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Abstract

The integration of deep learning into chicken welfare and rearing demonstrates the potential to
transform poultry farming methods and increase the financial worth of this significant agricultural
industry. As a result, implementing deep learning algorithms for monitoring chickens offers farmers
prospects to boost production and profit and ensure the poultry industry's long-term growth. This study
presents a deep-learning learning approach for chicken detection using YOLOvVS, YOLOv7, and
YOLOvS models based on MAP scores at different loU thresholds. We proposed a chicken tracking
and counting pipeline using YOLOvS + DeepSORT. Detected chickens are tracked using the Kalman
filter, and an ID is assigned to each detected chicken, a specific colour is assigned to the tracked
chicken based on a unique ID. A chicken dataset of V1, V2, V3, V4 and V5 was built containing 673
images;, YOLOvS8+V4 demonstrates remarkable performance, outperforming other models with mAP50
of 97.4% and mAP50-95 of 75.4%. Notably, it excels in identifying chicks with mAP50 of 98.3% and
mAP50-95 of 76.5%, making it a reliable model for the Chick and Chicken classes. YOLOV8+V35 also
performs well, achieving mAP50 and mAP50-95 values of 95.9% and 71.1%, respectively. YOLOv7
models (VI and V4) show consistent performance, with YOLOv7+V4 performing equally well overall,
with a mAPS50 of 96.0% and mAP50-95 of 70.6%. YOLOv7+V5 slightly lag behind with mAP50 of
95.9%. YOLOv5+V4 with mAP50 of 96.4% demonstrates respectable performance, surpassing
YOLOv7 models in mAP scores.

Keywords: chicken detection, yolo, CNN, deep learning and DeepSORT
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1. Introduction

Farmers engage in poultry farming due to its economic value and profitability. Chickens offer a
convenient source of high-quality protein and essential nutrients for maintaining a healthy body. They
require low energy and have lower cholesterol levels compared to other meat types [1]. This makes
chicken a favorable option for those concerned about cardiovascular health and seeking a balanced
diet. Poultry meat contains various nutrients such as vitamin B12, niacin, iron, and zinc [2]. The
global poultry market has been on a growth trajectory, with a Compound Annual Growth Rate
(CAGR) of 10.1%, reaching $350.87 billion in the previous year. Predictions estimate a further
increase to $493.21 billion in 2026, indicating a strong market demand [3]. Traditional methods of
managing chicken welfare are labor-intensive and wasteful of resources. To address this, Artificial
Intelligence (AI) has emerged as a promising technology for enabling efficient and intelligent poultry
farming [4]

Real-time detection, tracking, and counting of chickens are crucial in the poultry industry

[5] Maintaining an accurate count of the chicken population is vital for effective decision-making. In
large farms, chickens might be hidden or unaccounted for, leading to disease spread. Implementing
cameras and networked detection algorithms can locate hidden chickens, aiding their care and well-
being. Monitoring chicken activities in real-time allows identifying health issues early on [1].
Detecting sick chickens is a challenge that requires constant vigilance. Signs like body swelling,
limping, nasal discharge, and changes in behavior indicate sickness. Maintaining a balance between
healthy and sick flocks can be difficult for humans to monitor in real time. Camera-based systems can
provide continuous feedback and aid in evaluating chicken activities without causing stress [6].

Automated chicken monitoring is gaining attention for its potential to enhance animal welfare,
disease control, breeding standards, and waste reduction [7]. Automated systems utilize Al to analyze
data from wearables, cameras, and sensors to detect health problems early, thereby improving welfare
and minimizing disease spread [8]. Al-driven real-time disease outbreak detection and behavioral
analysis enable prompt intervention [9] and the assessment of avian behavior for signs of stress or
discomfort [10]. Al-based systems optimize the environment in real time to create a comfortable and
healthy atmosphere for the chickens [11]. The wealth of data generated by AI aids decision-
making by integrating health, environmental, and productivity data to enhance management
techniques and welfare protocols. However, real-time assessment of chickens poses challenges in large
poultry farms due to complex backgrounds, occlusions, and variations in lighting [12].

