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Abstract. Livestock farming industries, as well as almost any industry,
want more and more data about the operation of their business and ac-
tivities in order to make the right decisions. However, especially when
considering very large animal farms, the precise and up-to-date informa-
tion about the position and numbers of the animals is rather difficult to
obtain. In this contribution, a novel engineering approach to livestock
positioning and counting, based on image processing, is proposed. The
approach is composed of two parts. Namely, a fully convolutional neural
network for input image transformation, and a locator for animal posi-
tioning. The transformation process is designed in order to transform the
original RGB image into a gray-scale image, where animal positions are
highlighted as gradient circles. The locator then detects the positions of
the circles in order to provide the positions of animals. The presented ap-
proach provides a precision rate of 0.9842 and a recall rate of 0.9911 with
the testing set, which is, in combination with a rather suitable computa-
tional complexity, a good premise for the future implementation under
real conditions.

Keywords: Livestock Counting · Fully Convolutional Neural Network
· U-Net · Precision Agriculture.

1 Introduction

Livestock farming industries, as well as almost any industry, want more and
more data about the operation of their business and activities, in order to make
the right decisions, at the right location, at the right time, and at the right
intensity. These days, with the development of precision agriculture [3], farmers
can acquire more data then ever before, including soil moisture and acidity,
ground and air temperature, individual stock or crop increments, etc.

? The work has been supported by SGS grant at Faculty of Electrical Engineering and
Informatics, University of Pardubice, Czech Republic. This support is very gratefully
acknowledged.



2 P. Dolezel et al.

Nevertheless, especially when considering very large farms, the precise and
up-to-date information about the position and numbers of the animals is still
difficult to obtain. Counting livestock is often performed once in a time period,
and animals have to be led through a drafting race or a narrow choke point, while
being counted manually or using some sort of smart collar [5]. This approach
does not provide the information continuously and it can also be uncomfortable
for the animals. Hence, continuous, or at least more frequent, livestock counting
directly in the pastureland is a desired task, which can be then applied for
monitoring of animal numbers, animal growth, animal distress, distribution of
the herds, etc.

In order to solve the task, several challenges, such as species characteristic,
diversity of background, variable light conditions, overlapping of animals, animal
reaction to monitoring and the mosaicking process appear [1], [12]. Hence, various
approaches are proposed to deal with those challenges. Some of them are based
on classical statistical techniques [11]. Others use more recent methods, such
as K-means clustering [10], histogram of oriented gradients and local binary
pattern [6], power spectral based methods [13], support vector machines with
various sound processing approaches [4], etc.

Considering image or video as the input signal for livestock counting, deep
learning techniques become one of the major approaches for implementation.
Very good results vere provided especially by the methods based on convolu-
tional neural networks [7], [8], [16]. However, the cited approaches were tested
on images, where animals occupy a substantial part of the image and each animal
is depicted in high resolution. Contrary to these approaches, Farah Sarwar and
Anthony Griffin published an approach to deal with images having hundreds of
small animal silhouettes per image [15]. Their testing experiments provided a
precision rate of 95.6 % and recall rate of 99.5 %. However, the dataset used in
the cited work did not contain spacial clusters of animals and the diversity of
the background was rather low.

Therefore, we focus on counting livestock animals from an Unmanned Aerial
Vehicle (UAV) video, considering high angle take from an altitude bigger than
50 meters. We consider various types of background, different size of animals,
big variance of animal numbers including crowded animals stocks in the source
signal.

The rest of the contribution is structured as follows. In the next chapter, the
aim of the paper is formulated and the proposed solution is described. Then, the
implementation part follows and the results are presented. The paper is finished
with some conclusions.

2 Methodology

In this section, the aim of this paper is defined and a method, which is based on
image segmentation neural network, is presented to solve the problem.
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2.1 Problem formulation

The aim of the paper is to design a monitoring system for livestock positioning
and counting, using images acquired by the UAV. The monitoring system should
be robust enough to handle various light conditions and background types, size of
animals and both crowded and blank situations. The examples of these variants
are shown in Fig. 1.

Fig. 1. Examples of livestock considered to be processed by the proposed system.

The proposed monitoring system is supposed to work as shown in Fig. 2. The
UAV continuously takes the images of the area. The images are then properly
combined together through mosaicking. During mosaicking, the images are also
geometrically distorted to fit to the detailed map of the scanned area. Subse-
quently, the resulting complex image is processed to provide positions of each
individual animal. Such information can be then used for various analyses re-
quired by farmers.

Fig. 2. Proposed functionality of the monitoring system.
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In this particular paper, the process of mosaicking is not discussed in detail.
It is clearly a non-trivial process and has the potential to produce various kinds
of errors [1]. Hence, it will be comprehensively dealt with in authors’ future
work. Here, the positioning of the animals in the combined image is dealt with.
In other words, we propose a novel approach to detect, to locate and to count
livestock animals in visual data.

2.2 Proposed solution

Recent advance in convolutional neural networks (CNNs) has resulted in them
outperforming traditional computer vision techniques in object detection as well
as image classification tasks across various benchmark datasets [17], [18]. The
proposed approach uses CNN for the original image transformation into a gray-
scale image. The reason for this transformation is to create a segmented image,
where animals are highlighted as radial gradients and the rest of the image
remains black. The approach is depicted in Fig. 3.

Fig. 3. Proposed positioning approach.

