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. Most examples can be found in ecology as in determining animal's home range [MM01], or describing animal social behavior [CSP + 82]; some in agriculture as well, such that studying animal foraging behavior [BPMMF00] or quantifying animals physiological status [FSB + 97]. The nature of the information that can be gathered is as large as the number of applications. It can be animal weight [Kon14], bird cry [CEP + 07, BWK + 10] and we will focus here on monitoring animal's spatial coordinates and activity. Monitoring animal's displacement and activity are useful informations to determine health status and animal welfare [NHES16]. The most common technique for monitoring animal's spatial position remains using GPS collar [SFBH + 11] and for activity prediction, accelerometers have been shown to provide sufficient informations [SCK + 13]. A major drawback of these tools is that sensors have to be attached on each animals, which can limit the number of studied animal for cost reason but also require to regularly reload batteries. An alternative approach consists in using one sensor that will monitor the entire group of animals, like a camera.

The objective of this internship is to study the spatial behavior of small ruminants within a enclosure, in order to better understand and describe quantitatively the risk of host-parasites encounter.
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Miscellaneous

This report present the work of a 6-months internship about all the work I have done at "INRA Guadeloupe" during this period. All figures and tables without author indication are made by me. You can found the original height resolution figures, table and latex document at https: //gitlab.com/Ovan/master-2-report (mail for access : javayss@sleek-think.ovh).

At the beginning of the internship, some data were present, like drone images taken previously in many acquisition campaigns which represent 611 shots over 11 days. There was already research path privileged such as deep learning. The remaining acquisitions, coding, ground-trust data, experimental studies, and research were done by me in this internship. Finally I have proposed several methods to detect animals. I have produced two applications described in the chapter 3 and 4.
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General context

In a context of intensive breeding, Gastro-Intestinal Parasites (PGIs) of small ruminants represent a major constraint. Adult parasites settle in their host and produce eggs that will be deposited on the pasture to develop into infesting larvae capable of infestive other animals in the herd. The management of PGIs by taking chemicals alone (called anthelmintics) has led to the emergence of resistant PGIs. Although it is still possible to develop new anthelmintics, it seems inevitable that in a few generations, a population of resistant PGIs might emerge, leaving the breeder without any solution.

Taking anthelmintics alone does not appear to be a viable long-term solution.

Fortunately intermediate solutions exists in an agroecological context, like providing an adapted nutrition, better pasture management, or by long term genetic selection of resistant animals. The study and implementation of agroecological solutions to control PGIs in tropical climate is one of the main research activities of the "Animal Production" (URZ), for which the unit is expertise is internationally recognized.

In order to optimize the management of PGIs, it is important to understand the relationship between parasites and hosts (small ruminants : goats or sheeps). The objective of this internship was to develop an automatic goat recognition algorithm to study the behavior of small ruminants within a pasture, in order to better understand and describe quantitatively the risk of host-parasite encounter.

We proposed to apply several image algorithms the photos:

• correct image to reflect the actual distances between the elements

• automatically detect the animals on images Once these treatments are done, it is possible to describe their activity, and the use of the parcel by the flock and thus, to determine possible risky behaviors:

• the spatial distribution of the herd • week-wide behavioral changes

• detecting whether there is cycle of grazing in spatial distribution of grazing event.

Planning and Goal

Mars Avril

Objectif : Développer un outil de détection automatique de cabris, de détermination de leurs positions et de leur activité.

• Travail sur les images drones.

• La position des cabris est connues.

• L'activité n'est pas connue.

Travaux Préliminaires

On sait à peu près comment tu vas t'y prendre

Travaux Principaux

• Développement de l'outil (ex. une fonction qui renvoie la position et l'activité des cabris, avec un intervalle de confiance) de détection de cabris à l'aide de photos time lapse.

Mise en place dispositif caméras timelapse

Point rapport de stage

Point rapport de stage Ecriture du rapport 

State of the art

Animals behavior can be useful indicator of their physiological status. As resting, walking and eating are the predominant daily activities of ruminant animals, monitoring their behavior could provide valuable informations for management decisions and individual animal health status. Traditional animal monitoring used to be done by human observing them doing intensive labor, which implies high economic cost.

Different methods for studying animal behavior in large area are still in development, and some of them are currently tested around the world, such as attached device (GPS and accelerometer [SCK + 13]) to each animal and then monitoring their positions, but one problem is to manipulate animals, for battery reloading and saving information. We can also use radar detection which is still in development in Toulouse1 , they have the advantage to be precise, to monitor large area and pass through elements of the scene, but it is also expensive and present specular reflexion in presence of undesirable elements or water which is difficult to filter. Here we have decided to use cameras, they have the advantage to potentially study large area just radar, is low cost, but has the default of missing occluded object.

Camera based monitoring has already a long history. Ecologists use trapping cameras to monitor animal population size and manage ecosystems around the world. Camera traps were first introduced in 1956 and in 1995, Karanth demonstrated their usefulness for population ecology by re-identifying tigers (Panthera tigris) in Nagarahole [START_REF] Kremer | Deep learning object detection methods for ecological camera trap data[END_REF]. So time-lapse cameras and drones are two new possibilities to study animals and their behaviors, such as social comportment and species interaction. In this internship we have studied both methods.

We start by doing short state of the art for drone based method: Top-down image based detection: Although some articles show the interest of using computer vision for animal detection using "top-down" view (drone). For example their is texture based analysis with thermal camera [START_REF] Christiansen | Automated detection and recognition of wildlife using thermal cameras[END_REF], articles are based on monitoring people in urban environment were it is easier to extract gradient, background (uniform), or discriminative informations (clothes), and they use also texture analysis via feature vector extraction and image segmentation in different color space. Those methods are listed on the review of texture analysis method [START_REF] Fekri | A review on image texture analysis methods[END_REF]. And can be potentially used for detection and classification of goats in "top-down" images.

Although the texture descriptors can discriminate what is goat or not, but it is not discriminating enough to classificate activities, due to spatially variances, and also depend on the goat direction, moreover their is no previous study in this application. So we seek for methods based on shape characterization how are not spatially dependent. We haven't seen a lot of paper or review, on shape characterization in computer vision like shape similarity [START_REF] Otsu | A threshold selection method from gray-level histograms[END_REF]. In other fields, like in physics for particles characterization [ZLZ + 16], in biology for blood cells classification using geometrical information [CDM + 14] or even for black holes classification [START_REF] Merten | Characterising dark matter haloes with computer vision[END_REF]. These methods can be used for both method, but they are more adapted for "top-down" detection (normalized information) and they have been tested.

We will now do a short state of the art for time-lapse camera based method:

On ground image based detection: Unlike for "top-down" detection, several methods exist for monitoring moving objects in large areas in order to study the human social behavior, using single or multiple cameras system [START_REF] Wang | Intelligent multi-camera video surveillance: A review[END_REF], but most of the previous studies work in urban environment, where it is easy to use background subtraction method. However these methods are not efficient enough

• Background subtraction : The presence of object is defined by subtracting a learned background to the current frame, this one could be continuously updated.

• Frame difference : The presence of moving objects is determined by calculating the difference between two consecutive images. This need low noise environment, and hight frequency of acquisition for the time integration.

• Image segmentation : The presence of the object is defined via estimating the pixel connexity with their neighborhood (Image matting, Superpixel, Graph Cut, . . . )

• Image classification : The presence of the desired object is estimated used correlation and classification (Template Matching, Cross correlation, . . . )

• Visual perception : The presence of object is estimated via modeling the perception of human eyes, and detecting what is important. (Salient object, Motion Blur Estimation, . . . )

• Shape based : The presence of object is estimated using a predefined model for which we try to fit the shape in the image. (GrImage, Silhouette Cues, Model alignment, . . . )

• Field reconstruction : The presence of object is estimated by projecting visual information inside a 3d space, then a density function estimate the centroid of object, shape fiting can also be used to detect particular shape on the field (Depth Estimation, . . . )

• Deep learning : The model is pre-calculated using learning, once estimated, we used the model in many level to detect whether or not of desired object. This type of detection is particularly vast and represent a scientific domain by himself (Faster R-CNN, SSD, YOLO, . . . ) Some of these models exist with temporal integration or multiple cameras, to refine the detection, especially in presence of occlusion. Different type of cameras placement are possible, to allow the agglomerate information together in the same coordinate system:

• Multi-camera calibration maps, different camera views, to a single coordinate system.

