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Abstract 1 

This paper discusses the main architectural alternatives and design decisions in order to 2 

implement a sows’ activity classification model on electronic devices. The different 3 

possibilities are analyzed in practical and technical aspects, focusing on the 4 

implementation metrics, like cost, performance, complexity and reliability. The target 5 

architectures are divided into: server based, where the main processing element is a 6 

central computer; and embedded based, where the processing is distributed on devices 7 

attached to the animals. The initial classification model identifies the activities 8 

performed by the sows using a multi-process Kalman filter having, as input, 3-axes data 9 

from accelerometers. However, the power demanding hardware resources to run the 10 

filters require frequent battery recharges, making its use unsuitable in the current state-11 

of-the-art. It motivated the development of a heuristic classification approach, focusing 12 

on the resource constrained characteristics of embedded systems. The new approach 13 

classifies the activities performed by the sows with accuracy close to 90%. It was 14 

implemented as a hardware module that can easily be instantiated to provide 15 

preprocessed information to models in order to detect important situations in the sows’ 16 

life, e.g. the onset of farrowing. 17 

Key words: Accelerometer; Activity type classification; Sows’ behavioral modeling; 18 

HW/SW implementation; Farrowing. 19 

1. Introduction  20 

The desire to automate manual activities is not new. However, instead of 21 

building mechanical devices, the current trend is to automate complex activities by 22 
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means of embedded digital devices (Thomas et al., 2009). The sows’ activity 1 

classification device, developed during this project, is an example of a modern digital 2 

automation.  3 

The detection of key events in the sows’ life (e.g. oestrus, farrowing or illness) 4 

usually starts with visual observations made by a skilled farmer and is based on his/her 5 

intuition and experience. However, it is a costly and inaccurate operation when dealing 6 

with big number of animals. This work proposes to improve the current method of 7 

detecting the key events by using an automatic approach based on electronic sensors, 8 

processors and actuators. 9 

An efficient activity type classification model for group-housed sows has 10 

recently been developed by Cornou and Lundbye-Christensen (2010). They based their 11 

detection model using a 3-axes accelerometer attached to a strap around the sow’s neck. 12 

Giving continuity to that work, the aim of this paper is to focus on the implementation 13 

aspect, analyzing the adapted technologies, the design alternatives and the decisions in 14 

order to achieve an implementation that fits the best design metrics.  15 

Some initial design metrics were stipulated for the sensor device in the very 16 

beginning of the project: low cost per unit (maximum 40 U$D), long battery life (at 17 

least 6 months), classification precision (at least 90%), small weight (lower than 40g), 18 

and robustness (chock resistance). However, early in the analysis and implementation 19 

phases, the power consumption showed to be a big challenge. This motivated a strict 20 

simplification of the initial classification model: instead of using multi-process Kalman 21 

filters (MPKF), that need sophisticated hardware resources, a new approach well 22 

adapted to resource constrained devices was implemented. 23 
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The literature already describes projects on how to model the animals’ behavior, 1 

but using different strategies; for example Bressers et al., 1991 used video recording of 2 

the sows’ visits to the boar pen to determine which sows should be examined for 3 

oestrus; Cangar et al. (2008) used video cameras and digital image processing to 4 

analyze the animals behavior; Cornou et al. (2008), and Ostersen et al. (2010) used 5 

radio frequency identification devices (RFIDs) to identify sows’ eating habits and sows’ 6 

visits to the boar pen; Bonnet et al. (2006) implemented a network of sensors to monitor 7 

sows’ location, while Nadimi et al. (2007) and Tøgersen et al. (2010) made the same 8 

experience with cows; Oliviero et al. (2008) used infra-red camera to detect changes in 9 

the sows’ body temperature; and Bressers et al. (1994) implanted micro sensor devices 10 

in the sows’ body to access biological and chemical information. 11 

2. Initial activity classification model 12 

The initial activity classification model used in this project was developed by 13 

Cornou and Lundbye-Christensen (2010). The data input to the model is the 14 

acceleration values corresponding to the x, y and z axes, captured using digital output 15 

linear accelerometers (LIS3L02DS from STMicroelectronics).  16 

In order to facilitate the understanding of this model, Figure 1 shows a big set of 17 

acceleration data already classified by the activities performed by a group of sows. Each 18 

graphic represents approximately four hours of non contiguous measures from different 19 

sows.  20 

[Figure 1] 21 
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In Figure 1.a, corresponding to acceleration measures when the sow is highly 1 

active, there is a high variation on all axes. The x axis has a mean value near zero, 2 

meaning that the sow’s neck is horizontally positioned. During this activity the sow is 3 

usually sitting/standing, eating or doing nest-building activities. In the medium active 4 

graphic (Figure 1.b), there is a lower variation in the acceleration values. The x and y 5 

axes are not clearly distinguished as the sow performs different types of poorly defined 6 

activities during this period, like pawing or chewing. During the passive activities 7 

