining a probability density function. Kernel density estimation is one of the non-parametric density estimation methods. The reason for choosing non-parametric density estimation methods is that it was determined that the variable being sought does not follow any known probability density curve. Through frequency analysis of observed probabilities, it becomes possible to understand the overall probabilistic characteristics of the variable. Since density estimation ultimately infers probabilistic characteristics as the characteristics of the variable, if the probabilistic characteristics of the variable are understood, it is believed that the average weight of a broiler can be estimated probabilistically. Using the Parzen window method results in a step graph, leading to discontinuous estimations, and it assigns equal weights to objects within the hypercube. Therefore, a model using a Gaussian function, which is radially symmetric and unimodal, is proposed to overcome these disadvantages.



2.1. Probability Density Function, PDF


The probability density function (PDF) underpins the mathematical framework of probability theory and statistics by delineating the distribution of random variables. It serves to articulate the likelihood of a random variable assuming a specific value [9]. Mathematically represented as   f ( x ) ≥ 0  , with the integral     ∫  − ∞   ∞    f   x   d x = 1    , the PDF embodies the core tenets of non-negativity and normalization. The normal distribution, characterized by its signature bell-shaped curve symmetrical about the mean,   μ  , and variable in spread based on variance,     σ   2    , stands as the archetypal probability density function   f   x   μ ,   σ   2      . Widely applied across discrete probability distributions, Monte Carlo simulations, and expansive data analytics [10], the PDF facilitates nuanced probabilistic analyses and aids in understanding distribution behaviors across diverse scenarios—ranging from the quantification of binary occurrences in the binomial distribution to the frequency of events in the Poisson distribution [11]. Its active role in Monte Carlo simulations underscores its significance in managing and interpreting complex data entities, thus rendering it a cornerstone in probability and statistical investigations.



Nevertheless, the PDF is not without its limitations. The nonlinearity inherent in certain analytical domains diminishes the function’s efficacy, necessitating hybrid PDF approaches or alternate nonlinear modeling to accommodate multifaceted variable interactions. Furthermore, the PDF application can become intricate within large-scale data landscapes, demanding extensive computational effort and memory resources, which might lead to high costs and interpretational challenges. Finally, data paucity presents another hurdle, constraining accurate PDF estimations; sufficient and representative data are critical to forge reliable models and predictions. Ergo, data insufficiency may culminate in overfitting or other distortions that undermine the predictive validity and analytical soundness.




2.2. Kernel Density Estimation, KDE


Kernel density estimation (KDE) is a sophisticated and nonparametric approach to approximating the probability distribution of a dataset [12]. KDE enhances the conventional histogram by offering a seamless and continuous estimation of the probability distribution curve, ensuring a more nuanced representation of data trends and characteristics.



Kernel density estimation initially involves encircling data points with kernel functions, such as Gaussian kernels, to gauge their locality-based influence. The kernel created here is indicated by the red dotted line in Figure 1, and the data points can be intuitively confirmed through the red squares. The comprehensive density estimate arises from the conglomeration of these individual kernels, producing a cohesive and smooth probability distribution curve is shown in Figure 1 below. The computational formula for kernel density estimation   f   x   =   1   n     ∑  i = 1   n      K   h     ( x −   x   i   )   embodies this by applying the kernel   K   around each data point     x   i    , Where   f ( x )   is the estimated density at   x  ,   n   signifies the data point count, and     K   h     is the kernel function modulated by the bandwidth   h   [13].



The utility of kernel density estimation surpasses mere numerical analysis; it facilitates the graphical representation of data distributions, yielding curves that elucidate the nuances of data structure more effectively than histograms. Additionally, it serves as a potent method for outlier detection, revealing underlying data cluster formations. Although this technique offers flexibility and robustness in the smoothing of data distributions, it does require meticulous selection of kernel bandwidth [14]. Further, it can be computationally demanding when applied to extensive datasets.



Kernel density functions, emblematic of non-parametric density estimation techniques, facilitate the derivation of a probability density function (PDF) from empirical data. This process involves dissecting observed data distributions to form inferences regarding the underlying variables. By evaluating the frequencies of observed probabilities, one can decipher the total probabilistic characteristics inherent to a variable. When variables eschew any known probability density profiles, non-parametric density estimation methods, such as the kernel density function, are employed to model their stochastic behaviors [15].