In many surveillance systems, it is a key pre-step for other multi-camera based analysis.

• The topology of a camera network identifies whether camera views are overlapped or spatially adjacent and describes the transition time of objects between camera views.

• Object re-identification is to match two image regions observed in different camera views and recognize whether they belong to the same object or not, purely based the appearance information without spatio-temporal reasoning.

Two articles show the use of previous listed method [SS18, NNK + 17] using low cost camera traps and deep learning for animals detection, but yet, there is no existing model for our studying case to characterize their activities in spatio-temporal way, even less with high precision and intervals (moving, eating, sleeping). Although the paper about spatio-temporal people localization in multiple-camera system shows interesting methods [START_REF] Utasi | A bayesian approach on people localization in multicamera systems[END_REF].

Monitoring from drones

The goal of this method is to use images from drone camera taken at 50m from the ground to detect goat's positions and their activities. We propose to use different types of computer vision techniques based on color space manipulation, thresholding, feature extraction, texture classification and shape analysis in order to extract the information that interests us. The figure bellow 2 represents a part of one of the images taken by the drone camera on 15 th may 2017. We are waiting of the response of the journal for acceptation or corrections.

https://gitlab.com/inra-urz/drone-goat-detection

Material & Method

Aquisition: We recorded the positions of two different flocks of creole goats using drone. Each flock were grazing on two different pastures of approximately 1.2 Ha each one are splitted into 5 grazed sequentially for 7 days each, their is located at the INRA-PTEA farm (16 • 20 N ; 61 • 20 W) under a tropical climate. The first flock (F1) was composed of 21 goats and 27 kids, while the second flock (F2) was composed of 22 goats and 28 kids. We monitored the positions of the goats on the two pastures during 4 consecutive days, from April 10 th 2017 to April 13 th 2017. We replicated the study one month later, when each flock was back on the same initial pasture, from May 15 th 2017 to May 18 th 2017.

We flew a drone (Phatom 3 of the Dji brand) every 15 to 30 minutes and took one picture of each flock, from 9 am to 6pm at about 50m from the ground. No photo was taken during a one-hour break around noon. In total, 122 (mean = 30.5/day, std = 9.2) and 120 (mean = 30/day, std = 9.5) photos were taken during the first week for the first and second flock; and 113 (mean = 28.25/day, std = 5.7), 115 (mean = 28.75/day, std = 5.3) during the second week. Adults were in average 55 cm at shoulder height, with a length width of 30 -50cm, which represent between 30× 30 and 45× 15 pixels.

Ground truth: First, we manually pointed the centroids of each goat (not the kids) present in the pasture. Second, we manually created a bounding box around the animals. Each bbox contain an animal plus a small offset of 8px that contain grass, then manually classify their activity into three classes : walking, grazing or sleeping.

In some cases, it was impossible to distinguish sleeping and grazing activites and we removed these bounding boxes. We thus have two data set: (i) the centroids and (ii) activities of each animal present on the pictures. Note that goats from other flocks were also present outside of the studied pasture, but we did not recorded them and they were not accounted for in our experiments.

Goat detection

One of the main difficulty of our problem is to classify pixels of the image into two classes Goat and Not Goat. To solve this classification problem, we proposed to combine several type of methods: Thresholding, morphological operations, contour detection, feature detection, simple image correction and supervised classification.

Thresholding: Lets denote the original RGB image I, containing n pixels. Each pixel can be characterized by a value defined in a color space. For example in the RGB color space, p R i , p G i , p B i ), respectively the red, green and blue level of pixel i, are useful information that can be used to differentiate between objects. Intuitively, pixels that have the same level are more likely to be part of the same object in the image. This is the main idea of the thresholding method.

Let simply denote p i the level of pixel i for a given measure and color space. In our image, we can identify two main classes of object: goats and grass, where each classes can also be divided into sub classes. Visually, we observed two sub classes for goats (black and red), and two sub classes for grass (normal/green and dry/yellow). We hypothesized that the level p i for a pixel of a given class C should be in a specific range, i.e. C m < p i < C M . Thresholding then simply consist in classifying the pixel as a function of class range. For example, consider a class C defined on the green level with C m = 0 and C M = 125. Mathematically, C is defined as:

C = { i = 1, . . . , n | 0 < p G i < 125 }
There is two major difficulties with thresholding. First depending of various factors, such that shade, occultation or initial color space properties (RGB), pixel of a given class can unfortunately appear out of range. Second, pixels of different classes can have the same level. To face this problem, we proposed to apply the thresholding method not on a simple level but several levels based on the following color spaces: RGB, HSV, YCrCb and LAB. Each color space is useful to classify pixel under different conditions.

For example the RGB space is a non-uniform color space. It is not suitable for image segmentation, and relationship between color information in each channel (R,G,B) can be dependent variable due to the camera sensors. Passing to other color space bring new information. Like in the HSV color space, the component V (value) is independent to the color information, same remark could be done for others space : in LAB, the L (luminance) and in YCrCb, the Y (yellow) is closer to shadow than the color information. This is the main idea to provide shadow and light independent analysis. We applied thresholding as follows. We start with an RGB image and thresholding is first applied to the red level. Each pixel that belong to the Goat class keep their red level, whereas red level of each pixel that doesn't belong to the Goat class are set to zero. At the end, a new RGB image is produced and is then used to repeat the same procedure to the green level and then with the blue. Finally, we applied the same process to the HSV space, producing the final image denoted I Thresh . For each color space and class, the threshold C m and C M were tuned manually.

Feature detection:

We have started by analyzing all campaign color properties, especially the goat, different color space histogram have been studied like RGB, YCrCb, HSV, HSL, and LAB. Different mode in histogram ask about assorted region in the picture, so there is huge relation between shape and mode, here we have extracted all goat subregion and calculated there histogram.

According to [START_REF] Prof | Robust skin colour detection a,d tracking algorithm[END_REF] we have found that, the best space for ours use is the Hue. After saturation, you can see that the goats appear in red or blue. In that case we use a threshold to remove the green major component to extract the grass [START_REF] Desai | Removal of weeds using image processing[END_REF]. Finally we use a Hough transform [START_REF] Dana | Generalizing the hough transform to detect arbitrary shapes[END_REF] to detect feature in the image, this also enable to reconstruct the feature when occlusion append (figure ??), result are tested over a small representative of 10 pictures, when the shadow are big and off.

Extracting ROI: The output of thresholding (figure 3) is thus an RGB image, where, in theory, only pixels of goats are visible. At this stage, there is no spatial information, i.e. we do not know if two pixels are part of the same goat or not. To do this, we first converted I Thresh into an intensity image and again applied thresholding to obtain a binary image. Second, we removed noise by using morphological operation (erosion and dilatation) [START_REF] Goyal | Morphological image processing[END_REF]. We then used a Canny filter [START_REF] Canny | A computational approach to edge detection[END_REF] to detect contour of the binary image and finally used the output image to perform a Hough ellipse transformation [START_REF] Dana | Generalizing the hough transform to detect arbitrary shapes[END_REF], which provides the Regions Of Interest (ROI). Here each ROI is theoretically 1 the bounding box around each goat present in the field. A pre-filtering of the ROI is applied to remove goats outside of pasture that we want to characterize using geo-referenced information. Although the false negative error were satisfying (undetected ⩽ 1%), the false positive error needs to be minimized.

Supervised Classification of the region of interest

We used a LDA classifier [START_REF] Ye | Least squares linear discriminant analysis[END_REF] with image features as described in [START_REF] Kim | Regularized discriminant embedding for visual descriptor learning[END_REF][START_REF] Merten | Characterising dark matter haloes with computer vision[END_REF]. The following feature are extracted:

• The mean and standard deviation for each channel of RGB, LAB , HSV and YCrCb.

• The standard deviation of the first and second diagonal in RGB, LAB , HSV and YCrCb.

• The Haralick and LBP in feature descriptor in RGB

• The Histogram of Oriented Gradient in YCrCb space.

The input is here the initial image cropped at the detected ROI. The classifier is run independently for each detected ROI and was trained on 30% of the first ground truth data set. The entire process of goat detection is then evaluated on the remaining 70%. The final output is so, theoretically only goat ROI with his centroid. That should be used to characterize there activities. The following figure 4 show the input ROI that should be classified.

Here goat and non-goat are present. 