Traditional methods relying on handcrafted feature engineering are slow, lack generalization,
and demand extensive human labor. To overcome these limitations, CNNs have shown promise in
image analysis tasks. Unlike Fully Connected Networks, CNNs handle nonlinear data like images
effectively by reducing the number of trainable parameters [13]. The proposed approach in this paper
aims to enhance poultry welfare and production through a hybrid deep-learning model for real-time
chicken detection, tracking, and counting. YOLOVS5 [14], YOLOv7 [15], and YOLOvVS [16] detection
accuracies are compared, followed by integrating the best model with Deepsort for tracking and
counting pipelines.
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2. Related works

A hybrid deep learning model called ChickTrack based on Yolov5 for chicken identification in
video frames and Deepsort for tracking and counting was proposed [7]. The model uses class
probabilities and bounding box coordinates for chicken recognition, trajectory tracking and counting. It
achieved good performance with a maximum tracking ID of 323 against ground truth of 310. The
LC-DenseFCN model for poultry detection and counting was introduced by [17]; it utilizes a full
convolutional network and DenseNet backbone for feature extraction. The method achieved a high
detection accuracy of 93.84% and a counting accuracy of 97% with a processing speed of 9.27 fps.
The use of pixel-level predictions and deconvolutional operations helps preserve spatial information.
A deep learning procedure called TabNet was developed by [18] that incorporates wearable sensors
(accelerometer and RFID microchips) placed on chickens to track their movement in real-time. They
use Generative Adversarial Networks (GANSs) to recreate missing records from the dataset and achieve
a high accuracy of 97% in differentiating between sick and healthy chickens. An end-to-end deep
learning approach for estimating the density and counting the number of chickens in poultry called
ChickenNet was presented by [19]. The model utilizes a pixel-level classification approach and
employs Fully Connected Network (FCN) for density map estimation. ChickenNet outperforms the
YOLOvV3 model in terms of accuracy percentages (P1 and P2) related to pixel prediction and
classification. The ChickenNet model addresses the problem of chicken density estimation and
achieves better results (1.3% and 2.5%) compared to YOLOv3 of 16% and 9 for P1 and P2
respectively. An hybrid system for tracking and detecting chickens using a modified YOLOv4 model
and Kalman filters was proposed by [20]. The system achieves a high accuracy rate of 99.9% in
identifying chickens based on tracking their movement using low-resolution grayscale video footage.
The hybrid system combining YOLOv4 and Kalman filters shows promising results for chicken
tracking and detection. A broiler counting method using Faster R-CNN with ResNet-101 was presented
by [21]. They compared different CNN architectures and foundResNet- 101 to be more accurate
with 92.% accuracy at AP of 50% and 78.1% as 75%.

[22] recommended using YOLOV3 for chicken detection and gender classification. The method
employed DeblurGAN network and PSS-NSC defuzzification technique to enhance image quality
and remove motion blur. The study evaluated different CNN backbones and achieved a detection
accuracy of 92.23% and classification accuracy of 96.85% using VGG-19. Table 1 provide a
breakdown of the dataset used, accuracy and the drawback as follows:

Table I: Description and Contribution, Dataset used, Accuracy and the Drawbacks of some of the
methods from related literature

Dataset
N/S Description and collection and Accura
Algorithms Authors Contributions volume cy Drawback

DeepSortYolov5 . Struggles with
. . . Private dataset: i
with CSP- Designed for real-time . detecting
. . . . 72 chickens at 323 IDs
Backbone and chicken identification, 1280x720 smaller and
PANet [71  tracking, and counting. X closer objects.
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LC-DenseFCN
2 Using DenseNet
Backbone

TabNet Deep
Learnin Model

Counts chickens using a
localization loss-based
algorithm. DenseNet
backbone used for feature
extraction.