In kernel density estimation (KDE), the probability that a randomly sampled vector x from an underlying probability density function p(x) will be found within a specified region R is quantified through the integral   P =   ∫  R    p     x   ′     d  x ′     . Given an ensemble of N vectors {    x   1    ,     x   2    , …,     x   n    } drawn from this distribution, the probability that precisely   k   vectors lie within R is given by the binomial distribution   P   k   =     N   k       P   k   ( 1 −   P )   N − k    . Moreover, the expected value and variance of the proportion     k   N     are   E     k   N     = P   and   V a r     k   N     =   P   1 − P     N    , respectively, based on the properties of the binomial distribution. As N approaches infinity, these estimates converge to   E     k   N     = P   and   V a r     k   N     ≈ 0 ,   respectively, due to the law of large numbers. In the special case where the volume   V   of region R is small enough that p(x) is essentially constant within it, we find that   P =   ∫  R    p     x   ′     d   x   ′   ≈ p   x   V    . Consequently, the principle of kernel density estimation allows us to designate a region of volume   V   around each data point, and by equating   P  , we deduce that   p   x   =   k   N V    , which simplifies the estimation of the probability density function at x, This can be confirmed through Figure 2.



The Parzen window density estimation technique is concisely captured by the equation   p   x   =   1     N h   d       ∑  i = 1   N    K (     x   i   − x   h   )    . This expression denotes a hypercube with its center at   x   edges of length   h  , the bandwidth, extending in each dimension. The volume   V   of said hypercube is     h   d     where d represents the dimensionality of the space. A notable limitation of the method is its uniform assignment of weights to all observations within this volume. To introduce a gradation of influence based on distance from the center point   x  , a Gaussian kernel function is often employed as a smoothing mechanism is shown in Figure 3. The Gaussian function is a radially symmetric and monotonically decreasing probability density function characterized by its single, central peak; it provides a means of kernel density estimation that addresses the uniform weighting flaw inherent to the basic Parzen window approach.




2.3. Gaussian


The Gaussian distribution is integral to the fields of statistics and probability theory, representing one of the fundamental continuous probability distributions. The Gaussian function is mathematically delineated by the equation   f   x   =   1    2   π σ   2      e x p ⁡ ( −     ( x − μ )   2       2 σ   2     )  , where   x   denotes the random variable,   μ   is the mean, and   σ   represents the standard deviation. Characterized by the iconic bell-shaped curve, the Gaussian distribution is pivotal for data analysis and modeling, largely because of its property of encapsulating the mean and standard deviation as parameters defining the distribution’s shape and scale.



The quintessential feature of a Gaussian distribution is its bell-shaped curve, which facilitates a visual representation of data dispersion. This symmetric curve illustrates that frequencies of data values are highest near the mean and progressively rarer toward the extremities—an intuition that aligns with empirical observation, as data often aggregate near the central value is shown in Figure 4. Furthermore, the curve elucidates the concentration of data points, with a majority residing near the mean. The standard deviation, paramount among the metrics derived from a Gaussian distribution, quantifies the extent to which data deviate from the mean. A smaller standard deviation corresponds to a tightly clustered set of data around the mean, whereas a larger standard deviation reveals a more dispersed distribution. This measure is crucial for assessing the degree of spread in the distribution.



Lastly, the Gaussian distribution’s portrayal as continuous over the entirety of real numbers is its distinctive characteristic, signifying its utility in modeling the distribution of data. The probability density function integral to this distribution grants the capacity to compute the likelihood of data falling within specified ranges, providing a statistical tool of considerable versatility for probabilistic analysis.





3. Materials and Methods


3.1. Proposed Method


In the poultry weight measurement industry, data collection was carried out every second using scales equipped with RS-485 communication developed by the company called Emotion, which is being commercialized. These measured weight data were stored in a cloud database in JSON format for verification. Preprocessing was conducted by plotting these weight data as points on a graph. The transparency of the plotted points was reduced to visualize these data’s distribution, and a model proposing the average weight of the broiler using KDE was suggested is shown in Figure 5 below. This study was conducted at 36 farms. A regular supply of Cobb 500 chicks was provided by the firm, and Cobb-Vantress, Inc. of Siloam Springs, AR, USA., was the output company. KOKOFARM electronic scales (model: KOKOFARM, provider: EMOTION Co., Ltd. of Jeonju-si, Korea, output company: CAS Co., Ltd. of Seoul, Korea) were used for precise measurements. The program is developed using Python 3.9 and others being employed.