Activity recognition

We also used a classifier to estimate the activity based on characteristics of the goat's edges inside the ROI. As far as we used elliptic ROI, there might have some pixels inside the ROI that are not belonging to the goat class. Thus, we first used a thresholding method to distinguish between pixels.

Contour refinement:

We set up four different thresholding methods, depending on the color spaces and thresholds that we used (again, all thresholds were hand tuned). Each method is set-up to face a particular problem :

• saturated image with blue extraction for detection of dark goat in normal grass

• saturated image with red extraction for detection of russet goat in normal grass

• difference of the previous blue and red extraction for helping the detection of dark goat in shade and russet goat in dry grass.

• desaturated and yellow based thresholding for helping the detection of russet goat in hight level of lighting

The output of each thresholding method is again an RGB image, that we analyzed to extract ROI as described in section 3.4. When multiple ROI were found we simply selected the one with highest surface. A detailed presentation of each augmented thresholding method is available Appendix . . .

Shape description:

As discussed previously, each thresholding method is designed to solve a particular difficulty, but as the difficulty is not known in advance, each method was applied and the most appropriate still needs to be determined. For a particular thresholding method, we used the binary image found after thresholding the intensity image. Again, Hough detection is applied to thresholding method, used to detect the shape of the underlying goat in the ROI, when many detections are present, we simply select the shape with the largest area. The following figure 5 show the proposed method applied on dark goat with weed background.

The upper value is the aspect ratio, and the lower one is the solidity criterion We then defined a solidity criterion, equals to the area (in pixels) of the ellipse divided by the area of goat pixel inside the ellipse. Intuitively, large solidity criterion indicates that most of the pixels inside the ellipse originated from a goat. We selected the best thresholding method as the one having the nearest solidity criterion to 1.116700. This value was estimated using linear regression on 100 representative goats and indicate area with pear shape (like goat).

Once the best area are identified, we used shape characteristics of the goat's contour, described in [ZLZ + 16], in addition we included the solidity, aspect ratio, area, extent, equivalent diameter, perimeter and eccentricity criterion of the detected ellipse. Theirs properties are used as predictive variables. We used ADA-Boost SAMME classifier [ZZRH09], trained on 30% of the second ground truth dataset and the entire activity recognition process is evaluated on the remaining 70%. A complete list of extracted properties is available at table 10 appendix.

Results and discussion

The chapter 3 was dedicated to detection and classification of features within image using drone camera, this enable us to detect goat present on the pasture. They also enable us to characterize the goat shape, to classify their activity for a given visual position. In order to do that, different algorithms, such as robust ellipse fitting by hough transform, canny edge detection, frequency analysis, color space manipulation, particles shape descriptor, machine learning, and many more are used to develop our method. The following figure 6 show each step, from the original image to the detection classification, those ones are also analyzed to characterize their activities: The results show that it is possible to use machine vision and machine learning techniques, in order to automatically detect animals and there activity classifications under ground condition. The main properties of our algorithms is to be easily adapted for other purpose, and it is easy to add new color space plane or shape metric with automatic detection of the best criteria (solidity) from this new factors. Further research is required to increase the accuracy of our algorithm by adding new color-space and shape characterization metrics.

The confusion matrix of classification between goat and grass (figure on the left) is not perfect but sufficient. Indeed, differentiating between goat's color (i.e dark/russet) was not required for our study, thus we have split both (dark,russet) of them to increase the degree of characterization for the classifier (better result with less false positive ≈ 10%).

On the other hand, the confusion matrix of activity classification eating, sleeping (figure on the right) show good classification level of eating one, which is expected for this methods, because gestated animals are present and tend to have larger ellipse detection. Unfortunately, this criterion remains limited due to the various positions that goats are taking while sleeping. Finally, the system can be used as a decision-making tools which is already a great improvement in the domain of animals activity monitoring. But this techniques as the default to mobilize a technician using the drone to take photos at a regular time, which is costly.

Further research

Material and data: Unless the camera sensor have a good precision and resolution, the pictures is taken too far from the pasture. The resulting goat size is too small, and it is difficult to estimate with precision which pixel is goat or not, and even more to try to extract the goat shape uniformly within non-uniformly condition of acquisition (i.e, the light and shadow change color distribution of the weed, and so, the thresholding value and the classification performances). This implies to do a new campaign of acquisition with closer view of the pasture. I recommend to flee the drone within 30 meter in place of 50.

Texture classification:

One major problem of the miss detection with our method, is that out threading method based on HSV, LAB and YCrCb is not enough shadow and light independent. It is missing information, and cannot be reconstructed on missing values. Like in true dark shadow visible inside the foliage, and in case of hight exposure when sun sets/rises or after a small rain and direct lighting a reflexion on the grass occur. In both cases, the pixel values is near to bounding limit of the storage, here information is coded with 8bit, 2 8 = 256 possible values in R,G and B. To enhance the detection, use different type of captor, like infrared, thermographic or light field camera. And computing advanced texture classification with spectral analysis.

Activity classification:

Tow major problems influence the activity recognition. The first one is to found the right shadow and light independent thresholding method to extract the right shape.

Here advanced techniques exists in deep learning which could be used. We could also use regression techniques to found the right parameters of the thresholding parameters to fit as near as possible what we need to found. The second problem is that the shape characterization based on elliptic properties is interesting, but not enough. We can use advanced techniques such as shape similarity, convexity defect, hu moment or even angle orientation distribution around the detected shape to increase the order of characterization for the classifier. Here dimensional reduction algorithm can be used to select the most appropriate feature for optimizing classifiers.

Shape precision:

This current study aim to classify two animal behaviors, the further research could detect a new interesting state named "walking", this can be done by analyzing the shadow of goat by finding the inverse transform projection plane, an other way is to predict the new position based on the orientation of shape between two laps to calculate the speed of goat, smaller one are eating or sleeping, and the others are walking. The further research could also detect a new interesting informations about goat to help identification, better shape characterization could approximate the weight, and the age of goat.

Monitoring from time-lapse cameras

The goal of this method is to use a multiple camera system placed around the area of interest, that take images from the ground at regular time-lapse, to detect goat's positions and their activities. We propose to use different type of deep learning, feature extraction, density clusterization, and spatiotemporal analysis, in order to extract information that interests us. Bellow figure 7 represents one of the images taken by a time-lapse camera around the pasture.

Figure 7: Image taken from one camera around the pasture Most of the writting material of this chapter was written as part of a publication.

That will be submitted to the journal "Comput. Electron. Agric."

https://gitlab.com/inra-urz/time-laps-goat-monitoring

One major practical constraint with the drone is that one person has to be present each time to take the picture. In this new study, we used a network of time-lapse cameras taking picture autonomously every second. To analyses the image, different type of image analysis, neural network and statistic methods were developed. The following sections 4.2 and 4.3 explains the image enhancements. Using those new images, we use them for detection at sections 4.4 which return a list of possible regions of interest in the images. These ROI are filtered 4.5 and locally reconstructed 4.6 when the detection fails. Once these steps are done, we can localize the goat position in normalized space (i.e passing from pixel to meter) using perspective correction (see section 4.8). We use clusterization algorithm to reconstruct the animal's path in 4.9. This can be characterized using curve interpolation, from where we can extract properties for classification of activities in section 4.10. Finally we can integrate the flock use for each activities to produce a Probabilistic Occupancy Map described at the end of section 4.10. Ground truth: First, we manually pointed on the centroids of each sheep (F3), goat (F1) and pigs (F4) present in the pasture of three sets1 . This represent respectively 2000 and 4500 images. We also defined three activity classes : walking, grazing or sleeping. But results were lacking accurancy for estimating the activity. So i used our algorithm animals detection position with handly marked activities. This data is used as learning base for activity.

Material and data

Camera calibration:

To calibrate the camera, we have use a printed chessboard that has the size of 7×10 of 3.2 cm squares , 77 images were taken at different angles and distances. For the camera color correction we took the mean of 5 images with one camera of the color-checker "classic x-rite".

Camera synchronization

To be able to quickly synchronize the cameras, we propose a simple tool based on computer vision techniques. That detect the time present at the bottom of images. The last 20 pixel reserved for some camera output, like model «TLC200 PRO», year/month/day and time hours/minutes/second. The next image correspond to the camera output region of the last 20px:

Ground thrust: In the first case different glyph of the font have been extracted from the video, such as letter and digit, saved to a dictionary of type {int, char}.

