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Abstract. Generic object detection is one of the most important and
flourishing branches of computer vision and has real-life applications in
our day to day life. With the exponential development of deep learning-
based techniques for object detection, the performance has enhanced
considerably over the last 2 decades. However, due to the data-hungry
nature of deep models, they don’t perform well on tasks which have very
limited labeled dataset available. To handle this problem, we proposed a
transfer learning-based deep learning approach for detecting multiple pigs
in the indoor farm setting. The approach is based on YOLO-v2 and the
initial parameters are used as the optimal starting values for train-ing the
network. Compared to the original YOLO-v2, we transformed the
detector to detect only one class of objects i.e. pigs and the back-ground.
For training the network, the farm-specific data is annotated with the
bounding boxes enclosing pigs in the top view. Experiments are performed
on a different configuration of the pen in the farm and con-vincing results
have been achieved while using a few hundred annotated frames for fine-
tuning the network.

Keywords: YOLOv2, Transfer learning, Pig farming, Object detection.

1 Introduction

Object detection is one of the fundamental tasks in computer vision and form the
basis of many high level tasks including but not limited to object tracking [1-9]
sports player performance analysis [10-12], crowd analysis [13-16], crowd count-
ing [13,13,17,18], action recognition [19-22], anomaly detection [23-26], detec-
tion based facial emotion recognition [27,28], pose estimation [29,30], video scene
understanding [31-33]. Technically, object detection is defined as given an im-
age or video, find if there is an instance or instances of the object of interest
present. If the object is present, localize its spatial position in the frame/image.
In addition to localization, the object of interest is bounded through a geometric
shape [34] like rectangle, ellipse, circle, etc [35]. Generally, the object detection
community emphasize on detecting a broad range of object categories as com-
pared to specific object category detection where only predefined categories like
cats, dogs, faces, airplanes, pedestrians, chair, car, etc [36]. In this regard, many
breakthroughs have been achieved and object detectors that could detect up to
2000 object categories have been designed [37].
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1. Resize image.
2. Run convolutional network.
3. Non-max suppression.

Fig. 1. Figure courtesy [38]: The generic YOLO object detection system. The impor-
tant steps of YOLO are(1) resizing the input image to 448 x 448, (2) runs a single
convolutional network on the image, and (3) thresholds the resulting detections by the
model’s confidence.

Thanks to deep learning-based techniques that have the ability to learn fea-
ture representation from the very large volume of data for different object cat-
egories. In computer vision, by large, object detection has been mainly used in
automatic video surveillance and crowd analysis [39-42] of public places, and the
subject of interest was mainly humans. However, with the widespread of Al ap-
plications, vision-based surveillance solutions are pervasive in industrial farming.
Video-based farm animal monitoring [43] provides an efficient and cost-effective
solution [44] to monitor the different activities of the animal and also explore new
phenotype for better breeding values and gene selections [45]. Inspired by the
success of vision-based solutions in the farming industries, the aim of this paper
is to design a pig detector with a minimal amount of labeled data. The detected
pigs are represented in a form of bounding boxes. We have followed the approach
of transfer learning [46-48] and adopted YOLO [38] model that is one of the best
and effective models for generic object detection. The generic YOLO (You Only
Look Once) can detect 49 different objects and the localization is represented in
the form of the bounding box around the object. However, we transferred the
detector into a single class detector and we defined pigs are our predefined class.
To get the training data, we created a custom data annotator for labeling the
dataset. Initially, we trained the model with three pigs dataset and later with
the six pigs dataset. The qualitative results show promising results. in an image
and detection was achieved.

