Contemporary Mathematics

https://ojs.wiserpub.com/index.php/CM/ UNIVERSAL WISER
PUBLISHER

Research Article

Small Object Detection Method for Farmed Animals in UAV Images
Based on Improved YOLOV7-Tiny

Zewei Kang!?, Jocelyn F. Villaverde'”, Ji Zhang?

!'School of Electrical Electronics and Computer Engineering, Mapua University, Manila, Philippines
2School of Electrical and Electronic Engineering, Guangdong Technology College, Zhaoging, China
E-mail: jfvillaverde@mapua.edu.ph

Received: 6 June 2025; Revised: 21 June 2025; Accepted: 25 June 2025

Abstract: Unmanned Aerial Vehicle (UAV) technology plays a vital role in the animal husbandry industry. High-
resolution images can monitor the spatial distribution and behavior patterns of animal populations in real time, thereby
significantly improving the efficiency of animal breeding management. In view of the technical difficulties commonly
found in animal husbandry, such as small target size, frequent occlusion, and unbalanced category distribution, this
study proposes an enhanced animal small target detection algorithm based on the YOLOv7-tiny framework, named
SPF-YOLOv7-tiny. The algorithm contains three key innovations: first, the Segment Anything Model (SAM) image
segmentation technology is integrated to optimize the Mosaic data enhancement strategy, significantly improving the
diversity of training samples; second, the dedicated small target detection head module enhances the feature extraction
capability of tiny targets. Third, the Focal DIoU loss function is used to replace the original SIoU, which effectively
alleviates the impact of category imbalance on detection accuracy. In order to verify the performance of the algorithm, a
special farmed animal image dataset was constructed and a comparative experiment was conducted. Experimental data
show that the improved SPF-YOLOV7-tiny algorithm achieved a recognition accuracy of 92.6% on the self-built data set,
and the detection speed reached 103 FPS, which is 2.5% higher than the baseline YOLOv7-tiny model mean Average
Precision (mAP). Compared with Faster Region-based Convolutional Neural Network (R-CNN), YOLOX, YOLOVSs,
NanoDet and Single Shot multiBox Detector (SSD), the SPF-YOLOv7-tiny algorithm has excellent detection performance.
Although the detection speed is slightly lower than NanoDet, it can also meet the needs of real-time detection, providing
strong technical support for real-time detection applications in actual farming scenarios.
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SAM Segment Anything Model
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Copyright ©2025 Jocelyn F. Villaverde, et al.

DOI: https://doi.org/10.37256/cm.6520257392

This is an open-access article distributed under a CC BY license
(Creative Commons Attribution 4.0 International License)
https://creativecommons.org/licenses/by/4.0/

Co iporary Math tics 5612 | Jocelyn F. Villaverde, et al.



https://ojs.wiserpub.com/index.php/CM/
https://ojs.wiserpub.com/index.php/CM/
https://www.wiserpub.com/
https://doi.org/10.37256/cm.6520257392
https://creativecommons.org/licenses/by/4.0/

YOLO You Only Look Once

RS Remote Sensing

FPS Frames Per Second

DCGAN Deep Convolutional Generative Adversarial Networks
mAP mean Average Precision

ELAN Extended Latent Attention Network
MP Max Pooling

CloU Complete Intersection over Union
DIoU Distance Intersection over Union
TP True Positive

FN False Negative

PR Precision-Recall

AP Average Precision

1. Introduction

Remote Sensing (RS) imagery, acquired through satellite, aerial, or UAV platforms, provides essential earth surface
observation data. With the widespread adoption of UAV technology, remote sensing applications have progressively
extended to agricultural and animal husbandry scenarios. The integration of UAV systems with advanced object detection
models offers a promising approach for intelligent management in farming operations, potentially enhancing production
efficiency and scalability, which are crucial for realizing smart farming systems. In smart farm management, it is relatively
easy to use drones to obtain image information of farmed animals and crops, and use this information to monitor and
analyze the growth of farmed animals and crops. However, due to the way drones collect images, the targets in the
images have low resolution, small size, easy occlusion and Complex visual backdrops, which makes it harder to assess
farming scenes. Especially when using existing target detection algorithms, detection failures and recognition inaccuracies
frequently occur with small or partially obscured targets.