Time detection:

The algorithm was defined using the following steps:

• We first transformed the given rgb area corresponding to a gray scale image

• We then used thresholding to remove background (not pure black)

• We used contours detection algorithm [START_REF] Suzuki | Topological Structural Analysis of Digitized Binary Images by Border Following[END_REF] implemented in opencv.

• For each region we then compared their area with previously extracted glyph database.

• The final output is sorted by his region horizontal position (x).

• We simply selected the 14 last glyph and converted them to string for later use.

The corresponding output string «2017/06/08 at 14:05:42» is returned by the class method. The method has been tested for all hours, minutes and second.

Synchronization:

The synchronization part simply detect the first frame time and select the higher time of all camera. The difference is calculated for all other cameras which give starting time for all cameras. Finally we repeated the operation with the last frame of the video but we selected the smallest one. All cameras must have the exact same range (end -start), unless, a warning is raised to tell about missing frame due to hardware fails during the monitoring.

Due to manual configuration of all cameras timer and no communication between cameras, all of them didn't have the same exact time, and a simple offset to the configuration can be set to slice the time of one camera, this configuration is manually set-up and cannot be automatized due to hardware limit of those cameras.

Color correction

Different type of color correction algorithms [START_REF] Liu | A robust point sets matching method[END_REF] and shadow removing [START_REF] Zuiderveld | Graphics gems iv. chapter Contrast Limited Adaptive Histogram Equalization[END_REF] have been tested to solve the perceptual color aberration of captured frame. One of this aberration was russet goat that turn into blue one. The figure 17 in annexe show this thing. I have tested different regression which is: rigid transform, polynomial regression, multivariate linear regression and polynomial regression.

Rigid transform:

We are trying to fit a 3D "rigid body transformation" [START_REF] Eggert | Estimating 3-d rigid body transformations: A comparison of four major algorithms[END_REF] into given 3D point sets (colors) 'from' y i (perturbed) and 'to' x i (corrected). More precisely, we seek rotation, scale and translation that minimizes the sum of squares of "errors" E = ∑ n i=1 ||Rx i + t x,y,z -y i || 2 . Thus transformation R + t x,y,z can be written as an homogeneous 4 × 4 matrix, parameterized by α, β, λ and the translation vector t x,y,z . Where α are the «yaw» angle, β the «pitch» angle, λ the «roll» angle. The commonly used estimation of R and t x,y,z recenter each point cloud denoted x i and y i . The difference of centroid (y i -x i ) correspond to the translation vector t x,y,z . To estimate the R we use singular value decomposition of the matrix x i T y i , R is reflexed when the det R is negative.

Polynomial regression:

Polynomial regression [START_REF] Corless | The singular value decomposition for polynomial systems[END_REF] is about improving our models closeness to the data by increasing the order of the relationships between factors and response variables. Different order of the linear equation p(y i ) = a n y n i + a n-1 y n-1 i + ...a 2 y 2 i + a 1 y i + a 0 was tested (where a 0 is the white-point correction). The statement that p interpolates the data points means that x i = p(y i ). The previous polynomial expression can be written as a system of linear equation in the form of Ax = b. Once again, the linear system is approximated using a singular value decomposition. The solution minimize the squared error E = ∑ k j=0 |p(x j ) -y j | 2 in the previous system (Ax = b). It is a special case of multivariate linear regression.

Multivariate linear regression:

Were interested in the impact of not only one, but many different factors, on the response variable. This is usually representative of real world problems more than the stock single factor vs response model described above (polynomial regression). The equation that describes multivariate linear regression could be written as

x i = p(y i ) = a 3 r + a 2 g + a 1 b + a 0
where a i and are the coefficients of factors x i and x 0 is white point correction.

Multivariate polynomial regression:

In addition, we propose to use polynomial regression. It computes the relationship between a dependent variable with one or more independent (predictor) variables, and those independent variables. For example, for one independent variable one could estimate the regression equation: x i = p(y i ) = a 9 r 2 + a 8 b 2 + a 7 g 2 + a 6 rg + a 5 bg + a 4 rb + a 3 r + a 2 g + a 1 b + a 0 . Polynomial regression is common in cases when one wants to detect some curvilinearity in a relationship. It is basically the same idea as multivariate linear regression in higher order.

Comparison criteria: Each algorithm was fitted using a color checker "classic x-rite". Color checker is a printed grid of 24 colored squares, where each color is standardized, referenced and optimized for color correction. We took a shot of the color-checker with black background, and we extract the color using computer vision. The method is pretty the same of time extraction at 4.2, for each detected square we compute the color mean to remove the noise. The color correction model have been verified with perceptual color distance equation of the cie 2000 i between rectified and expected colors matrix, described bellow:

∆E 00 = √ ( ∆L ′ k L S L ) 2 + ( ∆C ′ k C S C ) 2 + ( ∆H ′ k H S H ) 2 + R T ∆C ′ k C S C ∆H ′ k H S H (i)
where R T is color rotation matrix, S L , S C and S H term correspond respectively to luminance, chromatic and color compensation. When ∆E 00 = 1 the color are the same . . . The result was tested on the original detected with additional 10% of random Gaussian noise within different color space, and it show the perceptual distance of: 

space

Result

The previous table show significant improvement in color correction, the additional 10% noise correspond to the value 5.2 of the previous equation. We can see their respective correction in rgb space in the figure 18 in annexe. In addition, the next figure 18 show the proposed methods in different color space.

Figure 8: Color correction difference

The columns "uncorrected" show a tiny difference, and meaning of loosing precision during the color conversion. The best space is also the rgb space, which mean that the zero displacement (zero is not centered) in others space (lab, hsv, xyz) add a bias during the fitting, plus the color conversion error.

The rigid transform [START_REF] Eggert | Estimating 3-d rigid body transformations: A comparison of four major algorithms[END_REF] provide the expected result (interesting only for comparing other algorithms), he mostly corrects the white balance, and some rotation inside the space which is not enough to model the relationship of colors transfers.

We can see too constrained fitting for polynomial, unless the result is good without noise, the model show the worst result.

According to the paper [START_REF] Finlayson | Color correction using rootpolynomial regression[END_REF] the multi linear regression show good result which could be enough.

Our proposal of multivariate polynomial regression show the best result in mostly all space which is almost perfect 6.4 -5.2 = 1.2 ≊ 1, where 1 is perfect correction, the remaining 0.2 is negligible and cannot be perceptually see by human eyes.

Animals detection

One of the main difficulty of detection is about to finding an analysis that can both ignore shadow noise. Pictures are taken all day long (from 6am to 6pm), with an important random and changing environmental noise, such as cloud, wind, sun, rain, and even the effect of goat displacement on the grass (trace). In this case, background subtraction analysis seems to be unadapted even if it shows good performances in some articles, but for most of them in urban environment. I performed a first important literature survey and selected some potentially interesting methods. Several methods that are robust to such noise were found, some of them were tested for their computing time performances and their detection scores:

1. stereo binocular for 3d field reconstruction 2. silhouette projection in voxel space

feature extraction and local classification 4. detection by convolutional neural network

The first method (1) was rejected due to the cost, indeed two by two cameras are needed. The second one (2) was also rejected due to the apparent strong algorithm time complexity, moreover. they also need precise camera calibration of the extrinsic parameters which is difficult to do for our experimental acquisition in pasture. I tryed different method based on the third one [START_REF] Everingham | Visual Object Classes Challenge[END_REF] The column "acc" of the previous table, inform of the accuracy (bbox detected object) on the scene of the algorithm within article that mentioned it. In all of these methods, they use IOU (Intersection over Union) metrics which is the intersection of the detected bbox area divided by the reel ground trust bbox area. We have also rapidly verified this veracity of the result with visual check over fewer images from our cameras. The column "time" is the time spend to calculate the detection on single frame on our computing unit.

Table 2: tested neural network methods

Theoritical description of convolutional neural network can be found in the paper [START_REF] Parr | The matrix calculus you need for deep learning[END_REF]. Several efforts were done to learned our own network, however our hardware seems to be inadequate in term of performances. Instead we have used the pre-trained model, with 21 classes trained on 6 NVIDIA GeForce GTX 980, with 400k learning iteration. In addition we have enhanced the pre-trained network (learning transfer) of the goat class using additional 2108 goat images with 2000 iterations.

In top of that, non-max bbox suppression algorithm is applied to all bbox with their respective classification probability score to remove all false positive. This method give the confidence of prediction defined as the count of best predicted class divided by the number of classifier.

