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Abstract

Smart Poultry acquires data from aviaries by means of sensor network at reduced intervals of time (every minute) that generate
hundred thousands of data. The conjunction of Internet of Things and Artificial Intelligence open the field of the real-time monitor-
ing of poultry and ,advance analytics and automation if data is from high quality. In this paper, we propose a scalable monitoring
of a poultry achieved with open hardware wireless sensors network and software. We use a Gated Recurrent Unit, an artificial
intelligence algorithm to validate and predicate environmental parameters.
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1. Introduction

Nowadays, recent advances in Edge Computing, Edge IoT, and Edge Al allow to propose autonomous efficient
and intelligent systems. According to Katare et al.[25] combining of Al and IoT are actually used in industries. Nev-
ertheless, the combination between both technologies offers many possibilities in term of advance machine learning
and deep learning in order to propose realtime prediction,better analytics, and visualization of data. The merge of
Al and IoT provides some capabilities to images and videos processing, object segmentation and tracking, and more
advanced automation, etc.
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In Poultry Houses, noxious gases such as ammonia (NHj3) are produced by animal metabolism and animal wastes
break down. The ammonia production is due to microbial decomposition or reduction of nitrogenous substances, in
particular the decomposition of uric acid contained in the litter. The production and the concentration level of NH;
depend of multiple factors such as litter type and management, humidity, pH, and temperature. The temperature and
humidity must stay respectively in range 13 to 27°C and 50 to 70%. The conjunction of high temperature and humidity
promotes the growth of bacterial and consequently the production of ammonia by decomposition of the organic matter
[30]. In Poultry, the concentration of ammonia must be maintained between 10 and 25 ppm and not exceed 35 ppm
with an exposure type of maximum fifty minutes, the generally adopted limit is 15 ppm. The mean Hydrogen Sulfide
cannot exceed 10 ppm and not exceed 15 ppm during maximum fifty minutes. The Threshold Limit Value for Carbon
Dioxide concentration (CO,) is 5,000 ppm and must be normally maintained under 2500 ppm. Other gases are also
produced such as Methane (CHy), Hydrogen Sulfide (H,S), Carbon Monoxide (CO).

In this paper, our contribution is the monitoring and the prediction of air quality in poultry by means of Artificial
Intelligence algorithm.

2. Literature Review

The literature resumes on one hand our background accumulated in previous works and published in diverse papers
and on the other hand, a general literature review related works in smart poultry. Some relevant works of other authors
are described following three parts. The first part explains the use of Artificial Neural Network and Deep Learning in
smart poultry. The second part describes the main contributions to the use of Al in poultry houses. Finally, the third
part synthesizes sensors implemented in different papers and afterwards compare them.

2.1. Background

In our previous works, we have progressively developed a semantic driven and modular cloud centric Lambda
Architecture[ 18] through various uses cases: landslides monitoring[29], bee health[19], irrigation [5], elderly and
patient monitoring[13], AI-IoT[9], smart campus[4], smart home[8], smart city[10], smart building[16], cattle
behavior[7][15][6][11], phenotyping[14][17], urban gardening[2], climatic enclosure[12], smart bird[1].

In this paper, we develop the edge level which collaborate with our previously developed cloud architecture in
order to deploy micro services and artificial intelligence algorithms to analyze, validate, curate, compress data.

2.2. Related Works

Diverse authors have diversely applied artificial intelligence, edge computing, wireless sensor network, and Internet
of Things on smart poultry. We describe some of their contributions in the following paragraphs.

2.2.1. Artificial Intelligence and poultry

Artificial Neural Networks has been applied to smart poultry to (1) determine accurate action plans for poultry
management using ANNSs of 4 layers with multiple output regression neurons from a set of data acquired through a
sensor network and external data such as the meteorological data, bibliography material, etc. in [33]; (2) to predict
moisture contained in poultry litter moisture in [34]; (3) to determine slaughter weight of chicken with an ANN with
an input layer of 7 neurons, 11 neurons in the hidden layer and one neuron in the output layer in [24].