(Figure 1.c and d) the axes variation values are minimal and the activities can be 8 

identified by a specific axis deviation. For example the negative z axis, with variation 9 

value close to the limit, indicates a lying sternally position; the x axis close to the 10 

positive or negative limits indicates respectively that the sow is lying laterally on the left 11 

or on the right side. These two lying activities (left and right) can be merged into one, 12 

with a correction (absolute value) of the x axis.  13 

The initial step in this activity classification model was intended to extract the 14 

noise parameters, as represented in Figure 2. First a large amount of acceleration 15 

measurements were collected from identified group-housed sows. During this collection 16 

period the sows were video recorded to allow a posterior manual classification of the 17 

collected acceleration measures based on the activities performed by each sow.  18 

[Figure 2] 19 

These activities were grouped and classified as: high active (HA), medium 20 

active (MA), lying laterally (LL) and lying sternally (LS). The acceleration sets of 21 

values, separated in these activity types, were used as input to the Expectation-22 

maximization algorithm (Dempster et al., 1977) to obtain the noise parameters (V and 23 
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W). Then these noise parameters were used to configure each instance of the MPKF to 1 

be used during the automatic classification step. 2 

With the input parameters represented as square data matrices in the algorithm, 3 

the model was able to start the automatic classification activity. The idea was now that 4 

the accelerometer, attached to the sows’ neck, should provide the same acceleration data 5 

to five different Kalman filter implementations. Each of these instances was configured 6 

with the noise parameters corresponding to a specific classified activity, as represented 7 

in Figure 3. In this case, the output value of interest in each filter instance was not, as 8 

usual, the estimated system state, but the residual values or innovations.  9 

[Figure 3] 10 

The residues represent how different the sequence of values from the 11 

accelerometer is compared with the expected values. For each filter implementation, the 12 

one that presents the lower residual (or the best posterior probability) most likely 13 

indicates the activity the sow is performing. If the residual is low, that means the 14 

activity modeled by the specific filter (or estimator) is very close to the sequence of 15 

acceleration measures arriving to the filter.  16 

3. Target architectures 17 

The target architectures to implement the activity classification device can be 18 

divided into server centered and embedded centered. Table 1 summarizes the main 19 

advantages and disadvantages of these two groups. 20 

[Table 1 ] 21 
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In the server centered architecture a main computer, called server, receives the 1 

measurement data from the sensors and performs remotely the data analysis. This data 2 

corresponds to the 3-axes acceleration values (x, y and z) captured in a fixed time step. 3 

The server occasionally sends configuration parameters to the sensors. As the sensor 4 

manages several embedded devices simultaneously, it can take into account behavioral 5 

characteristics of the entire herd, or individually parameterize each device based on a 6 

specific sow’s history. These individual or global calibrations can be performed 7 

manually by the farmer, using the graphical interface on the server computer, or 8 

automatically by the model.  9 

For example, when the sows’ behavior is influenced by the year’s season, abrupt 10 

climate changes, addition of new animals in the pen, dimensions of the pen, number of 11 

sows in the pen, or the availability of bedding materials, these influences can be 12 

minimized by setting special control input parameters into the server’s application. The 13 

server can manage special devices status, such as the amount of battery charge, the 14 

identification of a badly positioned device around a sow’s neck, a device not working 15 

appropriately, or a lost device.  16 

In the embedded centered architecture the data acquisition, processing and 17 

alerts are performed by the embedded device (sensor) attached to each individual sow. 18 

The devices just need to be charged, parameterized and fixed to the animals, with few 19 

restrictions of pen location and number of devices per pen. The size and weight is 20 

mainly influenced by the kind of implementation technology used and by the battery 21 

pack. The battery life time is an important aspect to consider as it is directly related to 22 

the usability aspects and is directly related to the device processing power.  23 
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4. Ressource-aware activity classification approach 1 

The initial activity classification model based on MPKF was coded in the R 2 

language (Crawley, 2007), where matrices are native operands, resulting in a compact 3 

and legible representation. The conversion of the code to the C language and the 4 

subsequent profiling operation using the gprof tool were performed to extract detailed 5 

information from this model. The main conclusion was that the MPKF requires an 6 

excessive amount of mathematical operations over fractional numbers per sample input 7 