Deep learning classifier
with wearable sensors to
monitor and classify
chicken health. Utilizes

Private dataset:
1200 images
with 1080p
resolution

Artificial
dataset: 10,000
samples

93.84%

97%

Potential
memory
requirements

Technological
limitations,
cost, private
dataset.
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Description and

Dataset
collection and Accura

Algorithms Contributions volume cy Drawback
synthetic data for
addressing class
imbalance.
FCN-based model for
. . Large model
estimating density and P1: e lenoth
ChickenNet + counting of crowded Dataset: 100 1.3%, :12'6,. entg_ v
VGG16 chickens. Uses pixel- images pp; NS TS,
] : dataset not
level classification and 2.5% )
. available.
regression.
Difficulties
i ith small
H}fbl‘ld system for‘ Dataset: 1296 w1F smaller
chicken identification and . objects,
YOLOv4 + . frames with 99.9
tracking. YOLOv4 for grayscale
Kalman-filter . 1000 annotated % ;
detection, Kalman filter images, and
. frames .
for tracking. pre-trained
network.
Estimates gender
ratios and Dataset: 800 Difficulties
distribution of chicken with
YOLOV3 chickens. Utilizes photos at 92.23 smaller
VGG-16, VGG-19, 2992x2000 % objects,
ResNet-18, ResNet- Resolution dataset not
34, DenseNet-121, available.
Optimized object
detection model for RPN trained
Faster RCNN counting broilers. Dataset: 600 with all
with ResNet- Utilizes the images with 92.8 anchors in
101 Detectron2 model annotations % one image,
Backbone trained on COCO slower
dataset. convergence.

3. Material and Methodology

Figure 1 gives an overview of our pipeline; we start by adding video frames to our
framework. In order to identify the chicken in each frame, object detection is used. However,
detecting the chicken is insufficient to determine the number of chickens in a video, we pass the
detections to our tracking model, associations are made between the frames by the tracker. For

instance, if chicken "a" appears in the two consecutive frames, the tracker connects
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them and assigns them a unique ID of say 1. Once a specific chicken has been accomplished and
tracked across the frames, it will be counted.

3.1 Chicken Detection Models

In this study, we investigated three object detection models of YOLOvS, YOLOv7, and
YOLOV8 to meet the prerequisite of chicken detection. The YOLOVS [14] design comprises three
core elements: the Head, Neck, and Backbone. The Backbone's CNN extracts multi-level image
features. The Neck combines these features for creating prediction feature maps, while the Head
predicts classes and bounding boxes using Neck's feature maps. YOLOvV5 improves on YOLOv4 with
enhanced model structure, training, and performance. It adopts CSP Darknet53, reducing redundant
computations and boosting efficiency. With 29 convolutional layers of 3x3 size, YOLOVS has 27.6
million parameters and a receptive field of 725x725. An SPP block extends CSPDarknet53's receptive
field without slowdown, and PANet enriches features by merging low-level with high-level attributes.

The YOLOv7 [15] surpasses YOLOvS5 through design advancements. This includes
planned/re-parameterized convolution, coarseness for auxiliary loss, compound scaling, Extended
Efficient Layer Aggregation Network (EELAN), and fineness for lead loss. EELAN enhances learning
while preserving gradient approach. YOLOvV7 introduces Trainable Bag of Freebies (TBoF) training
method, substantially boosting object detection accuracy and generalization across detectors like
RetinaNet, SSD, and YOLOV3. It increases accuracy and speed (5 - 160 FPS), surpassing GPU V100
performance of YOLOR, Scaled-YOLOv4, DETR, Deformable DETR, ViT-Adapter-B, but YOLOvV7's
limitations include model structure, training data, and hyperparameters.

YOLOvVS [16] combines features of multiple real-time object detectors, retaining PAN- FPN,
SPPF module, and CSPall from YOLOVS5, with significant innovations. It introduces a new SOTA
model with object recognition networks at P5:640 and P6:1280 resolutions, creating models at various
scales based on YOLOvS5-like scaling coefficient for diverse applications. YOLOv8's C2f module,
derived from YOLOv7's ELAN, maintains YOLOvVS's original concept. The backbone is
CSPDarknet53, followed by C2f module, and YOLOvS8 predicts bounding boxes with an anchor-
free detection head. A larger feature map and improved convolutional network enhance precision and
speed, with feature pyramid networks aiding recognition of various-sized objects. YOLOvVS features a
user-friendly API and its extensibility allows easy compatibility and performance evaluation with other
YOLO versions (Lou et al., 2023).