Recent advancements in artificial intelligence have significantly enhanced the performance of object detection
techniques, particularly those utilizing deep learning frameworks. Among these advances, YOLOvV4 [1] achieves an
excellent balance between detection accuracy and computational efficiency, achieving top results on the widely recognized
Microsoft Common Objects in Context (MS COCO) dataset, outperforming many contemporary methods in terms of both
accuracy and real-time processing capabilities. The YOLOv7 [2] model proposed in 2022 has achieved better detection
results in more complex scene detection tasks after incorporating more complex data enhancement technology and training
strategies. These classic algorithm models have great advantages in many specific data sets, but in the detection scenes of
animal husbandry, there are generally small target sizes, occlusions, complex backgrounds, etc., which greatly reduce the
effectiveness of these detection algorithms. In view of the characteristics of animal husbandry scene images, researchers
have proposed a series of improvement measures for classic algorithm models. Xiao et al. developed an enhanced model
of improved YOLO, which is specifically used to identify duck flock behavior under different lighting conditions [3].
Zheng et al. introduced a two-stage methodology combining object detection and classification networks for determining
gender ratios in domestic ducks [4]. Li et al. implemented a point-supervised approach utilizing a fully convolutional
network for chicken counting, achieving an accuracy of 93.84% with a processing speed of 9.27 Frames Per Second
(FPS) [5]. The improved algorithm combined with high-performance computing resources has a significant effect on the
single-category farmed animal target detection scenario, but as the farm scale expands and the number of target categories
increases, the algorithm performance will be greatly reduced. The extensive use of high-performance computing resources
will also increase the management cost of smart farms.

Contemporary research in UAV image processing demonstrates that deep neural network architectures have become
the established framework for target detection tasks, but there are still some difficulties and challenges in real-time
detection scenarios. Contemporary benchmark algorithms typically exhibit three fundamental limitations: substantial
training data requirements, high parameter complexity, and compromised inference performance when deployed on edge
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computing platforms. The target size in the farmed animal images collected by the drone is relatively small, and the target
activities are frequent and easy to be occluded. These factors will have adverse effect on the detection effect of the target
detection algorithm. To address these issues in livestock target detection, this study proposes an enhanced SPF-YOLOv7-
tiny model, which systematically improves upon the lightweight YOLOv7-tiny architecture. The specific enhancements
encompass three key innovations: Firstly, to tackle the challenges of species diversity and class imbalance in livestock
environments, we introduce an improved Mosaic data augmentation method integrated with SAM [6] image segmentation,
thereby enhancing dataset diversity and representativeness. Secondly, to overcome the difficulties posed by small target
sizes and frequent occlusions, we integrate a dedicated small object detection head in the YOLOvV7-tiny architecture,
adopt an extended receptive field through higher resolution feature maps; finally, we replace the traditional SloU with
Focal DIoU to enhance the recognition of difficult samples and solve the problem of imbalanced class distribution. The
proposed SPF-YOLOV7-tiny was tested on the farmed animal image dataset built by this paper. The data showed that the
optimization algorithm achieved good detection performance with lower model complexity, providing new ideas for the
development of real-time monitoring systems in animal husbandry.

2. Related work

2.1 Small object detection in UAV remote sensing images

With the advancement of drone technology, agricultural production methods are undergoing a revolutionary change.
Drone technology can provide high-resolution images of a large number of farms. These image data are crucial for
research in the fields of agricultural monitoring, disaster assessment, and environmental protection. However, the images
collected by drones usually have the characteristics of small target size, complex background, and complex background,
which leads to poor results of some traditional detection methods and makes it difficult to deploy and apply them in real
scenes. Therefore, contemporary research has established various experimental protocols to deal with these difficulties.
They mainly include feature extraction and deep learning.

The researchers used simple rectangular features combined with integral image technology to quickly calculate
eigenvalues, and combined the AdaBoost algorithm for feature selection and combination to build a strong classifier,
owing to its exceptional computational efficiency and instantaneous processing capabilities, this methodology has become
prevalent in preliminary facial recognition applications [7]. The Histogram of Oriented Gradients (HOG) descriptor
operates by partitioning the input image into local cell regions, computing the distribution of gradient directions within
each region, and aggregating these distributions into a comprehensive feature representation, which has shown remarkable
results in human detection applications [8]. Such algorithms are limited by the quality of handcrafted features, and the
calculation process is complicated, making it difficult to apply to large-scale data sets and complex scenes.