(approximately 2,400), and that the implementation of fractional numbers in hardware 8 

using float-point arithmetic is complex and power hungry.  9 

The outcome of this analysis and the hard conversion to a fixed-point arithmetic 10 

motivated the development of an alternative model that - unlike the initial model - 11 

focuses from the beginning on the hardware resources optimization and classification 12 

accuracy. This Resource-Aware Activity Classification (RAAC) approach bases the 13 

activity classification on numerical variation of the data coming from the 14 

accelerometers, instead of using Kalman filters. This strategic decision caused a slight 15 

loss of classification accuracy compared to the initial model, but still it allowed a good 16 

identification of the activity performed by the sow, as presented in the next section. 17 

The examination of the data, coming from the accelerometer when the sow is 18 

performing different tasks, shows that the sum of the absolute variation of each axis, 19 

obtained from equation 1, can be interpreted as how active the sow is in each short 20 

period of time. The data variation comparing the current measures (time t) with the 21 

previous ones (time t-1) is calculated as:  22 
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�����������	 = |�� − ����| + |�� − ����| + |�� − ����|	   (1) 1 

If the axes variation sum returns a low value, meaning no important variation 2 

detected, it indicates a moment of low activity. If this low value persists, it indicates that 3 

the sow is resting or sleeping. On the other hand, a high variation value indicates a 4 

rooting, walking (if loose housed) or eating activity. Unsurprisingly, the more active the 5 

sow is, the higher are the variation values obtained from equation 1. This situation is 6 

numerically modeled by the simple mean variation (µ), where n corresponds to the 7 

number of measures (e.g. n=480 corresponding to two minutes of observation with 4 8 

measures per second), calculated as: 9 

� = 	
�

�
∑ �����������	�
���     (2) 10 

Figure 4 shows the normal distribution (Gausian) curves of the acceleration 11 

values obtained from a learning data set composed of 180 manually classified 12 

observation sets for each activity type, the same data sets used by Cornou and Lundbye-13 

Christensen (2010). These data were captured in a production herd in Denmark from 14 

five groups of housed sows over a period of 20 days and using video recording. The 15 

data were separated into sets belonging to the same activity type (HA, MA, LL and LS). 16 

[Figure 4] 17 

The active activities (HA and MA) have well differentiated mean variation 18 

values, with small overlap among the curves. An optimal threshold mean variation value 19 

(α=0.41) was identified separating the passive and the active categories; and another 20 

threshold (β=1.66) separating the MA and the HA activities. The overlapping area 21 

represents imprecision in the approach using simple threshold values to differentiate the 22 
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activities. As the passive activities (LS and LL) present an important overlapping area, 1 

the RAAC approach differentiates them by specific axis deviation information, as 2 

introduced in section 2. When the simple mean of the z axis returns a value close to the 3 

lowest sensor limit, this indicates a LS activity. However, when the simple mean of the 4 

x axis returns a value closed to the highest/lowest sensor limit, it indicates a LL 5 

left/right position. 6 

The use of threshold values (α and β) and specific axis deviation to classify the 7 

activities provides good precision as these values are well distinct when the sow is 8 

performing the natural activities (e.g. eating, walking, resting and sleeping). The 9 

calculus of the thresholds and mean variation values uses basic statistical functions, and 10 

can easily be automated. These are parameters to the model, and have to be adapted to 11 

different accelerometers’ sensibility (e.g.: 2g, 4g, 6g) and to different manufacturers 12 

(e.g: Freescale, STMicroelectronics). Besides the simplicity, another interesting quality 13 

of this approach is the easy parameterization for special situations, basically adapting 14 

the threshold values that separate the activities. 15 

5. Validation and prototyping 16 

As standard computers are well adapted to data analysis and parameterization, 17 

the validation phase of the RAAC approach was based on a server centered architecture. 18 

On the other hand, the prototyping phase was based on an embedded centered 19 

architecture.  20 
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5.1 Validation 1 

The RAAC approach was coded in C language and executed with test data sets 2 

with the same characteristics as the learning data sets used to compute the threshold 3 

values. Figure 5 presents the accumulated variations computed for each test data set, 4 

separated by activity.  5 

[Figure 5] 6 

Almost all the HA sets returned accumulated variation values bigger than 800. 7 

When the returned value is well situated in the range defined by the activity (using the 8 

threshold values as frontier), this means a correct classification by the RAAC approach. 9 