2.2.2. Edge computing solution for smart poultry

Yang et al. in 2019 [37] proposed an Edge Computing solution to monitor chicken house. Temperature, humidity
and light intensity are measured and transmitted by end nodes to the gateway with ZigBee network. At the edge level
data is processed and is used on hand to control the light intensity and fan and on the other hand is uploaded to the
cloud.
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2.2.3. Internet of Things in poultry

Several authors have proposed divers Smart poultry solutions based on quality sensors, air temperature, and
relative humidity sensors. Air quality sensors which have been chosen are often inadequate for the environmental
parameters acquisition in an industrial poultry. Indeed, crucial parameters that must be monitored in a poultry are
concentration in Ammonia (NH3), Hydrogen Sulfide (H;), Carbon Dioxide (CO,), and Dioxygen (O,). Methane and
Nitrogen Dioxide are also produced but rarely monitored. A synthesis of sensors used by different authors is done in
Table 1. Technical characteristics are then compared in the Table 2.

The analyze of the literature shows that the different authors implemented temperature, relative humidity sensors.
Temperature sensors most often used are LM35 [21][3], DHT11 [22][28][23][35][31][37], and DHT22 [32][26][36]
while Humidity sensors most frequently used are DHT11 [22][23][35][31][37], DHT22 [32][26][36], SY-HS-220
[271[3].

Rajetal. [32] used a MQ137 gas sensor to measures uniquely ammonia concentration in the air. While other authors

use non specific gas sensors i.e: MQ135 to measures NH3 air concentration. Handigolkar et al. [28] implemented
MQ136, another kind of gas sensor to measure Hydrogen Sulfide (H,S) in the air.

3. Material and Method

Our proposition is built around a micro computer and a Wireless Sensors Network which allows to acquire envi-
ronmental data which are then processed at the edge level of the network.

(a) NVIDIA Jetson Nano (b) ESP32s Wi-Fi

Fig. 1: Micro computer & Microcontroller

3.1. Micro computer

NVIDIA Jetson Nano (472 GFLOPS) is a micro computer equipped of 128-core CUDA Maxwell which allows
to train and exploit Artificial Intelligence algorithms. The Jetson Nano contains also a Quad-core ARM A57@1.43
GHz, 4GB 64-bit LPDDR4@25.6 GB/s (Fig. 1a).

3.2. Microcontroller

The ESP32-Wroom-32 is equipped with a Wi-Fi and a Bluetooth interfaces that allows it to communicate with the
local gateway configurated as Access Point. We use Arduino IDE to program it in the same way as an Arduino UNO.
ESP-WROOM-32 contains a Xtensa dual-core 32-bit LX6 microprocessor at 240 MHz, 520 KiB SRAM, 4 MiB Flash
Memory. Moreover it provides 12-bit SAR ADC up to 18 channels, 2 DAC of 8-bit, 10 GPIO, 4 Serial Peripherical
Interface (SPI), 2 Inter-IC Sound (/25), 2 Inter-integrated Circuit (I>C). It is used to connect sensors inside buildings
(Fig. 1b).
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3.3. Sensors

The MQ4 is a digital sensor measuring Methane (CHy4) concentration between 200ppm and 10000ppm. The MQ7
is a digital sensor which evaluate the Carbon Monoxide (CO) concentration in a range of 20ppm to 2000ppm. The
MQI136 is a long life and reliable stability digital sensor which detects the Hydrogen Sulfide (H,S) in range of 1
to 200 ppm. Its current consumption is 150mA with an operating voltage of DC 5V. The MQ137 digital sensor
measures ammonia (NH3) concentration comprised between 5 to 500 ppm. The MG811 carbon dioxide sensors. The
DS3231 is a low-cost, and extremely accurate I>C real-time clock (RTC) with an integrated temperature-compensated
crystal oscillator (TCXO). The temperature and Humidity 7°C sensor used is AM2315 (Aosong) able to acquire the
temperature in a range of -40 to 85°C with a precision of + 0.5°C. The HC-SR04 is digital ultrasonic sensors able to
measure distance between 2 and 400 cm with an accuracy of 3 mm in optimal condition. The sensors emits a sonar
wave composed of 8 pulses at 40 kHz. We use it to measure the water level in the tank. The HX711 is a 24-Bit
Analog-to-Digital Converter (ADC) for Load Cell. The TSL2591 (Adafruit Industries LLC) is a high dynamic range
digital light sensor using /C bus which can detect light ranges from up to 188 uLux up to 88,000 Lux.

3.4. Implementation

Our system is composed of an NVIDIA Jetson Nano, several environmental sensor nodes, a Nutrition Nodes all
interconnected by means of a Wi-Fi gateway.