3.2 Chicken Tracking

In this study, a DeepSORT Multi-Object Tracking (MOT) algorithm was employed to fulfil
the requirement of real-time chickens tracking due to speed-accuracy trade-offs in tracking- by-
detection methods which integrate a tracking pipeline with a detection pipeline. DeepSORT represents
an advanced iteration of the Simple-Object & Real-Time Tracking (SORT) approach [23]. It introduces
an innovative association mechanism that reduces frequent ID switching and enhances object tracking
accuracy, especially when objects are occluded for extended periods. FairMOT [24] might have
trouble with really quick object motions, while TrackNet [25] may not
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Be able to handle complicated occlusions or quick appearance changes. Objects with unusual forms or
orientations may be difficult for CenterTrack [26] to handle and StarTrack [27] handles occlusions,
retains object identities, and concentrates more on benchmarking than real-time tracking. DeepSORT
involves using data association to assign unique IDs to detected chickens from the YOLO model.

33 Chicken Counting

A method to count chicken using Deep Learning (DL) involves two main steps: first, chicken
are detected using Convolutional Neural Networks (CNN), then the instances detected are counted.
This method involves locating specific instances of each detected chickens using a visual object
detector. To count the poultry in each frame, the DeepSORT algorithm is used. It initializes by
processing the detected chicken information, updates their positions as they move around frames,
tracked chicken data is then used to initiate counting which is done by defining a region of interest
using the frame's height and width.

34 Working flow of Chicken Detection, Tracking and Counting

DeepSORT offers reliable and precise multi-object tracking by integrating various approaches,
even in difficult situations where objects may be obscured for lengthy periods of time, to
successfully track chickens after it was detected using Yolo, the DeepSORT algorithm utilizes the
Kalman Filter for prediction, Deep Appearance Descriptor for feature extraction, the Mahalanobis
Distance for data association, Hungarian algorithm for the link between detections and tracks. The
workflow describes the step-by-step procedure of identifying, tracking, and counting chickens in image
or video frames as follows:

Stage 2: Training

E DeepSort (MOT)
i Label E E Mabhalanobis
! images : E Distance
E Pre- ; E Deep
' | Processing ! E Appearance
: : E Descriptor

Stage 5: Tracking

Figure 1: The working flow of the proposed Yolo Chicken Detector, Tracker and Counting

Stage 1: Describe Chicken Localization this is the process of loading images or frames
containing chickens to be analyzed.
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Stage 2: Label Images and Preprocessing: this stage is responsible for pre-processing and stretching
the input frames or images to 640 x 640 required by the Yolo model and compares them with the
labeled data for subsequent stages.

Stage 3: YOLO Detector: Apply the YOLO object detection algorithm to the preprocessed images or
frames, then Non-Maximum Suppression (NMS) is applied to remove redundant and overlapping
bounding boxes, finally the model Detect and localize chickens within the frames, retain only those
bounding boxes with confidence scores above a certain threshold.

Stage 4 Detected Chickens: this stage uses the output of the YOLO detector to identify the detected
chickens in the videos frames and collect the bounding box coordinates and confidence scores for each
detected chicken.

Stage 5 is a Chicken Tracking Management phase based on:
1. Kalman Filter Predicts

Kalman Filter [28] is a central component of the DeepSORT tracking algorithm. It is used to predict
the future position and state of tracked chickens, based on their previous motion. Kalman filter
calculates centroids for bounding boxes in the first frame, maintaining the same ID in subsequent
frames. When a new chicken appeared, a new ID was assigned, and the old one was dropped. Tracking
became challenging due to appearance/disappearance across frames and occlusions. This problem was
tackled using centroid analysis across frames and estimating distance from the previous centroid.
During the prediction phase, the Kalman Filter forecasts the positions of the tracks chicken in
subsequent frames. This prediction is crucial for maintaining the continuity of chicken tracks and
updating their states as new detections are obtained and erase tracks that have not been connected
to any detection for an extended period. Kalman filter predicted velocity and future position, following
equation describes the movement of chicken tracking:

Xt=0QX¢1+ LU+ W, (D

Where Xt represents the anticipated state at time t, W¢ represents the estimated error,
while the matrix Q denotes the changes X from the preceding step and for updating acceleration
Ut, a different matrix L is employed. Whereas the measurements are modelled using the following:

Zt =HXt + V¢ 2)

In the above equation, Zt is a measurement vector, like a position vector, H stands for the
transformation matrix, while the noise is measured using Vt.