Analyzing these results, the HA and MA sets were correctly classified with precision of 10 

96% and 81%, respectively. If more accuracy is needed in the identification of the MA 11 

activity, it is possible to improve its precision up to 90%, if excluding the sets that 12 

presented specific axes deviation. The passive actions were correctly identified in 93% 13 

of the cases.  14 

Figure 6 illustrates an experiment aiming to test the RAAC flexibility to support 15 

acceleration data coming from sensors attached to the sows’ earring. For this 16 

experiment we used four off-the-shelf devices (ZSTAR3 from Freescale) to collect the 17 

data during four days. On the left of the figure is shown the user interface developed to 18 

manage the data capture and sensors configuration; and on the right the sensor attached 19 

to the earring. 20 

[Figure 6]  21 
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 During these experiments the sensors returned higher variation values than when 1 

attached to the sows’ neck, requiring only a scaling adjust of the threshold values. Also 2 

it confirmed the importance to pay special attention to the sensors’ robustness aspect, as 3 

some sensors stop working when the sows shook their head against the protection iron, 4 

slept over the device or when the curious piglets bit the devices.  5 

 A consequence of attaching the device to the sow’s earring is that the model can 6 

no longer use the sensor orientation during the classification. Differently than the 7 

MPKF model, the RAAC approach continues to classify the activities HA, MA and 8 

passive (LL and LS) with precision close to 90%, but it differentiates no more between 9 

the LS and LL activities. This showed the flexibility of the RAAC approach to support a 10 

practical situation aiming to minimize the interference in the animal’s behavior.  11 

5.2 Prototyping 12 

The RAAC approach is well adapted to a simple microcontroller. For example, 13 

the code can be compiled to the instruction set of the MC13213 microcontroller and 14 

stored in its internal flash memory. However, the conciseness motivated its 15 

implementation in hardware to explore more optimization options.  16 

Figure 7 presents the low-level hardware implementation of the RAAC 17 

approach, where the current acceleration data from each axis are subtracted from the 18 

previous one stored in internal registers to compute the variation. Then the module of 19 

these values is added and accumulated. The accumulated variation is compared with 20 

threshold values, and a priority encoder identifies any possible activity performed. 21 
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These threshold values are stored in internal registers to support parameterization. The 1 

sleep signal adapts the classification module to external power save configurations. 2 

[Figure 7] 3 

Aiming a hardware simplification, this implementation uses the accumulated 4 

variation of the acceleration values, instead of the mean variation (µ). This avoids the 5 

implementation of a costly divider operator. In this case, the new threshold values α’ 6 

(200) and β’ (800), used to classify the activities, correspond respectively to α and β 7 

multiplied by the classification granularity.  8 

During the prototyping, the FPGA technology was used for its flexibility and 9 

availability of design tools. The RAAC approach was coded in VHDL as a building 10 

block to be easily encapsulated in other projects. Figure 8 shows an example of the 11 

RAAC block instantiation to a farrowing detection implementation.  12 

[Figure 8] 13 

The ISE design suite tool from Xilinx was used for the synthesis, with the 14 

Drigmorn3 FPGA development board. The RAAC approach uses only 15% of the 15 

FPGA resources (340 slices). The exceeding resources are available to: the model that 16 

instantiates it, e.g. the onset of farrowing detection; to implement a communication 17 

protocol; and/or to implement an advanced energy saving strategy.  18 

The estimated components’ cost to build a sensor well adapted to the initial 19 

design constraints is approximately 22 USD: accelerometer (MMA7660FC, 1 USD); 20 

FPGA (XC6SLX4, 9 USD); battery holder (2xAAA, 1 USD); clock, capacitors, leds, 21 

resistors and switches (7 USD); and dual-layer printed circuit board (4 USD). However, 22 
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the manufacturing cost and the cost related to the amortization of the project should also 1 

be considered when estimating the final product cost. 2 

The sensor’s power consumption estimation was based on the consumption of its 3 

main components: accelerometer (47 µA and 2 µA in running and standby modes) and 4 

FPGA (52 mA, 900µA and 1 µA in running, standby and hibernation modes). The 5 

RAAC takes fractions of micro seconds to compute each acceleration measure, so the 6 

processing element remains most of the time in standby mode, waking-up when the 7 

interrupt pin of the accelerometer is activated. Two batteries with 1200 mA each are 8 

adequate to power the components for approximately 4 months (using Xilinx power 9 

estimation tool). The battery life can be improved by adapting the waking-up frequency 10 

to the activity performed by the sow. A crate housed sow in a farrowing house 11 

performs: HA=8%, MA=27%, LS=14%, and LL=51%; so the hibernation mode can be 12 

associated to the LL activity. 13 

The sensor weight is basically influenced by the batteries and protection case. 14 