To collect weight data, scales were installed in the broiler houses, and weight data were received by the cloud server. The collected weight data were sorted to understand the daily fluctuations, and histograms were used to visualize these data’s distribution. Subsequently, a Gaussian kernel density estimation model with changing weights was proposed. Through the process of maximum distribution weight estimation, the maximum value in the distribution was determined to find the representative daily weight of the broiler is shown in Figure 6.




3.2. Experimental Setup and Data Collection


The initial phase of this investigation demands the meticulous collection of live weight data from individual broilers. This foundational dataset, constituting the crux of the experimental work, consists of precise weight measurements garnered from a scale. For the purpose of this study, we employed a sophisticated, real-time broiler biometric weighing system engineered by Emotion, as in Figure 7 below. This system meticulously records an array of data points, including scale identification, individual bird identification, the timestamp of these data’s acquisition, and the actual weight measurement, all of which are integral to our investigation into daily weight fluctuation. All experiments were conducted on the server, which is equipped with an Intel (R) Xeon (R) Gold 5218R CPU operating at 2.10 GHz, an NVIDIA A100 80GB PCIe, 256GB RAM, 6TB SSD, and the Ubuntu Linux operating system. The experimental environment for this study is shown in Table 2 below.



Live weight of broiler is collected every second from a broiler scale equipped with a weight measurement sensor. The collected data is stored in the database, and in order to create a dataset to be used in study, the acquisition time and weight data are extracted using scale id and animal id as the file title to create a dataset. These processes are summarized in Table 3 below.



Broiler weight measurements were meticulously captured in one-second increments, chronicling the period from the broiler’s initial placement on the scale in the weighing chamber through to the point of dispatch. Each recorded weight datum was timestamped and collated alongside identifiers for both the farm and the individual broiler, resulting in a consistent and easily referenceable dataset. For the construction of a robust training set, approximately 274 discrete data entries were compiled, standardizing precision weight data for the broilers. The present research was conducted using this dataset comprised of 274 entries. Specifically, data employed within this paper are encapsulated in the file ‘20230410163516_KF005206_sensorData.csv’ is shown in Table 4 below.




3.3. Data Preprocessing Module


The sensor-equipped 1.5 kg IoT scale gathers data pertaining to temperature, humidity, carbon dioxide, ammonia, and fine dust concentration. These data, alongside weight detection sensor readings, are transmitted to a cloud-based database in JSON format. Following data preprocessing procedures involving the utilization of a DataFrame to organize weight and time data, the resultant dataset is stored in CSV format for research purposes. The nomenclature of the saved file adheres to the convention ‘YYMMDDHHMMSS (acquisition time)_farm code number where the scale is installed_sensorData.csv’. Collected data encompass temperature, humidity, carbon dioxide, ammonia, and fine dust concentrations, sampled at one-minute intervals, and weight measurements obtained at one-second intervals. Preprocessing entails the extraction and manipulation of weight and time data exclusively, facilitated by the pandas library. Consequently, during the data format conversion phase, scrutiny reveals a transformation from the original JSON-structured data, initially organized in rows for legibility, to a columnar layout for enhanced clarity. Subsequently, these extracted data points underwent a conversion process to ensure their format was conducive to the analytic methodologies applied later in the study.



In practice, the precision of broiler weight measurements was confounded by several uncontrolled behaviors exhibited by the subjects. Often, the weight readings were obscured by the concurrent placement of two or three broilers on the scale cell plate, compounded further by instances where only their legs contacted the plate. Additional disruptive behaviors noted included resting or sleeping directly on the scale, as well as pecking at the measuring apparatus is shown in Figure 8. These interactions presented significant obstacles in the acquisition of normal weight data, underscoring the complexity of implementing accurate biometric data collection in live animal studies.