It is obvious that the function of the Locator is a routine process of finding
local maxima in a gray-scale image. The transformation of the RGB image is, on
the other hand, a tricky issue. One of the possible solutions is the implementa-
tion of a representative from the family of image segmentation neural networks.
These neural networks are often based on deep encoders and decoders. It involves
encoding the input image into low dimensions, and then recovering it with ori-
entation invariance capabilities in the decoder. If the training set is prepared
correctly, the approach should generate a segmented image at the decoder end.
Although the image segmentation process is mostly supposed to produce im-
ages covered with monotonous areas of colors, the authors believe, that a similar
approach is able to code gradient circles, as required in the presented method.
Therefore, the image segmentation neural network, which transforms an RGB
image into a gray-scale image where animals are highlighted as radial gradients,
is defined in the next section.
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3 Image segmentation neural network

In recent years, many types of deep neural networks, including CNNs, fully
convolutional networks, ensemble learning systems, and SegNet neural networks,
were introduced [2]. Based on the authors’ previous experience, from the wide set
of possibilities, the U-Net is selected for the initial testing. It is robust, reasonably
fast, and it is supposed to need only a small training set to be sufficiently trained.

The U-Net is a fully convolutional neural network developed originally for
biomedical image segmentation. It consists of a contracting path (left side) and
an expansive path (right side). The contracting path follows the typical archi-
tecture of a convolutional network. It consists of the repeated application of two
3x3 convolutions (unpadded convolutions), each followed by a rectified linear
unit (ReLU) and a 2x2 max pooling operation with stride 2 for downsampling.
Every step in the expansive path consists of an upsampling of the feature map
followed by a 2x2 convolution that halves the number of feature channels, a
concatenation with the correspondingly cropped feature map from the contract-
ing path, and two 3x3 convolutions, each followed by a ReLU. The cropping
is necessary due to the loss of border pixels in every convolution. At the final
layer, a 1x1 convolution is used to map the output. In total, the network has 23
convolutional layers [14].

3.1 Dataset for training and validation

The dataset for training and validation is prepared in order to fulfill the condi-
tions described in Section 1. Therefore, several videos taken by the UAV were
processed, and images, which satisfied the conditions, were extracted. Altogether,
440 images [288 x 288]px, which cover livestock (sheep and cows), taken from the
height 50-100 m, were selected. These images were then divided into a training
and testing set. The overall information is summarized in Table 1.

Table 1. Parameters of dataset

- Training set Testing set Together

Images 330 110 440

Animals 10621 3707 14328

Then, the target images for the training and validation needed to be prepared.
This process was performed manually by a custom tagging application. For each
input image, a gray-scale target image, where animal positions were highlighted
by a gradient circle, was prepared. The examples of input-target pairs are shown
in Fig. 4.



6 P. Dolezel et al.

Fig. 4. Examples of input-target pairs for training set. The dimensions are 288 x 288
px.

3.2 U-Net training

Consequently, the training of the U-Net architecture was performed. The ADAM
algorithm is implemented as an optimizer based on its generally acceptable per-
formance [9]. Initial weights were set randomly with normal distribution (mean
= 0, standard deviation = 0.05). The experiments are performed twenty times
due to a stochastic character of training. All the parameters are shown in Table 2.

Table 2. Parameters of the training

Input shape 288 x 288 x 3

Training algorithm ADAM algorithm

Initialization Normal distribution (mean = 0, std = 0.05)

Maximum epochs 50

Stopping criterion Maximum epochs reached

Learning rate α 0.001

Exponential decay rate 1 β1 0.9

Exponential decay rate 2 β2 0.999

3.3 Results

In this section, the performance of the best U-Net, trained according to the pre-
vious paragraph, is introduced. A good practice for the evaluation is to determine
the accuracy over the testing set. However, two additional metrics, precision and
recall, are added. The metrics are described by the following equations.

Accuracy =
TP

TP + FP + FN
, (1)

Precision =
TP

TP + FP
, (2)

Recall =
TP

TP + FN
, (3)
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where TP (true positive) is the number of correctly classified animals, FN (false
negative) is the number of misclassified animals, FP (false positive) is the number
of incorrectly detected animals. All these quality indicators are expressed as
percentage values in the rest of the article.

The results obtained by the best U-Net for image transformation, and the
local maxima detector for livestock positioning, are summarized in Table 3, where
the testing set is divided into three subsets according the height of the camera.

Table 3. Results

Dataset Accuracy Precision Recall

Testing 97.56 % 98.42 % 99.11 %

Training 100.00 % 100.00 % 100.00 %

Testing (50-66 m) 97.55 % 98.58 % 98.93 %

Testing (66-83 m) 96.37 % 97.22 % 99.10 %

Testing (83-100 m) 98.34 % 99.18 % 99.13 %

According to the results, the proposed method obviously works perfectly on
the training images, and shows only slight degradation on the test images. In
addition, there is no obvious relevance between the accuracy (and other metrics)
and the height of the UAV with the camera.

4 Conclusion

A novel engineering approach to livestock positioning and counting is proposed
in this contribution. The approach is composed of two parts. Firstly, a fully
convolutional neural network for input image transformation, and secondly, a
locator for animal positioning. The transformation process is designed in order
to transform the original RGB image into a gray-scale image, where animal
positions are highlighted as gradient circles. After a set of experiments, the U-
Net was selected for the transformation. In combination with the local maxima
function for positioning, the U-Net provides a precision rate of 0.9842 and a
recall rate of 0.9911 with the testing set.

The presented contribution should be understood as a first step in the de-
velopment of a robust livestock counting device. Work in the near future will
include convolutional neural network architecture optimizing, and computational
complexity testing in order to prepare the approach for implementation.
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