2. Mahalanobis Distance

Mabhalanobis Distance [29] is a metric used in the data association step of the DeepSORT tracking
algorithm. It quantifies the dissimilarity between feature vectors of chicken detections and existing
tracks; the Mahalanobis Distance provides a robust measure of similarity that takes into account the
correlation between different feature dimensions. This distance metric aids in determining the best
matching pairings between new chicken detections and pre-existing tracks,
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facilitating accurate data association even in scenarios where objects might be partially occluded or
exhibit variations in appearance and is defined as:

D> =(x—w.C'(x—w A3)

Where D? represents the Mahalanobis distance, x is the feature vector of the detected chicken, and
W is the mean feature vector of the tracked chicken. C”' is the inverse of the covariance matrix
calculated from the tracked chicken's feature vectors.

3. Deep Appearance Descriptor

The Deep Appearance Descriptor is a technique utilized in DeepSORT for feature extraction. It is
employed to capture the visual attributes of tracked chickens. By generating a representation of a
chicken's appearance based on its bounding box, this descriptor enables the comparison of visual
characteristics between detections and tracks. These appearance features are essential for associating
newly detected chickens with their corresponding previous tracks. The process ensures that even in
situations where a chicken's appearance varies due to occlusion or other factors, the correct association
can be maintained.

4. Hungarian Assignments

The Hungarian algorithm is utilized in the data association stage of DeepSORT to establish optimal
assignments between new detections and pre-existing tracks. This algorithm efficiently solves the
assignment problem by determining the best matching pairs that minimize the overall cost based on the
Mahalanobis Distance between appearance features and predicted positions. By considering all
possible combinations and selecting the assignment with the lowest total cost, the Hungarian algorithm
links chicken detections and tracks in a manner that ensures reliable and accurate multi-object
tracking. This process enables DeepSORT to effectively handle challenging scenarios where objects
are occluded or disappear from view for extended periods.

Stage 6 Bounding Boxes and Track IDs: update bounding boxes for the actively tracked chickens
and assign unique track IDs to each tracked chicken to maintain identity across frames.

Stage 7 Chicken Counting: count the number of uniquely tracked chickens based on detection by
defining a zone, continuously update the chicken count as new chicken detections are associated and
tracked

35 Dataset Collection

Our dataset comprises of 673 images of chickens samples of which half of the dataset were
sample collected from internet and the remaining were locally from five different farms using cameras,
to have robust dataset data augmentation and exploration are applied in order to gain insight into the
data. The dataset is labelled in Yolo (.txt) format necessary for the architectures using labellmg
software, to addressed the problem of small object detection associated with Yolo models we divide
our dataset into two classes of chick and chicken, out of the total 3732 annotations 673 for chick and
3059 for chicken respectively. The image samples were taken at various times with different lighting
situations as shown in Figure 2 and 3.
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Figure 2: Dataset of chicken taken in Landscape Orientation