Kuhi (2003) delineates an inflection point within the poultry growth rate curve, positing that subsequent to this juncture, the rate of growth decelerates [16]. Complementing this perspective, Rizzi (2013) argues that individual breeds possess inherently distinct growth trajectories, necessitating breed-specific functions to model the growth curve of broilers accurately [17]. Because of these findings, the present study sought to estimate, not predict, the daily weight of the broilers.



Upon graphical representation of weight data harvested from the broiler bio-weighter as discrete points, the resultant graph, as depicted in Figure 9, illustrates temporal data along the x-axis against weight data on the y-axis. Typical broiler lifespan, spanning from hatchling to conveyance to the processing entity, ranges between 30 and 35 days. An inspection of these graphical data reveals inconsistency in weight measurements throughout the data collection period, with a particularly marked variation on the final day—ranging from 0 to 3500 g. On day one of data acquisition, the weight measurements display substantial variability, ranging from 0 to 200 g, despite the expected initial weight being approximately 20 g per chick. An anomalous recording of 200 g on the inaugural day prompted a thorough investigation.



The inquiry eliminated potential errors in the bio-weighing device by attributing the disparity to the broilers’ behaviors on the cell plate. This was corroborated through video graphic analysis conducted in the poultry house, which unveiled that, because of their diminutive size, up to four chicks would congregate on the weighing plate, with approximately 20 individuals interacting with the device at proximate range.



To elucidate these data clusters, a dot plot encapsulating the entire weight dataset was created. Reduced dot size and transparency enabled the discernment of data agglomerations, as demonstrated in Figure 10. The visualization revealed three primary data branches, leading to the supposition that each branch was indicative of an additional broiler on the cell plate.




3.4. Weight Estimation Module


Statistical inference encompasses a spectrum of methodologies, which are broadly categorized into parametric and nonparametric approaches. Parametric methods, emblematic of conventional inferential statistics, aim to estimate probability density functions leveraging assumed population distributions. Nevertheless, this assumption can engender analytical challenges should these empirical data deviate from the presupposed distribution, leading to potential inaccuracies. To mitigate such risks, nonparametric methods eschew distributional assumptions when such assumptions are untenable [18]. These methods are predicated on fewer a priori presumptions about the population distribution, thus embodying a versatile toolkit for density estimation in varied contexts.



Numerous techniques are employed for estimating probability density functions. The histogram method partitions these data into uniform bins, rendering a visual frequency distribution. The kernel method, outlined by Parzen (1962) [9] and Rosenblatt (1956) [19], fits a kernel function around each data point to approximate the density. The Fourier series and transform methods, pioneered by Kronmal and Tarter (1968) [20] and Davis (1997) [21], respectively, characterize these data within the frequency domain to derive the density function. The orthogonal polynomials technique proposed by Schwartz (1967) [22], the splines technique by Wahba (1975) [23], and the general delta sequences technique by Foldes and Revez (1974) [24] each offer unique means of density estimation via specialized mathematical constructs [25].



In the context of this study, a kernel density estimation framework utilizing Gaussian kernels has been adopted. This approach generates a kernel for each data point, aggregating the kernels and normalizing by the total number of data points to procure a smooth curve, fully exploiting the kernel function’s characteristic where the maximum integral value of the density curve is unity [26]. The selection of kernel functions and the optimal bandwidth parameter are crucial to kernel density estimation’s efficacy.



The precision of the kernel estimation method is contingent upon both the kernel function and bandwidth chosen; notably, the bandwidth’s magnitude significantly impacts the accuracy [27]. The kernel function is a symmetric, positive function with unit integral, adherent to a normal distribution shape [28]. Gaussian kernels are favored in this study due to their prevalent application in kernel density estimation research. Silverman’s rule of thumb offers a popular method to discern the optimal bandwidth for the Gaussian kernel, expediting the bandwidth estimation process by obviating the need for multiple candidate consideration and comparative analysis [29]. Under the assumption of normally distributed data, Silverman’s optimal bandwidth is delineated by the equation   h   =     1.06   ∗     min  ⁡    s t d   X   ,   I Q R   1.34       ∗   n     1   5      , where std(X) is the standard deviation, IQR signifies the Interquartile Range, and is the sample size.