The emergence of deep learning has precipitated a paradigm shift in object detection methodologies, with CNN-
based approaches progressively supplanting conventional computer vision techniques due to their superior feature learning
capabilities. The R-CNN framework [9] introduced a novel two-stage detection paradigm by generating region proposals
and extracting convolutional features, which are then classified using a Support Vector Machine (SVM) classifier. This
groundbreaking architecture not only significantly improved detection accuracy, but also laid the conceptual foundation for
much subsequent research in this area. The YOLO [1] family of algorithms is a completely different single-stage approach
that formulates detection as a unified regression problem and achieves unprecedented inference speed through its end-to-
end trainable architecture. While both methods perform well on standard benchmark datasets, their performance in small
object detection scenarios and real-time applications with strict latency requirements highlights important directions for
future algorithmic improvements.

2.2 Latest progress in image enhancement technology

Image enhancement technology is a crucial data preprocessing method in computer vision tasks. The training
dataset is augmented by applying operations such as scaling and adding noise to the original images to improve the
model’s generalization ability. Classical image enhancement techniques primarily include geometric transformations,
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color transformations, noise addition, mixing enhancements, and synthetic data generation. Study [10] proposed a
reinforcement learning-based automatic data augmentation strategy search method, which can automatically search for
optimal augmentation strategies from data. However, this method incurs high computational costs during the search
process, requiring substantial computational resources. To enhance the practicality of augmentation strategies, research
[11] introduced the RandAugment method, which simplifies the strategy search process of AutoAugment by reducing
the search space. Additionally, research [12] proposed the CutMix method, which generates new training samples by
randomly cropping and pasting regions of one image onto another. However, this approach may introduce irrelevant
features into the generated images, potentially impairing the model’s discriminative ability. In the application of deep
learning features, research [13] introduced an interpolation-based data generation method, which enhances the diversity
of data distribution to improve model generalization and reduce the risk of overfitting. Although these methods can
increase data diversity and enhance the accuracy of target detection and model generalization to some extent, they
typically require additional computational resources and time. Research [14] proposed an image generation optimization
method based on Deep Convolutional Generative Adversarial Networks (DCGAN), combined with improvements to
YOLOV4, significantly enhancing the success rate and detection speed of garbage detection. These studies demonstrate
that combining advanced feature extraction and generation technologies can further improve the effectiveness of image
enhancement and its application value in practical tasks.

2.3 YOLO series algorithms

The earliest YOLO model exhibited significant advantages in detection speed but had limitations in small object
detection and bounding box localization accuracy [15]. With the rapid evolution of deep learning architectures and
methodologies, the detection performance of the YOLO series of algorithms has been continuously improved by
introducing new modules and optimization strategies, and has gradually been applied to various fields. The YOLOv2
architecture adopts several key innovations, including batch normalization layers for more stable training dynamics,
support for higher resolution image inputs to preserve fine-grained visual information, and a refined loss function
optimized specifically for small object detection. These improvements work together to improve the accuracy and
robustness of the detection framework [16]. The YOLOv3 model further optimized the network architecture and
introduced a multi-scale prediction mechanism to achieve real-time target detection at different scales [17]. Medina
et al. used YOLOVS to develop a fish disease monitoring system, which achieved efficient monitoring of goldfish images
and real-time camera module images [18]. In 2022, the YOLOv7 model achieved high-precision and low-latency target
detection in complex scenarios through deeper network architecture optimization, including structural improvement and
strategy optimization. At the same time, the YOLOv7-tiny model with a smaller parameter scale was proposed. This
model can still achieve good detection performance on devices with limited computing resources, which promotes the
application of target detection algorithms in practical scenarios [3].

In specific target detection tasks, researchers have proposed a series of optimized versions by improving the modules
in the YOLO series models. Yu et al. introduced an improved model for face mask recognition based on YOLOv4,
incorporating an enhanced CSPDarkNet53 backbone network and Path Aggregation Network (PANet) structure, achieving
a mean Average Precision (mAP) of 98.3% [19]. Xu et al. implemented a lightweight mask detection by integrating
ShuffleNetV2 and Coordinate Attention into YOLOVS, achieving a high accuracy and speed [20]. For agricultural
scenarios, researchers proposed the YOLOv7-CS model, a lightweight target detection model for bayberries, effectively
addressing the challenge of high-density target detection in complex backgrounds [21]. The researchers used YOLOv7
and multiple data-enhanced camellia fruit detection methods to demonstrate excellent detection performance in complex
field scenarios [22].