Figure 3: Dataset of chicken taken in Portrait Orientation

3.6 Data Augmentation

The primary element influencing how the trained model behaves with new data is the quantity
of labelled data. The difficulty of assembling a sizable labelled dataset can be overcome with the use of
data augmentation model seems to be more generalizable when the scale and the data quality are both
increased. However, while gathering data in practice, it is typically difficult to capture all
circumstances, such as various lighting situations. Data augmentation is a method for creating new
data by modifying and changing the underlying data. Data augmentation with lighting variation must
be taken into account while training the model because it is challenging to control the illumination
during data collection. Data augmentation involves modifying or learning from imperfect and modest
datasets. Five versions of datasets (V1 to V5)were generated using different augmentation techniques
as shown in Table 2, the augmentation methodsincluding flip (horizontal and vertical), crop, rotation,
shear, greyscale, hue, saturation, brightness, exposure, blur, noise, cutout, and mosaic as contained in
figure 4, 5 and 6, these approaches are applied to the image in a variety of ratios and scopes.
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Table 2: From the table* [J ” indicates augmentation technique applicable while "-" indicates that an
augmentation technique is not applicable for the version, F: Flip, R: Rotation, C: Crop, S: Shear, G:
Grayscale, H: Hue, S: Saturation, Br: Brightness, E: Exposure, Bl: Blur, N: Noise, C: Cut-out, M:
Mosaic, BB: Bounding Box, BBF: Bounding Box Flip.
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Figure 5:Hue, Noise, Mosaic, Brightness, Saturation, Flip, Exposure and Cut-out Augmentations
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Figure 6: Cut-out, Noise, Brightness, Saturation and Mosaic Augmentations from different images

Table 3: Hyperparameters used during training of the models

Hyperparameter YOLOvVS YOLOv7 YOLOvS8
Ir0 0.01 0.01 0.01
Lrf 0.01 0.1 0.1
Momentum 0.937 0.937 0.937
weight decay 0.0005 0.0005 0.0005
warmup_epochs 3.0 3.0 3.0
warmup_momentum 0.8 0.8 0.8
warmup_bias_Ir 0.1 0.1 0.1
Box 0.05 0.05 7.5
Cls 0.5 0.3 0.3
Mosaic 1.0 1.0 1.0
Mixup 0.0 0.15 0.15
Optimiser SGD SGD SGD

3.7 Data Pre-processing

The size of the input image is primarily determined by the backbone receiving the image. Pre-
processing in object detection involves a set of techniques applied to the input data to enhance the
quality of the data, reduce noise, and extract features before feeding the data into a deep learning
model, among the common pre-processing techniques employed are resize all the images to 640x640
and auto orient before they fed into the Yolo models.

3.8 Models Training

The dataset was divided into 88%, 8% and 4% representing 1400, 169 and 67 images for
training, validation, and testing accordingly. The augmentation techniques described in Table 2 were
only applied to the training set and models are then trained after that. After training, validation is
carried out on the testing dataset to evaluate the model's overall detection accuracy. The outcomes of
each model are then compared and analyzed. The three models were all trained
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using genetic algorithms' best hyperparameters. All models were trained using a batch size of 16 with
image size of 640x640 over the course of 50 epochs; Table3 gave the highlights of the hyperparameters
turning as follows:

39 Performance Metrics

Four metrics of AP, Precision (P), Recall (R), F1 score were used for the evaluation of our
Yolo models. AP is calculated at different loU thresholds (mAP50), aggregated (mAP50:90). IoU
measures how similar two sets are and is calculated as the intersection to union ratio of the two sets as
in equation 3 below.
|ANB|
IoUA,B) ="
) |AUB) “)

Our classification relies on four states: true positive (TP), false positive (FP), true
negative (TN), and false negative (FN).

TP(Cllick) + TP(Cllicken)

o 5
Precision = b CHick) + TP(Clicken)] + [FP(Cllick) - FP(C icken)] )
The recall is calculated as the sum of all true positives (relevant items) divided by all true
positives. Equation (5) presents its mathematical representation.
TP(Cllick) + TP(Cllicken)
Recall = (6)

[TP(Cllick) + TP(Cllicken)] + [FN(Cllick) + FN(Clicken)]

The F1 score is computed by averaging precision and recall values between 0 and 1 and is
represented by equation (6).

(2 * (Precision(cllick) * Recall(cllick) + Precision(cllicken) = Recall(c[licken)))

Fi = — - - — - - @
(Precision(click) >|<P7.f?€ecclpsl%lo(rcl(Dclﬁ{:L)kgL fgﬁég&g&(ﬁ%ﬁ%ﬁg}nﬁ Recall(cOicken) +

The final step computes the Average Precision (AP), also called the P-R curve, as the
area under the precision-recall curve averaged across different IoU thresholds shown in AP

equations below.