Kernel density estimation can proceed without any prior training phase, provided that these observed data are available for analysis. Crucially, selecting an apt bandwidth is pivotal for achieving an accurate representation of these data [30], balancing the potential for over-smoothing in data-dense areas against under-smoothing in regions where data are sparse [31].



Figure 11 presents the visual representation of the daily weight data, with the x-axis delineating the count of occurrences and the y-axis depicting the corresponding weight values. For instance, should a weight measurement of 200 g recur on 10 separate instances, this frequency is denoted on the x-axis with a corresponding incremental value of 10. When representing weight data as a histogram, it can be observed that the distribution is not uniform. The y-axis represents weight values, while the x-axis represents the cumulative values of those weights. It can be noted that there is a significant variation in the collected data values for each individual. This phenomenon arises because it is difficult for only one broiler to step onto the scale accurately due to the irregular behavior of the broilers. To accurately understand the characteristics of these data’s distribution, kernel density estimation was employed to derive a representative value for the average weight of one broiler per day as a probability density model.



When representing weight data as a histogram, it can be observed that the distribution is not uniform. The y-axis represents weight values, while the x-axis represents the cumulative values of those weights. It can be noted that there is a significant variation in the data values collected for each individual. This phenomenon arises because it is difficult for only one broiler to step onto the scale accurately because of the irregular behavior of the broilers. To accurately understand the characteristics of these data’s distribution, kernel density estimation was employed to derive a representative value for the average weight of one broiler per day as a probability density model.



To deduce the individual daily weight of a single broiler, we employed the kernel density estimation technique, which offers a more continuous representation of the weight distribution compared to the discreteness of histogram-based methods. On the twenty-second day of observation, the density estimation produced a distinct graph with notable peaks at 1019 g and 1940 g. This is illustrated in Figure 12, where the blue dotted line represents the data points and the red dotted line represents the representative weight values of the discernible peaks. These peaks are hypothesized to correspond to the typical weights of one and two broilers, respectively.



In the current investigation, a Gaussian kernel function was foundational in estimating the density; however, we introduced an innovative adjustment to the classic optimal bandwidth formula associated with this function. Recognizing that the dataset’s composition fluctuated daily due to systemic variances, we implemented a weight modification expression within the bandwidth formula. This adaptation enabled dynamic calibration of the bandwidth in response to the dataset’s density on any given day. Preliminary models, unadjusted by this weighting expression, resolved into four representative weight values, as indicated by the red dashed line, ostensibly averaging the weight of a singular broiler is shown in Figure 13. In contrast, by integrating the weighting formula to modulate the bandwidth autonomously, a more precise single representative weight value of 1265 g was delineated for an individual broiler.





4. Result


4.1. Result with Weight Prediction Module


Daily broiler weight measurements were initially visualized as histograms, providing a discrete representation of weight distributions. Subsequently, a probabilistic model was employed by applying kernel density estimation methods to ascertain the average representative weight of individual broilers on a per-day basis. This estimation utilized a probability density framework, enabling a smooth and continuous interpretation of the weight data.



When examining the daily results by concatenating the representative weight values estimated for each day, it can be observed consistently through Figure 14 that the weight values increase steadily. Merging images with corresponding daily weight estimation metrics reveals a consistent upward trajectory in the estimated weights, with negligible divergences from one day to the next. In scenarios where the bandwidth formula lacked a weighting mechanism, a plurality of average weight representative values emerged, as illustrated in Figure 15. Conversely, Figure 16 depicts the implications of incorporating a self-adjusting weighted bandwidth value, culminating in a singular representative value that is posited to be the average weight of the broiler.



Without adjusting the bandwidth values, Figure 15 shows that multiple weight values are derived, which are expressed as representative values. When adjusting the weights to derive the weight value of one broiler with a minimum count, as shown in Figure 16, it can be confirmed that a single representative value for the average weight of one broiler is estimated. The initial emergence of multiple representative values is understood to be because young broilers are small, and it is estimated that two or three broilers may have stepped on the scale instead of just one. As the process progresses, the emergence of a single representative value indicates that as the young broilers grow, their body size increases to the point where only one broiler can step on the scale, resulting in the estimation of a representative value for the average weight of one broiler.