Environment Sensing Node. is based on an esp32s and equipped with following sensors to measure the rate of crucial
gas concentration in the air of : methane with the MQ4 sensor, ammonia with the MQ137, carbon monoxide with
MQ?7, carbon dioxide with MG811 sensor. In addition, this node is also equipped with a temperature and humidity
sensor, a real-time clock to timestamp data and a light intensity sensor. The microcontroller with all these sensors
measure regularly ambient condition of the poultry. This kind sensor of node is suspended from the ceiling of the
building and transmit its data by Wi-Fi. The (Fig. 2a) shows a block diagram of the environment sensing node.

Nutrition Sensor Node. is built around of an esp32s, a real-time clock to timestamp data, a water level sensor to
measure the availability of water for chicken, and a load cell with its 24-bit ADC convertor measures the amount of
food available in animal feeders (Fig. 2b). This kind of node is placed near the ground. The esp32s transmit regularly
data by Wi-Fi to the gateway.

MQ7 | MG811 _ AM2315 DS3231
CO Sensor CO, Sensor t° et humidity Sensor RTC
MQ4 DS3231 .
CH, Sensor RTC
S -
&, \\i-Fi Wi-Fi
L
MQ137 — __ TSL2591
NH; Sensor Light Intensity
(a) Environment Sensing Node (b) Nutrition Sensing Node

Fig. 2: Block Diagram

4. Experimentation

Our experimentation uses a three environmental nodes and two Nutrition Sensing Node connected to a TP-Link
Archer C50 WiFi router offering a theoretical bandwidth of 1200 Mbps: 300 Mbps in 2.4 GHz and 867 Mbps in 5
GHz. Environmental Node send data each 5 minutes and Nutrition Sensing Nodes transmit then each 5 minutes to the
micro computer. The Jetpack 4.3 is installed on the Jetson Nano SD Card. It contains the L4T 32.3.1 OS, TensorRT
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6.0.1, cuDNN 7.6.3, CUDA 1.0.326 and OpenCV 4.1.1.

We have implemented a Gated Recurrent Unit (GRU) Which is a simplified Long Short-Term Memory cells (LSTM)
combining the cell state and hidden state together. These improvements allow to speed up both the training and the
prediction phase while avoiding the vanishing gradient problem from which the Recurrent Neural Network (RNN)
suffers. Our database contains poultry environmental data received every 5 minutes.

GRU layer of M neurons and N dimensional input is described by following equations:

re = o(Wix; + Wi he oy + by)
U = O-(Wiuxt + Whahi—1 + bu)

(1)
¢ = tanhWiex; + 1, © (Wiehi_1) + b)

h=0—-u)Oc +u ©hiy

Where r, u, ¢ € R are respectively the reset gate, the update gate and the cell state. W; € R**N W, € RM*M are
weight matrices and b € RM are bias vectors. o denotes the logistic sigmoid.

5. Results and discussion

The Figure 3 shows in blue the measurement of ammonia rate in ppm and in red the estimation obtained with the
GRU algorithm.

50
45 A
40
35
30

25

0 100 200 300 400 500 600 700

Fig. 3: Prediction of data based on GRU algorithm

The GRU algorithm is used on one hand to verify the data quality received from Environment Sensing Node and
Nutrition Sensing Node and to predict evolution of data in the near future. By comparison to predict value and the
measure value, it is possible to deduce if a sensor is failed or an anomaly data is produced.

GRU are simpler than LSTM and by consequence easier to modify. Moreover, GRU train faster and the per-
formance is on LSTM. These latter are utilizing different way if gating information to prevent vanishing gradient
problem. The GRU controls the flow of information like the LSTM unit, but without having to use a memory unit. It
just exposes the full hidden content without any control.

6. Conclusion and Future Works

In this paper, we propose an edge computing and Artificial Intelligence architecture for smart poultry which ex-
ploit new possibilities offered by Nvidia Jetson Nano to analyze, validate and aggregate sensors data coming from
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Environment Sensing Node and Nutrition Sensing Node. Jetson Nano also allows to process video and photo taken
with an USB HD webcam. In future works, we will implement video treatment and animal chicken analysis to detect
anomaly in the poultry such as abnormal mortality, stress, and viz.
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