2 Related work

In the recent times, researchers are actively proposing novel machine-vision and
specially deep learning algorithms for real time object detection. mechanisms to
do real time detection. The algorithms specifically focus on detecting the body
posture of the objects such as human, animals and vehicles, etc. and then their
movements across time are analyzed to deduce results. The authors in [49] made
a model which was able to detect objects using SSD [50] and mobile Nets [51].
There model showed great results also in detecting and tracking an object and
then also further understanding the behavior of that object in real time.
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The work done by [49] potentially addressed object detection in in uncon-
strained camera environment where it is harder to detect objects which under-
goes body deformation. Sometimes background can be a big issue as there can
be a lot of factors that have an effect in detecting the object so to solve this
issue some work was done by [52]. A lot of data set is required to train an object
detection model, but the work done by [53] combining CNN and SIFT made
sure that object detecting can be possible with small amount of data set. A lot
of resources of computer were used in object detecting models and a lot of re-
sources were needed but with the introduction of new detection algorithms such
as MobileNet has made it possible to do detection with low resources using a
simple webcam [53]. Compared to these approaches, we followed the standard
approach of YOLO [38] and fine-tuned the model on the customized dataset.
In the section 3, the proposed approach is briefly explained. The data annota-
tion and the tool used for such task is also introduced in this section. Model
architecture is elaborated in 4. Additionally, the training strategy, and the loss
function is discussed. A couple of qualitative results are also listed in section 4
which highlights the effectiveness of the approach. Section 5 concludes the paper
with final remarks.

3 PROPOSED APPROACH

3.1 Data Annotation

Data annotator used to label the data was a custom made by ourselves. It
annotated images which were directly fed to yolo model for training the model.
Every image we had the annotator provided a corresponding xml file in which it
had all the coordinates of the objects to create the bounding box. A screenshot
of the data annotator is show in figure 2. To make a bounding box of an object
we just had to draw a box around the object we can be seen in figure 3

4 MODEL ARCHITECTURE

We are using Yolo model because it is an efficient multi scale deep learning
model. Yolo outperformed R-CNN model and all its variants. Yolo is the state of
the art in object detection. Yolo looks an image only once but in a very efficient
way, Yolo is extremely fast as compared to other object detection models. Yolo
is straight forward as you can see in figure 4 Yolo takes a different approach as
compared to others object detection models. Yolo mostly divides the image into
grid of S x S cell. If the center of the object falls into a grid cell that grid cell
should detect the object. Each of these cells predict B number of bounding boxes
and confidence scores. Bounding box is a square which encloses the object. Yolo
also outputs a confidence score that tells how much chances are there that there
is an object in the bounding box. The confidence score does not say what is in
the box just tells if the shape of the box is little different the others so there
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EARAE p=198 (16 181, 140)

Fig. 2. Depiction of annotation tool

Final detections

Sx Sgrid oninput

Class probability map

Fig. 3. Figure courtesy [38]: The model perform detection as a regression problem. It
divides the image into an S x S grid and for each grid cell predicts B bounding boxes,
confidence for those boxes, and C class probabilities. These predictions are encoded as
an S x S x (B x 5 + C) tensor.
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might be some object in the bounding box. The formula used for confidence
score is PR(object) * IOU truth prediction.

If in in the grid cell there is no object, the confidence score must be equal
to zero otherwise the confidence score must be equal to intersection over union
between predicted bounding box and ground truth. Each of the bounding box
makes 5 parameters x, y which are the coordinates for center of the box in
the gird cells. W and H are width and height of the whole image. The last
parameter is the confidence score which represents the intersection over union
between the predicted bounding box and ground truth. The grid cells also predict
conditional class probabilities. These probabilities are higher in the cell where
the object appears. The model only predicts one set of class probabilities per
grid regardless of how many bounding boxes appear in that grid .

%, Figure 1
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Fig. 4. Depiction of annotation tool

Yolo uses a convolutional neural network. The initial convolutional layers
extract the features from the image and the fully connected layers predicts the
output probabilities and coordinates. The detection network has twenty-four
convolutional layers and two fully connected layers. The full network can be
seen in the figure 5 Also, the model uses 1 x 1 convolutional layers reduce the
features space from preceding layers. We pretrain the convolutional layers on the
ImageNet classification task at half the resolution (224 x 224 input image) and
then double the resolution for detection [38].