4.2. Analysis of Results Using Estimation Module


Upon meticulous analysis of the empirical outcomes derived from the Gaussian kernel density estimation method, a notable observation is the absence of over-smoothing within regions of high data density. This phenomenon, or rather the lack thereof, is attributed to the incorporation of a weighting expression into the experimentally derived optimal bandwidth formula. Initial experimental assays conducted with the bandwidth formula in isolation yielded a multiplicity of average weight representations for estimating the mass of an individual animal. In stark contrast, the integration of the weight adjustment expression into the bandwidth computation resulted in a convergence towards a singular, definitive average weight representation for an individual animal. This finding underscores the profound influence that weighted adjustments exert on the accuracy of average weight representation.



The appended weight adjustment expression appears instrumental in refining estimation precision, particularly in areas of high data density, thereby obviating the issue of over-smoothing. The novel approach of supplementing the optimal bandwidth formula with a weight adjustment expression demonstrates promising efficacy in addressing challenges posed by density estimation in data-rich regions. It is postulated that the insights gleaned from this study have broader applicability, potentially benefiting other density estimation methodologies. The efficacy and utility of this approach warrant further investigation in future scholarly endeavors.



When applied to the dataset collected through IoT scales, the proposed Gaussian kernel density estimation model, which allows self-adjustment of the bandwidth value, was used to estimate daily weight. It can be verified through Table 5, which contains estimated values obtained through experimentation, that the estimated daily weight values do not deviate beyond the error range of ±50 g when compared with the actual measured weights.





5. Conclusions


This study endeavors to ascertain the daily average weight of poultry individuals employing the kernel density estimation technique with Gaussian kernel functions. Particular attention is devoted to the incorporation of a weighting formula into the optimal bandwidth formula for the resultant average weight representation. Through 274 comprehensive experimental repetitions, the research attains its pinnacle in estimating a singular value for the average weight representation of each poultry. Absent the application of the weighting formula to the bandwidth formula, results frequently yield multiple potential average weight values, impeding the determination of a singular poultry’s average weight. Conversely, the introduction of weight adjustment and its resultant self-regulation of bandwidth yields estimated values converging towards a singular and definitive value, with the comparison between estimated and actual values affirming their minimal deviation from the error range of ±50 g. This pivotal finding suggests that augmenting a weight representation to the bandwidth formula enables self-adjustment of the bandwidth, offering a potent method for deriving consistent average weight values for individual animals on a daily basis. Moreover, it is established that estimating solely weight data yields advantages over estimating with voluminous image data. Anticipating the future, two research trajectories are envisioned. First, poultry farming environment control should be enhanced to foster more uniform growth and diminish error data within the dataset. Secondly, advancing towards predicting the representative weight of individual broilers at the shipment point from daily weight estimates. This forward trajectory underscores our dedication to advancing precision agriculture, optimizing poultry production, and enhancing fundamental analyses to underpin these objectives.
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Figure 1. Histogram and KDE. 






Figure 1. Histogram and KDE.
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Figure 2. Illustration of equation   P =   ∫  R    p     x   ′     d  x ′     . 
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Figure 3. Difference in density estimation between Parzen Window and Gaussian Kernel. 
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Figure 4. Gaussian and Box. 
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Figure 5. System configuration. 
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Figure 6. Configuration of estimating the weight representative value. 
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Figure 7. Emotion Co., Ltd.’s broiler live weight meter. 
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Figure 8. Behavioral patterns of broilers in response to broiler live weight meters should be listed as (a) Measure 1 animal; (b) Simultaneous measurement of 2–3 animals; (c) Measurement with one leg on the ground; (d) Pecking a cell plate; (e) Sitting on the scale and pecking the floor; (f) Sleeping on a cell plate. 
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Figure 9. Graph expressing weight values as point data. 
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Figure 10. Degree of density of weight data after setting transparency. 
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Figure 11. Daily weight cumulative data. 
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Figure 12. Estimating the weight representative value from accumulated data using the KDE method. 
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Figure 13. Before and after weight setting. 






Figure 13. Before and after weight setting.



[image: Agriculture 14 00809 g013]







[image: Agriculture 14 00809 g014] 





Figure 14. Image of daily weight estimation representative values stitched together. 
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Figure 15. Derivation of multiple representative values for the weight of one animal per day. 






Figure 15. Derivation of multiple representative values for the weight of one animal per day.