Classification and filtering

In this section we introduced the work done (for animals detection) using several features extraction associated to local classifier. To resolve false positive detection we have trained custom classifier from features vectors. Method: Each ROI was extracted and scaled to a fixed size (32,32). We performed a classification to remove false positive. Different type of feature vector is calculated for the extracted ROI:

• Histogram • Haralick • LBP • Hu moment • HOG
These features have been selected according to papers [Ers18, KCZC13, MLW17], different types of classifier from sklearn [PVG + 11] is fitted with this data.

Result:

The performances show excellent result with cross-validation score in the next figure 22 with our learning folder composed by 8096 positive (goat+flipped) and 2596 negative (trash, grass, sky, ...) randomly splitted to 10% learning and 90% test. The following figure 9 show the classification after non-max suppression.

(i) blue bbox correspond to YOLO detection with enough sensing score, a 12% threshold has been manually set to define the "enough" term. (ii) green bbox show a positive classification it is a goat.

And (iii) red one define negative, false positive or trash classes.

Figure 9: Fitlered detection When the detection score is not in range, we use classifier. The threshold is here to improve the time performances, it should not be too small to remove false positive, and not too big to increase the performances. In any case, we can use classifier for all object, the threshold is defined experimentally to remove enough false positive.

Most of the classifiers have 95% to 98% of good result. An aggregation of classifier called Votingclassifier can be used to merge all of them and enhance the result. Because the type of miss-match is different between classifier, we can combine classifiers to build a new one that select the classes with majority count.

Voting-Classifier has two types of thresholding, the first one is automatic, in the way that it gets the best number of prediction. And the second way is to configure it with custom threshold. In the next figure 23 we have manually set the threshold to 0.4 this enable us to have 100% of cross-validation score on the tested subset.

Move prediction between frames

The YOLO detection can eventually miss entity or classifier can have false negative assignment due to noise or undefined goat position in the learning database, to resolve this we have tested different types of texture tracking to locally recover the detection between frames reinitialized by the first detection each time it occurred. All tracker algorithms are available in opencv and is described in the documentation as following: BOOSTING This is a real-time object tracking based on a novel on-line version of the AdaBoost algorithm.

The MedianFlow Implementation of a paper "Forward-Backward Error: Automatic Detection of Tracking Failures". Does a nice job reporting failures; however, if there is too large of a jump in motion, such as fast moving objects, or objects that change quickly in their appearance, the model will fail.

TLD TLD is a novel tracking framework that explicitly decomposes the long-term tracking task into tracking, learning and detection. The tracker follows the object from frame to frame. The detector localizes all appearances that have been observed so far and corrects the tracker if necessary. The learning estimates detectors errors and updates it to avoid these errors in the future. TLD tracker was incredibly prone to false-positives. The column «Accuracy» in range[0-9] with 0=poor and 9=best, we have one special case '-' for 'failed' and 'missed' algorithm. The 2nd column is association to the number of iteration per seconds, greeter is best. The 3th name is the algorithm abbreviation . And the last one is an observation to the algorithm with our data.

MOSSE Visual Object

Table 3: List of tested texture tracker algorithm A better illustration is a spatio-temporal plot to see where trackers affect the detection, the blue point are classified yolo detection, and the dark one are tracker reconstructed detection. 

Lens correction

A lens deformation is present, and need to be treated before the detection step. The distortion provokes an incorrect detection, and damages pixels position, it impacts the estimation of real position 4.8. A lens undistortion model should be applied and be the same to the intrinsic parameters of the camera matrix A (does not depend on the scene view). So, once estimated, it can be reused as long as the focal length is fixed (i.e zoom lens). Moreover, all cameras have the same lens and sensors properties, this mean that the model can be estimated only once and used for all of them.

Distortion model

I proposed the following lens distortion model is obtained by adding tangential distortion coefficients to the radial distortion model, an optional thin prism distortion can be considered as well [START_REF] Wang | A new calibration model of camera lens distortion[END_REF]. The above function Φ (ii) define the 2D → 2D polynomial mapping of the distortion correction.

( x u y u ) = Φ ( x d y d ) = ( x d (1 + k 1 r 2 + k 2 r 4 + k 3 r 6 ) + 2p 1 x d y d + p 2 (r 2 + 2x 2 d ) + s 1 r 2 + s 2 r 4 y d (1 + k 1 r 2 + k 2 r 4 + k 3 r 6 ) + 2p 2 x d y d + p 1 (r 2 + 2y 2 d ) + s 3 r 2 + s 4 r 4 ) (ii)
where (x d ,y d ) t are the distorted normalized pixel coordinates, (x u , y u ) t are the undistorted normalized image coordinates, r 2 = x 2 d + y 2 d . Normalized image coordinates are calculated from pixel coordinates by translating to the optical center and dividing by the focal length in pixels. Thus, (x u , y u ) t and (x d , y d ) t are dimensionless. We can re-write the equation to separate the radial and tangential part of the equation:

r 2 = x 2 d + y 2 d ,
x u = x d + x d (k 1 r 2 + k 2 r 4 + k 3 r 6 ) + 2p 1 x d y d + p 2 (r 2 + 2x 2 d ) + s 1 r 2 + s 2 r 4 y u = y d + y d (k 1 r 2 + k 2 r 4 + k 3 r 6 ) + 2p 2 x d y d + p 1 (r 2 + 2y 2 d ) + s 3 r 2 + s 4 r 4 ∆radial + ∆tangential + ∆prism (iii)
Each part of the equation such as radial, tangential, prism is explained in above paragraph:

Radial distortion: Radial distortion occurs when light rays bend more near the edges of a lens than they do at its optical center. The smaller the lens, the greater the distortion. The radial distortion coefficients model this type of distortion as a 2D→2D transformation. Typically, two radial distortion coefficients k 1 ,k 2 are sufficient for calibration. For severe distortion, such as in wide-angle lenses, we can include k3. Higher order distortion coefficient such as k 4 , k 5 and k 6 are generally not considered.

Tangential distortion:

The tangential distortion corrects for tilts of the image plane after radial distortion. The tangential distortion coefficients model this type of distortion as a 2D→2D transformation.

Prism distortion: Thin prism distortion arises from slight tilt of lens or image sensor array and also causes additional radial and tangential distortion. This type of deformation are generally not considered but we have considered it as well.

Estimation: To undistort a distorted image, the reverse mapping Φ -1 has to be evaluated, but no closed-form expression for this inverse mapping exists. In practice, the evaluation is performed through a look-up table process. Overall, this camera model with lens distortion include up to eleven intrinsic parameters in addition to the extrinsic parameters, or pose, with six degrees of freedom, described by the rotation matrix R = [r 1 r 2 r 3 ] and translation vector t.

Result

The calibration is estimated with opencv camera calibration [Bou00] using 77 images of chessboard at different angle and distance from the sensor. We can found the applied ∆ corrections figures bellow, of radial, tangential, prism and both 11 sampled at each 30 pixel. This correction enhance the perspective correction, and the result can be found at table 4 of the section 4.8. 

Sending all detection in the same space

For each camera we have defined four points of our studying area in the picture with it is real relative distances in meter, this four points define a quad (ax + by + cz + d = 0) which can be used to estimate the position of given pixel coordinate, to an estimated reel one on this plane from the camera view (extrinsic parameters). All planes are defined at 20cm above the grass, which is the approximatively half of goat height. When detection occurred, the bbox centroid are calculated, and correspond approximatively to the middle of goat independently to it is orientation.

Method:

The method used to estimate the actual position on the plan is based on perspective transformation (linear) between srcQuad to dstQuad, quad are defined by fourth point. In other words it calculates coefficients of perspective transformation which maps

(x i , y i ) to (u i , v i ) with i ∈ [0, 1, 2, 3]: [ u i = (c 00 x i + c 01 y i + c 02 ) ÷ (c 20 x i + c 21 y i + c 22 ) v i = (c 10 x i + c 11 y i + c 12 ) ÷ (c 20 x i + c 21 y i + c 22 ) ] (iv) 
Coefficients are calculated by solving the linear system:

            x 0 y 0 1 0 0 0 -x 0 u 0 -y 0 u 0 x 1 y 1 1 0 0 0 -x 1 u 1 -y 1 u 1 x 2 y 2 1 0 0 0 -x 2 u 2 -y 2 u 2 x 3 y 3 1 0 0 0 -x 0 u 3 -y 3 u 3 0 0 0 x 0 y 0 1 -x 0 v 0 -y 0 v 0 0 0 0 x 1 y 1 1 -x 1 v 1 -y 1 v 1 0 0 0 x 2 y 2 1 -x 2 v 2 -y 2 v 2 0 0 0 x 3 y 3 1 -x 0 v 3 -y 3 v 3             ×             c 00 c 01 c 02 c 10 c 11 c 12 c 20 c 21             =             u 0 u 1 u 2 u 3 v 0 v 1 v 2 v 3             (v)
where c ij = coef (matrix) and c 22 = 1 define the perspective matrix named F.