Yolo predicts b number bounding box per grid cell but out of all the bound-
ing box we need the best bounding box to describe the object to be selected. So,
we choose the bounding box with highest intersection of union with the ground
truth. This leads to specialization among the bounding box prediction. Each of
the prediction keeps describe the object to be selected. So, we choose the bound-
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Fig. 5. Figure courtesy [38]: The network consist of 24 convolutional layers followed
by 2 fully connected layers. Alternating 1 x 1 convolutional layers reduce the features
space from preceding layers. The convolutional layers are pretrained on the ImageNet
classification task at half the resolution (224 x 224 input image) and then double the
resolution for detection.

ing box with highest intersection of union with the ground truth. This leads to
specialization among the bounding box prediction. Each of the prediction keeps
getting better and better after some time. YOLO uses sumsquared error between
the predictions and the ground truth to calculate loss.

The loss function consists of three things the classification loss, the confi-
dence loss and the localization loss. Classification loss is if an object is detected,
the classification loss at each cell is the squared error of the class conditional
probabilities for each class. localization loss measures the errors in the predicted
boundary box locations and sizes. We only count the box responsible for detect-
ing the object. The confidence loss is if an object is detected in the box, the
confidence loss measures the object of the box. So, the loss function can be seen
in figure 6

4.1 training model

After we labeled the dataset, we fed the model the trained data. The training
dataset was more the fifteen hundred. While training a model on three pigs’
data, first a test was run for data generators, Figure 7 is the image of the very
first image from the dataset.We train the network for about 100 epochs on the
training. Throughout training we use a batch size of 4, a momentum of 0.15 and
a decay of 0.00015.

4.2 Reduce Learning Rate

Reduce learning rate parameters saves useless resource utilization and model
overfeeding. For this reason, the parameter is set to reduce the learning rate by
0.2 if the loss does not improve after 20 iterations.
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Fig. 6. Mathematical description of the generic YOLO [38] loss function.

Fig. 7. The progression of the loss function.
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4.3 Early Stopping

Another parameter that is used to prevent resource exploitation is Early Stop-
ping. Patience is set 100 iterations that are, training would stop automatically
if the loss does not improve after 100 iterations.

4.4 Loss

Training started at a loss over 200, after running 5000 iterations, the loss stopped
showing improvement at 8.0. In the test case, when given the same video from
which dataset was generated, very accurate results are produced. Below are
some results figure 8 of the iterations after running more than almost 25000
times iterations on the dataset. The loss was down to 1.5.

yolo_custom.cfg_loss
tag: cfg/yolo_custom cfg_loss

\
200

130

Fig. 8. Qualitative results of three pigs dataset.

The results also started to improve a lot and can be seen at loss 8.0 from the
figure 9. After the loss was at 1.5 the results improved drastically As seen from
the figure 10. More testing was done with this model on 6 pigs and the results
obtain were impressive as seen from figure 11.

5 CONCLUSION

The proposed framework is implemented in Python with the support of Keras
backend by TensorFlow. The processing is performed on Nvidia P-100 with 32
GB RAM. We proposed a transfer learning-based deep learning approach for
detecting multiple pigs in the indoor farm setting. The proposed framework
is implemented in Python with the support of Keras backend by TensorFlow.
The processing is performed on Nvidia P-100 with 32 GB RAM. The frame-
work is based on YOLO-v2 and the initial parameters are used as the optimal
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Fig. 9. Qualitative results of three pigs dataset.

Fig. 10. Qualitative results of three pigs dataset.
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Fig. 11. Qualitative results of six pigs dataset.

starting values for training the network. Compared to the original YOLO-v2,
we transformed the detector to detect only one class of objects i.e. pigs and the
background. Since the dataset is recorded in a constraint environment, the back-
grounds, camera angels, and color of objects (pigs) are very similar. Hence the
model showed larger tendency to learn redundant information as compared to
training the model on other dataset.For training the network, the farm-specific
data is annotated with the bounding boxes enclosing pigs in the top view. Ex-
periments are performed on a different configuration of the pen in the farm
and convincing results have been achieved while using a few hundred annotated
frames for fine-tuning the network.
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