1
AP = [ p(cllick or clicken)d(cick or clliken) ®)
0

During training, the mean average precision (mAP) is computed by averaging each class's
average precision (AP). This is done across various loU thresholds for each class, resulting in the final
mAP metric for the test data, calculated by averaging the mAP values of all classes using Equation (8).

N
1

mAP = — 21 AP; 9)
l:
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Where N is the overall number of classes with background as a class type and AP; is the
average precision of every single class.

4. Results and Discussion
4.1 Chicken Detection Results

The performance of the chicken detection for YOLOv8, YOLOV7, YOLOVS models was
evaluated based on mAP scores at different loU thresholds (mAP50 and mAP50- 95).Interesting
insights into the advantages and disadvantages of each model are revealed by comparative examination
of the findings. Beginning with the YOLOVS8 models, it is clear that version 4 of dataset shown
remarkable performance, outperforming all other models in terms of mAP ratings with a mAP50 of
0.974 and a mAP50-95 of 0.754. Notably, it performed exceptionally well in the "Chick" class with a
mAP50 of 0.983 and mAP50-95 of 0.765, demonstrating its efficacy in correctly identifying and
localizing chicks. YOLOv8V4's performance was consistent across the "Chick," and "Chicken"
classes, making it trustworthy model. YOLOV8VS also performed well, with mAP50 and mAP50-95
values of 0.959 and 0.711, respectively.

YOLOV7 models followed suit, with V1 achieving a mAP50 of 0.961 and mAP50-95 of 0.687,
demonstrating consistent performance throughout the "Chick," and "Chicken" categories. Despite the
fact that YOLOvV7V1 did well, but YOLOv7V4 performed equally good overall with mAP50 of 0.96
and mAP50-95 of 0.706, while YOLOvV7VS5 performance is slightly behind by obtaining a mAP50 of
0.959. YOLOVS5 models showed respectable performance in one of it versions (V4) which
performance is beyond all YOLOv7 models, despite not receiving the highest mAP scores, with the
mAPS50 scores ranging from 0.939 to 0.964 when compare with YOLOV7 and YOLOVS. With the
accuracy of 0.974 and 0.734 of, V4 YOLOVS stood out as having the ability to distinguish between
hens and chicks with higher accuracy and outperforms his competitors in terms of mAP50, mAP50-95,
recall, and precision, indicating its capacity to precisely recognize objects while avoiding false
positives and false negatives. While YOLOv7 and YOLOVS also perform well in these criteria, they
lag behind YOLOVS a little Table 4 presents these findings.

YOLOvVS have been demonstrated to perform accurately in practical applications, which makes
it ideal for our chicken detection, tracking and counting pipeline. The outcomes of employing Mosaic
as shown in Figure 5, 6 and 7 makes use of four images by flipping, altering the color gamut as well
scaling of four images and combined them to create a single image. It offers two biggest benefits:
First, it may enhance the background and tiny object detection, which at the same time expanding
the training data and enhancing model robustness. Second, during batch normalization, the data of four
images are calculated at once, reducing the dependence on batch size.
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Table 4: Chicken Detection Experimental Results of YOLOvVS, YOLOv7 and YOLOv5 Models

Model

YOLO V8

YOLO V7

YOLO V5

Experimental
Datasets

Vi

V2

V3

V4

V5

V1

V2

V3

V4

V5

V1

Category

All
Chick
Chicken
All
Chick
Chicken
All
Chick
Chicken
All
Chick
Chicken
All
Chick
Chicken
All
Chick
Chicken
All
Chick
Chicken
All
Chick
Chicken
All
Chick
Chicken
All
Chick
Chicken
All
Chick
Chicken