Using 2xAAA batteries and plastic case the sensor weight is 35g. 15 

6. Farrowing detection 16 

The onset of farrowing detection (OFD) is important, specially to reduce the 17 

piglet mortality due to the lack of adapted environment conditions. Figure 9 summarizes 18 

the application of the RAAC approach to this problem. In the figure, the vertical axis 19 

corresponds to the amount of active and passive activities, respectively the positive and 20 

the negative axis, classified by this model within duration of one hour. For example, if 21 

during one entire hour the sow is sleeping or resting, this information is represented as -22 
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30, corresponding to 30 moments of passive activity with the duration of 2 minutes 1 

each.  2 

[Figure 9] 3 

To detect the behavioral change corresponding to the onset of farrowing 4 

situation, this model basically compares the amount of active (HA and MA) activities 5 

performed by the sow during the last 24 hours with the previous day. If this difference, 6 

represented as a cumulative sum in the figure, attaints a defined threshold range γ, the 7 

farrowing alert is emitted. Cornou et al. (2010) identified that the threshold value can be 8 

in a relatively wide range, as the sows tend to be much more active in the 24 hours prior 9 

the farrowing moment compared to the precedent day.  10 

This inter-day analysis can be complemented with other alternatives, increasing 11 

the precision. For example, the number of times the sow changes activities, during the 12 

last 24 hours prior farrowing, is considerably higher than the number of changes in the 13 

preceding day. Also, the average duration of each activity, in the last 24 hours, is shorter 14 

compared to the average duration in the preceding day.  15 

A numerical code, corresponding to the activity the sow is performing at each 16 

time step, provided by the RAAC approach, is stored by the OFD module into an 17 

activity history vector. The time step and vector size are easily adapted to the model’s 18 

precision and to the amount of memory available in the devices. The activity types are 19 

coded using only 2 bits, consequently, small memories can locally store long period of 20 

activities. For example, 75kBytes of memory on the XC6SLX4 FPGA is enough to 21 

store the activities performed by a sow during an entire year.  22 
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7. Discussion 1 

The precision livestock farming is receiving great focus by the scientific 2 

community (Wathes et al., 2008) and several active projects use accelerometers as 3 

source of data. Udupi et al. (2010) use hidden Markov models and dynamic Bayesian 4 

network, with input data from different sensors, to detect sows’ farrowing. Ringgenberg 5 

et al. (2010) use two accelerometers per sow to detect postures and stepping behavior; 6 

Hämäläinen et al. (2010) use decision trees for deriving dairy cows' action patterns 7 

automatically from accelerometer data. Moreau et al. (2009) use data loggers to record 8 

acceleration data from goats’ to posterior classify their behavior. These projects focus 9 

on the sophisticated computation methods or use excessive instrumentation, not directly 10 

taking into account the current severe restrictions of the embedded devices.  11 

Now discussing some implementation aspects, the conversion, from floating to 12 

fixed-point representation, was very time consuming and required attention to guarantee 13 

the model precision. Our simulations showed that the fixed-point representation of the 14 

RAAC approach, in C language, presented results very close to the initial floating-point 15 

representation in R language. 16 

The use of off-the-shelf devices or software processor technology would be the 17 

easiest and immediate alternative to implement the RAAC approach. However, during 18 

the design space exploration the semi-custom technology was selected, based on FPGA, 19 

as it better attained the design metrics. The complexity of the MPKF model is two 20 

orders of magnitude higher than the RAAC approach, influencing directly the dynamic 21 

power consumption of the device. 22 
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8. Conclusion 1 

The RAAC approach coded in a standard hardware description language and 2 

implemented in a reprogrammable and scalable platform, is able to provide accurate 3 

activity classification data to algorithms that model important situations in the sows’ 4 

life. An interesting use of the approach is to detect the onset of farrowing. As a 5 

continuation of this project, the acceleration data starts to be collected from devices 6 

pervasively attached to the sows’ earring. The idea is to optimize the model to this new 7 

kind of data. Further work will focus on how to precisely compute the threshold values 8 

used as input parameters to the RAAC approach, not only taking into account changes 9 

in the sow’s environment and housing condition, but also to the sows’ temper, breed, 10 

and age. 11 
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Figure 1. Acceleration data classified by activity type. When the sow is high 3 

active (a), there is a high variation on all axes values. During the medium 4 

active period, the sow performs different types of not well defined activities. 5 