Precision:

The precisions is defined by the difference in centimeter of observable pixel (integer) in the neighborhood area. The precision denoted P in centimeter (float) at the pixel position (i, j) inside the ROI is defined as:

P (i, j) = 1 9 1 ∑ x=-1 1 ∑ y=-1 F × (u i , v j , 1) -F × (u i-x , v j-y , 1)] (vi) 
This next figure 12 show the distance in centimeter between all pixel position and there neighborhood by applying the previous equation (vi). Blue correspond to the best precision less than 0.1cm, orange to the moderate precision of 2.5cm and red are preciseness up to 5.0cm.

Figure 12: perspective+undistorted precision characterization in log scale

These two pictures show here the incorrect placement of the ROI in the left camera (to large), and correct one in the right. We can see that the best ROI in terms of precision is, of-course, the one nearest to the camera.

Error: The re-projection error have been characterized on a flat ceramic floor disposed in grid. Those floor is normalized. i.e the size of each square tile equals to 30cm with a grout of 0.2cm. We can use this metric to calculate the perspective transformation error between real value (calculated) and the estimated new one (hand clicked) after the perspective correction and lens un-distortion. Different camera configuration have been tested and reported in the next table 4. The best camera placement from ground is intuitively at 45 • and in face of the ROI, which cannot be reached if we want to maximize the detection area and minimize the number of cameras limited to 6 or due to material in disposition, we can't place camera at 5 m from ground with wind resistant structure like in my dream. This experimental setting use camera at 2 m from ground with approximately 30 • of pitch rotation (horizontal).

Sample max-x max-y mean-x mean-y width

Result: Modern CCD cameras are usually capable of a spatial accuracy greater than 1/50 [START_REF] Heikkila | Geometric camera calibration using circular control points[END_REF] of the pixel size. However, such accuracy is not easily attained due to various error sources that can affect the image formation process. Current calibration methods typically assume that the observations are unbiased, the only error is the zero-mean independent and identically distributed random noise in the observed image coordinates [START_REF] Sentenac | Temperature correction of radiometric and geometric models for an uncooled ccd camera in the near infrared[END_REF], and the camera model completely explains the mapping between the 3D coordinates and the image coordinates. In general, these conditions are not met, causing the calibration results to be less accurate than expected which explain our re-projection error.

Two additional flocks have been characterized. One flock with two cameras that monitor a sheep, and second flock with 6 cameras monitoring several goats. The corresponding error distribution figures between hand clicked goat/sheep and the detected one can be found at figure 30 (px), figure 31 (cm) for sheep and figure 32 (px), figure 33 (cm) for goat. Entity with larger of 30px distance from the hand clicked one are considered as undetected. The result show a precision of respectively 32 and 88cm.

It is important to notice that hand-clicked element are unstable (un-precise) due to the difficulty to click in the middle of the goat with exactitude in space and over time. For example, a difference of 6px with goat far away could produce and an error more than 30.0cm after perspective correction. The experience show that the detection are more stable in spatio-temporal compared to the ground truth.

Trajectory analysis

Now we need to retrieve the trajectory of goat inside this normalized space. The trajectory reconstruction is difficult to retrieve, mostly due to the frame rate in our case and the noisy environment (missing value, duplicated, variable precision, ...). However our goal was not to reconstruct the full path, but only locally when the goat doesn't move too fast (i.e eating goat). Which mean, we seek clustering method that exclude noise and low density region.

Method:

The spatio-temporal clustering survey paper [START_REF] Kisilevich | Spatiotemporal clustering : a survey spatio-temporal clustering : a survey[END_REF] show the following table 5 of the commonly used clustering method for trajectory analysis. BIRCH Balanced Iterative Reducing and Clustering using Hierarchies, advantage of this algorithm is its ability to incrementally and dynamically cluster incoming, multi-dimensional metric data points in an attempt to produce the best quality clustering for a given set of resources.

Problem

This fourth model use an epsilon parameter to specify the distance of clusterization, it was set to 3.8 which is twice of the median distance in previous estimated re-projection error at table 4. It is important to notice that our point cloud (projected detection) have a variable density, and two factor influence the spatial density. The first one is the distance from detected point to the sensor, the precision of perspective transform show a scatter in density at the direction of camera view for high distances. The second factor are due to the activity, while the goat are sleeping the density are spatially high and temporally stable, when they eat it is medium, otherwise the density is very small.

Result:

The figures of clusterization results of one camera observation over 500s for DBSCAN and HDBSCAN can be found at annexe 34 and at 35 for OPTICS and BIRCH. We can see that DBSCAN and optics with the same parameter show the exact same result, however the HDBSCAN show a greater propagation (i.e reconstruct larger part of the trajectory) they also trace incorrect path. The BIRCH algorithm include too many noisy elements. In this case, as we didn't need the full recovered path, the DBSCAN was finally selected and show sufficient results in activity classification explained in the next subsection.

Activity classification

Using the clusterization as input we use spline regression to interpolate the content and to extract the spatio-temporal features from the observed trajectory.

Method: Two techniques were used, the first one is a spline interpolation, used to estimate the trajectory curve inside the cluster and the second one classification using the spline properties for activity prediction.

Interpolation: This enable us to minimize effect of noisy elements, and this also enable us to subsample the curve at higher frequency. The goal of the sub-sampling is to characterize the displacement of goat (i.e the activity) with different degree of detected positions differentiation. Five degree of differentiation have been extracted. The above figure 13 shows selected degrees and their names. In addition, we specified the cluster size. Time Spline It is the standard b-spline regression method without any modification, the term time was used to tell that the time part was computed, and could produce a segment that goes to infinity (over-constrained) or some negative time speed (impossible).

Range Spline We initialized the knot vector with normalized cluster times values.

Dist Spline We initialized the knot vector values with the W equation vii Range PChip Piecewise Cubic Hermite Interpolating Polynomial, Hermite interpolation constructs an interpolant based not only on equations for the function values, but also for the derivatives, the knot vector was initialized with normalized cluster times values.

Dist PChip We initialized the knot vector values of pchip with the W equation (vii)

Distance: The distance factor W at the position k was used in dist spline and dist pchip, it refers to the following formulas where k is the point id in [0, cluster_size] (in other words, it is a dimension weighted euclidean distance):

W(k) = 2 ∑ i=0 (point k,i -point k-1,i ) 2 * weight i (vii)
Realistic: We have tested our different interpolation equations in small sample of 1500s of one sheep observation, we can show at figure ??, we seek the best interpolation method that: (i) is close to the detected point, but (ii) smooth the noise as possible, (iii) do not go out to infinity when too constrained, and (iv) it is realistic (i.e they correspond of observed comportment). The Dist Spline was selected according to those criteria.

Classification:

For each point we retro project the time position inside the corresponding curve's cluster, allowing us to quickly estimate the smoothed position and their derivative. Once again, different types of classifier from sklearn [PVG + 11] have been fitted on spatio-temporal data cluster analysis (i.e spline properties), detected by yolo and theses three state activities have been handly annotated [moving, eating, sleeping]. The clusterization procedure was applied and features were extracted in a form one line per observation (detected) with the following fitting properties: size, velocity, acceleration, jerk, jounce Result: The confusion matrix between the learned model and the ground truth is available at the appendix 14. And the probability of occupancy is build upon the activity classification. Once the activity has been predicted each class of them are separated and independently characterized. There is not enough data to produce better time analysis model. We integrated the time passed for each activities on the pasture with lower sampling (square at 10% of original size). The figure is available at appendix 36. And this has been computed with the following formulas:

P (x, y) = 10 ∑ i=0 10 ∑ j=0 data[10x + i, 10y + j] (viii)
Different type of spline regression on the top Activity prediction confusion matrix of the best classifier (CART) on the bottom 

Optimization

Due to the quality of the hardware in disposition we have "speed-up" our algorithm by using gp-gpu computation. Actually the major part of our solution have been ported to opencl implementation, the others is in work like mcmcda and feature extraction, or can be difficult to port like classification. At the end of this internship we have deployed our application in the cluster computing unit of the "Université des Antilles", this cluster have 32 nodes of 16 cpu cores and 3 graphic nodes with nvidia tesla computing unit of which is used for computation.