Precision
(P)
0.914
0.959
0.868
0.942
0.961
0.924
0.896
0.899
0.893
0.940
0.964
0.915
0.909
0.910
0.909
0.938
0.967
0.909
0.912
0.914
0.91
0.894
0.903
0.885
0.941
0.943
0.939
0.918
0.925
0.911
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Figure 7: Training/validation Results from Yolov8V4
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Figure 8: Chicken Detection Result obtained from Yolov8V4
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Figure 11: Confusion Matrix from Yolov8 V4
4.2 Comparative Analysis of Detection frameworks

Object detection is a common problem in MOT design. The whole process of tracking an
object will be in worthless if objects are not appropriately detected, here, Table 3 shows the
comparative analysis of the proposed detection framework with the earlier frameworks. Our Model
Yolov8 + DeepSort (Proposed) obtained 97.4%, outperforming LC-DenseFCN (Cao et al., 2021) at
93.84%, YOLOV3 (Yao et al., 2020) at 92.23%, and Faster R-CNN with Detectron2 (Cakié¢ et al., 20)
at 97%, while being slightly below Faster RCNN with ResNet-101 (Azzahrawan & Dj, 2022) at
92.8% in terms of detection accuracy."

Table 5: Comparison of Chicken Detection, Tracking and Classification Pipelines
43 Chicken Tracking and Counting Results

N/S Algorithms Authors Detection Tracking
LC-DenseFCN [17] 93.84 % 97 %
TabNet [18] 97% -
Faster RCNN, ResNet-101 [21] 92.8 % ;
YOLOV3 [22] 92.23 % _
Yolov8 + DeepSort Our Studies 97.4 % =
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In our scenario, the detected chicken acquired from the detector of YOLOVS is used to track
the movement of the chicken. The trajectory of certain chickens that weren't included in the training
dataset was determined using the video data. Videos were divided into frames, and the YOLOVS
algorithm find hens in each frame, using the Kalman filter which track individual and multiple
chickens, an ID was assigned to the chicken or multiple chicken detected. Additionally, a specific
color is assigned to the tracked chicken based on the number and an image calculation; the detected
chicken is also given an ID, which is subsequently removed after the chicken is no longer present in
the frame, the height and width of the frame were used as region of interest to define a zone and
initiate the chicken counting as shown in figure 11. It should be stressed that the effectiveness of
tracking and the elimination of false positives are strongly correlated with the effectiveness of the
hens' detection module. As a result, the tracking algorithm's performance requires careful optimization
through substantial dataset training. By including visual tracking into the IoU, it is possible to
compensate for falsely negative chicken recognition and detection, this is the reason why we strongly
emphasize on the chicken detection pipeline in this study.

d
Chick = 1
Chicken = 3

[
i

Figure 12: Chicken Tracker and Counting pipeline

5. Conclusion

In this paper, we evaluation of YOLOvS, YOLOv7, and YOLOvS models for chicken
detection shows promising results. YOLOvS8 version 4 demonstrates remarkable performance, surpass
other models with high mAP scores, particularly excelling in correctly identifying and localizing
chicks. YOLOv7 models show consistent performance, with V1 and V4 performing equally well.
YOLOvV5+V4 also demonstrates respectable performance, surpassing YOLOv7 models in certain
aspects. The implementation of YOLOvV8 + DeepSORT in a chicken tracking and counting pipeline,
along with the use of the Kalman filter for tracking, proves effective. The pipeline efficiently tracks
individual and multiple chickens, assigns IDs, and removes IDs when chickens are no longer present.
The incorporation of the Mosaic technique enhances background and tiny object detection, expanding
training data and improving model robustness; the proposed approach could be implemented using loT
and smartphones for remote monitoring of chicken birds. The ability to remotely detect, track, and
count chickens can be beneficial for poultry farming and other scenarios where monitoring from a
distance is required.
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In future, we emphasize the importance of optimizing the tracking algorithm's performance

through substantial dataset training. As well collect real-time remote data of individual chickens
through the integration smart farming systems and analyse the for signs of illness, stress, or abnormal
behaviour and monitor factors like temperature, humidity, and lighting to enhance chicken comfort,
growth, and egg production. By including visual tracking into the IoU, falsely negative chicken
recognition and detection can be compensated, making the proposed pipeline effective for practical
chicken tracking and counting applications.
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