[image: Agriculture 14 00809 g015]







[image: Agriculture 14 00809 g016] 





Figure 16. Derivation of one representative value for the weight of one animal per day. 
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Table 1. Average annual breeding loss amount for farms and affiliated companies. Data sources: Harim Broiler Breeding Support Team, 2020; Number of households and animals by attempt and herd size, third quarter 2019, National Livestock Quality Assurance Center.
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Separation

	
Output

	
Loss Amount (Billion KRW)






	
Broiler

	
Farms

	
Feed requirement rate (0.02) × Feed unit price (KRW 500/kg) × Farms nationwide (1643) × Average number of head (70,000) × Average weight (1.6 kg) × Average number of turns (6) × Feed Conversion Ratio (1.5) = KRW 165.6 billion/year

	
165.6




	
Affiliated

company breeding losses

	
Total number of chickens (700 million) × Flat body (1.6 kg) × Flat body dropout rate (5) × Flat body dropout rate loss unit cost (3 won per 1%) = KRW 16.8 billion/year

	
168




	
Operating losses of

affiliated companies

	
Estimated breeding loss of affiliated companies 3 times: 168 × 3 = KRW 504 billion/year

	
504




	
Laying hens

	
Farms

	
National farms (No. 945) × Average number of animals raised (70,000 animals) × Weight control Failure rate (20%) × 21 days × egg price (100 won per 60 g) = KRW 27.78 billion/year

	
277.8




	
Sum

	
1115.4











 





Table 2. Experimental environment.
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Equipment

	
Model






	
Processor

	
Intel Xeon Gold 5218R CPU Processor




	
NVidia a100-pcie-80gb




	
RAM

	
256 GB




	
SSD

	
6 TB




	
OS

	
Ubuntu 20.04 LTS











 





Table 3. Data processing details.
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	Separation
	Details





	Data types
	Broiler live weight information from broiler scales



	Data types
	Broiler Weight Sensor Data



	Collecting data
	Broiler Live Weight (Broiler Live Weight Scale Hit): 1 hit/1 s



	How to obtain training data
	Collect broiler live weight data from a broiler scale and obtain a training dataset consisting of scale ID, animal ID, acquisition time, and weight data.



	Data usage period
	Unlimited



	How to provide the required data
	How to import analyzed data into a database










 





Table 4. Broiler precise weight learning data set.






Table 4. Broiler precise weight learning data set.





	Net Number
	Data File (Acquisition Time + KF + Farm ID + Animal ID)





	1
	20230104130541_KF008102_sensorData.csv



	2
	20230104173847_KF002703_sensorData.csv



	3
	20230104204157_KF002701_sensorData.csv



	4
	20230104213922_KF002702_sensorData.csv



	5
	20230105101452_KF002304_sensorData.csv



	6
	20230105103352_KF002303_sensorData.csv



	7
	20230105104737_KF002302_sensorData.csv



	8
	20230105110517_KF002301_sensorData.csv



	9
	20230105110557_KF005301_sensorData.csv



	10
	20230107085612_KF005302_sensorData.csv



	⋮
	⋮



	274
	20230427045509_KF010103_sensorData.csv










 





Table 5. Table with estimated and actual measured weights.
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	Farm
	Weight Start Date
	Shipment Date
	Days Old
	Arrival Count
	Estimated Weight
	Actual Weight
	Error Weight Value
	Number of Broilers for Shipment





	KF0016
	2023.08.04
	2023.09.06
	33
	61,300
	1.79
	1.767
	0.023
	58,830



	KF0031
	2023.07.24
	2023.08.26
	33
	62,000
	1.72
	1.723
	−0.003
	59,970



	KF0043
	2023.05.30
	2023.06.30
	31
	52,000
	1.63
	1.614
	0.016
	49,280



	KF0046
	2023.07.21
	2023.08.23
	33
	44,000
	1.67
	1.627
	0.043
	41,807



	KF0051
	2023.04.13
	2023.05.15
	32
	41,000
	1.82
	1.818
	0.002
	39,480



	⋮
	⋮
	⋮
	⋮
	⋮
	⋮
	⋮
	
	⋮



	KF0081
	2023.06.12
	2023.07.17
	35
	49,795
	1.81
	1.839
	−0.029
	33,892
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