Result and discussion

Finally, this chapter present a end-to-end strategy, from multi-target detection using multi-camera system, merging and enhance the detection, to the clusterization and classification of detected goat activities (next figure 15 show each step). In this research, I was able to establish a fully functional monitoring system with post-processing characterization of monitored grazing animals activities. Due to the simplicity of the design, more feedback mechanisms (texture analysis, shade descriptor, silhouette re-projection, . . . ) can be added to the system in order to increase the degree of characterization. Each step extract and enhance the database for further description, the database are written in csv to simplify the integration of various external analysis (matlab/cpp/. . . ).

Figure 15: Algorithms step of time-laps cameras

The color and lens corrections is estimated to be enough. The detection using YOLO show good result with false positive and miss detection. In order to resolve that we propose the use texture classification and texture tracking respectively to remove false positive and reconstruct missing detection (but need at least one).

The texture classification between goat and grass (figure 22) show almost perfect classification. This enable us to remove false positive detection from the neural network. In addition we use spatiotemporal clusterization to remove other false positive element, which is static, the difference between sleeping goat and false positive can be done with speed information. The false positive detection never move, and trace a flat stationary lane in the spatio-temporal space, but the goat, due to the detection precision and the head moving, have a small jerk in the position estimation.

Then, the result bbox centroid (px) is transformed using perspective correction to the pasture position (cm). This give us a spatio-temporal information of detected goat, within density clusterization algorithm is applied to get goat's local trajectory. Inside what, we applied interpolation in order to characterize different degree of speed. Theirs properties are used as predictive variables for activities classification.

The activity classification show good performances based on spatio-temporal clustering (figure 14). The classification error, seem to be mainly due to fourth factors, the clusterization error, the properties extraction of the head and tail of the spline, the presence of jerk in detection and the re-projection error (spread) when to goat is far from the camera. Finally, the system can be implemented in real outside environment, even in presence of high density of animals like sheep. Therefore it needs additional cameras to enhance the detection precision. In addition the model is reusable, it was tested on sheep, goat and pig.

General conclusion

The chapter 2 present the state of the art in computer vision for object detection. Many possible methods exist, but today there is non-existing one applied in wild and noisy environmental video acquisition. So, we have tested and mixed different methods in order to produce an end-to-end procedure, to detect all daily goat activities. Two methods were developed, the first one using drone and based on texture and shape analysis. And the second one based on neural network and local spatio-temporal feature extraction. Both detect the position of the goat in the pasture with precision less than 5m and 1m, respectively for drone and time-laps methods. The drone method use geographic referenced tiff image, and the second one re-project the detected goat centroid in a plan. The two methods results were explained in their respective chapter 3 (drone camera) and 4 (time-lapes camera) Summary: As we said, we have greatly enhanced the detection of goat within the pasture, between the proposed initial subject using drones and the final proposed method (time-lapse camera). The classification performance (accuracy) was enhanced from 73% to 91%, but also with lower time stamp (better). All systems were written to optimize the use of multi-core architecture, it can also handle gpu and cluster computing, it was installed in SGE system at «université des antilles».

Both methods have their good and bad side. Drone based detection is faster but less accurate, one picture is taken every 15min with ≈ 10s/img of calculation, but they miss detect some elements, have mediocre result and didn't have time information for characterization of moving state. Time-lapse based detection, use high quantity of data which is quite slow to compute, one picture is taken each second with ≈ 3s/img of calculation, but they have higher accuracy, and spatio-temporal information give more information about activities than shape. However, any system can be enhanced, it can be interesting to merge both methods, ground detection based with spatio-temporal information, surrounding by camera with shape descriptor, in order to increase the accuracy.

Various external project

During this internship I have get

Trainee coaching

During my personal time, I'have also help some trainee for resolving computer vision, optimization and statistical analysis problem such as:

• Yam detection for flesh browning characterization over time • one seminar to present my work and result for others internship at 29 june.

•
• done a technical journey to present de Inra research for external, like farmers at 8 July.

• one seminar to present my work on Inra Guadeloupe for all researcher at 27 August.

• one article submitted to "Comput. Electron. Agric." about goat detection from drone • one article in writing state for "Comput. Electron. Agric." about goat detection for time-lapse camera

Teaching

I'have also teach some basic math, physics [START_REF] Sergio | The physics of baking good pizza[END_REF], and statistic [START_REF] Huff | How to Lie with Statistics[END_REF] approach for others master degree trainee. Some of my lesson is available on my web-site : sleek-think.ovh/cours.php • orthogonal to maximum, L 90
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Figure 1 :

 1 Figure 1: Starting Gantt

Figure 2 :

 2 Figure 2: Top view of the pasture from drone camera

Figure 3 :

 3 Figure 3: Thresholding method applied to the original drone image

Figure 4 :

 4 Figure 4: Extracted ROI from original image using thresholding and Hough

Figure 5 :

 5 Figure 5: Fourth detection plane on left of the corresponding ROI on right

Figure 6 :

 6 Figure 6: Drone automatic algorithm

Acquisition:

  We recorded the positions of two different flocks of creole goats and sheep. Each flock was grazing on two different pastures of approximately 1.2 ha each located (16 • 20N ; 61 • 20W ) at the INRA-PTEA farm under a tropical climate. The first flock (F1) was composed of 21 goats and 27 kids, while the second flock (F2) was composed of single sheep.

Figure 10 :

 10 Figure 10: Spatio temporal plot of tracked and detected object

Figure 11 :

 11 Figure 11: Lens correction From top to bottom : Radial lens distortion, Tangential lens distortion, Prism distortion and both radial,tangential and prism lens distortion

Figure 13 :

 13 Figure 13: Differentiation and integration in the temporal domain

Figure 14 :

 14 Figure 14: Spline interpolation and classification score based on their feature

  Cell counting and characterization (starch) to characterize the yam floor quality • Plant coverage detection for characterization of dynamic plant coverage over time • Text mining to extract meeting information [MA17] • Statistical population analysis at the size of Guadeloupe region • Genome recoding optimization (15h in R -> 47s python) • Pig activity detection for INRA Toulouse

Figure 16 :

 16 Figure 16: Example of computer vision techniques co-developed

Figure 20 :

 20 Figure 20: Spatial distribution of detection and error Author : M.Bonneau

Figure 26 :

 26 Figure 26: ORB, SHIFT, SURF feature extraction in different color space from left to right : HSV, Lab, XYZ, RGB

Figure 29 :

 29 Figure 29: Other color manipulation from left to right : canny edge detection, heat map estimation, logarithm distance, polar angle

Figure 33 :

 33 Figure 33: Detection error distribution in centimeter on multiple goat
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	List

of Symbols, Abbreviations, and Notation

  

	Symbol Meaning	Symbol Meaning
	LR LogisticRegression	LDA LinearDiscriminantAnalysis
	QDA QuadraticDiscriminantAnalysis	KNN K-NeighborsClassifier
	CART DecisionTreeClassifier	XT ExtraTreesClassifier
	ADA AdaBoostClassifier	Grad GradientBoostingClassifier
	RF RandomForestClassifier	NB Gaussian Naive Bayes
	SVM Support Vector Classification	MLPC Multi-layer Perceptron Classifier
	bbox Bounding Box	ROI Region Of Interest
	pca Principal Component Analysis	SVD Singular Value Decomposition
	cnn Convolutional Neural Network	JPDA Joint Probabilistic Data Association
	tf Tensorflow	
	LBP Local Binary Pattern	HOG Histogram Oriented Gaussian
	F perspective matrix	P precision
	(X, Y, Z) world coordinate space	(u, v) coordinates in pixels
	A intrinsic camera parameters	(cx, cy) image center position
	f x, f y focal lengths in pixel	τ time
	You can see all used related algorithm usage at table 9 and7

Table 1 :