During the passive activities (c) and (d), each activity type can be identified by 6 

a specific axis deviation, z and x respectively close to the borders. 7 

-12

-8

-4

0

4

8

12
X axis

Y axis

Z axis

-12

-8

-4

0

4

8

12
X axis

Y axis

Z axis

-12

-8

-4

0

4

8

12
X axis

Y axis

Z axis

-12

-8

-4

0

4

8

12
X axis

Y axis

Z axis



22 

 

File: Figure02.pptx 1 

2 

Figure 2. Parameters extraction from the acceleration data. The sows were 3 

video recorded and the acceleration data manually classified to be used as 4 

input to the Expectation-Maximization algorithm. This algorithm generates the 5 

noise parameters to be used in each Kalman filter instance. 6 
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File: Figure03.pptx 1 

 2 

Figure 3. Automatic activity classification based on Kalman filter instances. 3 

Each filter instance uses specific noise parameters V and W. The most 4 

probable activity performed by the sow in each time step is the one with lower 5 

residue. A code representing the identified activity can be stored in history 6 

vectors for posterior analysis. 7 
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File: Figure04.pptx 1 

 2 

Figure 4. Normal distribution (Gausian) curves of the classified activities belonging to 3 

the learning data set, clustering around mean variation values. 4 

  5 
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File: Figure05.pptx 1 

2 

Figure 5. Accumulated sum variations and the activities’ range. The accumulated sum 3 

variations of the test data composed of 180 manually classified sets with the duration of 4 

2 minutes each, for each activity type, are shown in the figure. The shaded lines 5 

represent the frontier among the activities: α’ is the threshold that defines the frontier 6 

between the HA/MA and LL/LS activities, while β’ is the frontier between the MA and 7 

HA activities. These thresholds are parameters adapted to the accelerometers’ 8 
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sensibility and manufacturer. The LL and LS activities are differentiated by specific 1 

axis deviation, i.e. respectively the x and z axis with values close to sensor limit. 2 

 3 

4 
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File: Figure06.pptx 1 

 2 

Figure 6. Verifying the flexibility of the RAAC approach to support acceleration data 3 

coming from the sows’ ear. On the left the tool’s interface intended to monitor the data 4 

capture and on the right the sensor attached to the sow’s earring. 5 
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File: Figure07.pptx 1 

 2 

Figure 7. RAAC low-level hardware implementation. The acceleration values 3 

are subtracted from the previous ones to obtain the variation that is 4 

accumulated. At a defined time step the accumulate variation is compared to 5 

the threshold values to identify the activity performed.  6 

  7 



29 

 

File: Figure08.pptx 1 

 2 

Figure 8. RAAC module instantiation. The block structure with defined 3 

interface allows easy instantiation of the RAAC approach to other models, as 4 

for example to the farrowing detection problem. 5 
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File: Figure09.pptx 1 

2 

Figure 9. RAAC approach adapted to the OFD model. The vertical axis 3 

represents the amount of 2 minutes series classified as active or passive with 4 

the time step of one hour. The horizontal axis represents the days close to the 5 

farrowing moment. The cumulative sum is based on the amount of active 6 

moments in the last 24 hours comparing with the previous day. A farrowing 7 

alert is emitted when the cumulative sum attains the threshold range γ. 8 
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12. List of tables 1 

Table 1. Advantages and disadvantages of the server and embedded centered 2 

architectures. 3 

 Advantages Disadvantages 

Server 

centered 

architecture 

- simplicity of HW and SW 

architectures 

- ease to update the application 

running on the server 

- flexibility of resources usage on 

the server (languages, storage, 

interaction, power) 

- one server has processing power 

to manage dozens of devices 

- high dependent on the 

communication technology 

- pen is an inappropriate 

environment to interact with a 

computer 

- susceptible of global failure if the 

server breaks 

- communication to the server is a 

power hungry activity 

Embedded 

centered 

architecture 

- flexibility and simplicity of 

operation 

- adapted also to outdoor 

monitoring 

- flexibility in the quantity of 

devices or pen dimension  

- do not need a main computer or 

specialized knowledge to manage 

- difficult to identify individual 

device failure 

- fragile way to output the alert 

situations 

- device configuration has to be 

done locally to each module 

 4 