 1 Time laps cameras:For economical purpose, 10 low-cost cameras were used. All cameras are the same model «Brinno Time Lapse Camera TLC200», they record at 1.3 Mpx for resolution of 1280 × 720 using jpeg compression, with 3 compression level, such as «best»=80%, «better»=60% and «good»=40% and the frame rate is configurable between 1 second to 10 minutes interval. The sensor and lens specification are the following: List of cameras specification

	ccd sensors	info	lens properties	info
	Type	1/3" HDR	Form	Aspherical Glass
	Dynamic range	112 dB	Aperture	F2.0
	Sensitivity	3650mV /ux-sec	Field of View	112 •
	Pixel size	4.2 µm	Focal Length	19 mm

  like stochastic resonance [SRS + 97], salient object detection[START_REF] Yildirim | Fasa: Fast, accurate, and size-aware salient object detection[END_REF], superpixel tracking[START_REF] Wang | Superpixel tracking[END_REF], superpixel feature extraction[START_REF] Wu | Superpixel regions extraction for target detection[END_REF], image matting[START_REF] Levin | A closed-form solution to natural image matting[END_REF], texture-based moving object detection[START_REF] Heikkila | A texture-based method for modeling the background and detecting moving objects[END_REF], mixture of gaussian[START_REF] Bouwmans | Background Modeling using Mixture of Gaussians for Foreground Detection -A Survey[END_REF] . . . no significant result was found, and the method was abrogated. Finally different methods of convolutional neural network were tested and has given interesting result, and described in table 2 bellow:

	name	time acc	ref name		time acc	ref
	Mask RCNN	240s	0%	-Reccurent Yolo	-79% [NZH + 16]
	Markof Random field	1.2s	8%	-blitznet		-45% [DSMS17]
	dilation	-	-[YKF17] mxnet-yolo	4.2s 86%	[RF18]
	faster-rcnn	82s 65%	-fully	convolutional	-	-	-
				network			
	yolo v3	0.26s 86%	[RF18]			

  classifier uses the surrounding background as negative examples in update step to avoid the drifting problem. This tracker is slow and doesnt work very well. Interesting only for legacy reasons and comparing other algorithms. MIL Visual Tracking with Online Multiple Instance Learning. The MIL algorithm trains a classifier in an online manner to separate the object from the background. Multiple Instance Learning avoids the drift problem for a robust tracking. Better accuracy than BOOSTING tracker but does a poor job of reporting failure. KCF Kernelized Correlation Filters is a novel tracking framework that utilizes properties of circulant matrix to enhance the processing speed.. Similar but faster than BOOSTING and MIL. KCF, does not handle full occlusion well.

CSRT Discriminative Correlation Filter (with Channel and Spatial Reliability). Tends to be more accurate than KCF but slightly slower.

  Tracking using Adaptive Correlation Filters filters called MOSSE is robust to variations in lighting, scale, pose, and nonrigid deformations while operating at 669 frames per second. Occlusion is detected based upon the peak-to-sidelobe ratio, which enables the tracker to pause and resume where it left off when the object reappears.. Not as accurate as CSRT or KCF.GOTURN Deep learning-based object detector. Using a collection of videos and images with bounding box labels (but no class information), we train a neural network to track generic objects. At test time, the network is able to track novel objects without any fine-tuning. By avoiding fine-tuning, our network is able to track at 100 fps.Due to ours experimental constraint (low frame rate = 1fps and hight correlation between entity) we have tested those trackers to see if each one can follow locally our goats that eat or sleep, not the ones that are moving. Because the tracker works locally, if there is not enough data or no cover between frame, tracker cannot predict the next frame and lose the object. The next table show the perceptual result of available trackers in experimental acquisition (goat / fps / speed / . . . ) manually initialized in the test.

	name	accuracy speed comment	ref
	MIL	9	00.61 Better accuracy level, but slow	[ZL15]
	Boosting	6	02.59 Good accuracy, except for near goat	[GGB06]
	MOSSE	3	19.75 Not working for small or far goat	[BBDL10]
	MedianFlow	2	04.59 Losing object when moving	[LY14]
	KCF	0	10.08 Randomly lose object (due to frame rate)	[HCMB14]
	TLD	0	00.11 The correlation search get random result	[?]
	GOTURN	-	--	Kernel panic	[HTS16]
	CSRT	-	--Not inside opencv 3.4.0 :: untested	[AL16]

Table 4 :

 4 Perspective and lens correction error in centimeter

	× depth

Table 5 :

 5 Overview of spatio-temporal methods and applications author : S. Kisilevich et al. Fourth algorithm have been considered and tested on our data, such as : DBSCAN Density-Based Spatial Clustering of Applications with Noise is a data clustering algorithm, given a set of points in some space, it groups together points that are closely packed together (points with many nearby neighbors), marking as outliers points that lie alone in low-density regions (whose nearest neighbors are too far away). HDBSCAN Hierarchical DBSCAN it extends DBSCAN by converting it into a hierarchical clustering algorithm, and then using a technique to extract a flat clustering based in the stability of clusters. This extent have been considered in addition. OPTICS Ordering Points To Identify the Clustering Structure is an algorithm for finding density-based clusters in spatial data. Its basic idea is similar to DBSCAN, but it addresses one of DBSCAN's major weaknesses: the problem of detecting meaningful clusters in data of varying density.

	Application	Method based on

Table 6 :

 6 Enabled algorithm to work with hardware acceleration through opencl or cuda, and there corresponding improvement to CPU version

	enabled algorithm

Table 7 :

 7 Used tools during this stage

	numerical optimization	• matrix operation
	• learning and classification	• color correction

Table 8 :

 8 Used and tested algorithm from lib or personally written

	7.2 Drone monitoring
	• width, height, orientation
	• vertical, d F, vert
	• horizontal, d F, horiz
	• maximum, L (d F,max )

Table 10 :

 10 used metric as feature descriptor

we have participated to a seminar in Toulouse (29 june)

a set is composed by cameras outputs video (at least 1) and specific parameters for each one (position, rotation, . . . )

Further research

Material: It is evident accuracy can be enhanced by using better camera. Camera with higher frame rate and time synchronization would solve different preciseness of presented result.

Color Correction:

The CCD sensors of the camera response depend of the global illumination, which mean that the color are influenced by the sun, cloud, night and even temperature (near infrared). Placing a color checker behind the camera could allow us to recalibrate the correction on post-processing.

Lens correction:

The calibration are estimated by the lens center, typically set at the center of the screen (c x , c y ), there is no reason that the lens center are correctly aligned to this point, and could be estimated with more precise chessboard.

Neural network: Due to our hardware break (gpu overheat), the learning have been buried. We planed to use the computer cluster of the «université des Antilles» which would bought three 1080 nvidia gpu to learn the neural network. This learning would enhance our detection part, by possibly removing false positive/negative elements. This enhancement could be enough to remove the classification and tracking part of our method, which can significantly increase the computing time performances.

Local texture tracker: This part represents almost 70% of the total computation time. At this time we reinitialize each texture tracker between all frame, thus the characterization of the local texture are computed multiple time, which can be optimized. A significant performance improvement was to destroy only lost tracker, and recreate only when newer or best detection occurred. This modification could provide almost 1.03/0.38sec ≈ 271% of performance.

Perspective correction: A basic enhancement of the method could be obtained with lattice deformation. Setting a couple of points in the ROI, and characterize their positions with exactitude. The lattice deformation would correct the perspective correction error due to uncharacterized distortion. On the other hand, it would be interesting to use GPS metrics instead of centimeter or meter, this would have been better for comparing our methods with exiting gps tracking system.

Trajectory analysis: Different type of cluster analysis have been studied but not all approach have been considered, better model exists such as Markov chain Monte Carlo data association (MCM-CDA [START_REF] Oh | Markov chain monte carlo data association for multitarget tracking[END_REF]) based on Join Probabilistic Data Association (JPDA) and Kalman filter. It show remarkable performance on a case stydy for multiple target tracking. However due to time limitation, we have unsuccessfully applied the method. An other further research in this domain could be the full trajectory reconstruction by connecting each micro cluster together with JPDA based on the tangential information of spline.

Activity classification:

Increasing feature descriptor could of course increase the prediction accuracy. At this time only position and it is derivative are considered. Adding different descriptor such as shape analysis like in drone activity classification in chapter 3 is indeed a track to optimize the prediction. Face recognition: Clustering images to determine a particular customer.

Probability occupancy map:

Texture classification

Our system has very good individual detection.

Our system does not handle some cases, like a person with a child, because of low resolution.

Sometimes predictions are too sensitive, or obfuscated objects are slightly inaccurate.

• author: Buhler Lambert Vilim