YOLO series algorithms have progressively overcome the limitations of early models in detection accuracy and
small object detection through continuous optimization of network architectures and detection mechanisms. These
improvements have not only significantly enhanced the overall performance of the models but also provided valuable
technical references and practical experience for subsequent research.
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2.4 Research status of small object detection in different application fields

Detection algorithms such as YOLO, Faster R-CNN [9], and SSD [23] have been extensively adopted for small object
detection. Research [24] introduced a new feature fusion layer into YOLOVS to optimize the shortcomings of algorithm
in small object detection. This feature fusion layer, with a smaller receptive field, effectively captures minute details in
the feature maps. Research [25] developed an attention-based feature fusion framework by selectively aggregating local
salient features and global contextual features and optimizing cross-layer information integration. When deployed for
traffic scene analysis, the proposed architecture achieves enhanced small object detection accuracy (measured in mAP)
without compromising real-time processing requirements. YOLO-sea [26] is a specific model applied to maritime search
and rescue missions. By optimizing the detection head and introducing a parameter-free attention mechanism, it achieves
real-time detection of small-sized people and ships at sea.

Small object detection technology has made great progress in agriculture, remote sensing and rescue, and various
improved models based on YOLO and RCNN series algorithms have been proposed. However, in many specific tasks,
the detection accuracy of small object and low-latency real-time detection still cannot meet production needs.

3. Methodology

YOLOvV7 uses a multi-branch stacking structure and introduces a novel downsampling structure that can perform
upsampling and downsampling operations simultaneously, thereby achieving parallel compression and feature extraction.
A specialized structure with a larger residual branch is designed to assist in model optimization and image feature
extraction. At the same time, an adaptive multi-positive sample matching strategy is adopted to increase the number
of positive samples by assigning multiple Prior Boxes to each Ground Truth Box for prediction. During training,
the Prior Box that best matches each Ground Truth Box is determined based on the adjusted Prior Box prediction
results. These innovative improvements give YOLOV7 better target detection capabilities. YOLOv7-tiny is optimized for
edge computing deployment and implements a compressed network architecture that accelerates inference speed while
maintaining compact memory requirements. This lightweight architecture is particularly effective in resource-constrained
environments.

Figure 1 illustrates the architectural composition of the YOLOv7-tiny framework. The schematic reveals a
tripartite structural organization comprising: (1) a feature extraction backbone that processes input imagery to generate
discriminative feature representations, (2) an intermediate feature fusion neck that hierarchically combines and refines
multi-scale features, (3) a detection head that performs the final localization and classification tasks. In light of the
characteristics of UAV remote sensing images, we propose a series of improvements based on the lightweight YOLOv7-
tiny network, aiming to enhance the model’s detection accuracy for small and occluded targets while retaining its
lightweight characteristics to ensure efficient operation on edge devices.
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Figure 1. YOLOvV7-tiny model structure diagram

3.1 Mosaic image enhancement method based on SAM improvement

The Mosaic data augmentation technique, employed by the YOLOv7 series models, is a widely used data
augmentation method. Its core principle involves generating new training samples by randomly combining multiple
images. During the model training process, four samples are randomly selected, and these images are randomly scaled,
cropped, and arranged, and finally spliced together to form new training samples. This random combination method
greatly expands the diversity of training data. By randomly scaling the images, the proportion of small objects in the
training samples is increased. However, in actual farming scenarios, some target categories, due to their small size, are
difficult for conventional training methods to fully learn their features, leading to class imbalance issues that affect the
accuracy of the detection model. Traditional Mosaic augmentation methods use random cropping strategies, which may
result in small or densely blurred targets being excessively cropped, causing training samples to contain only background
information and reducing the model’s learning effectiveness. Furthermore, due to inconsistent scales of the original
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images, the stitched images often produce a large number of white border regions, and this irrelevant feature information
can interfere with the model’s training process, thereby affecting the model’s convergence speed.

Based on these problems, this paper proposes a mosaic enhancement method based on SAM image segmentation.
First, four images are randomly selected from the training data set, and after scaling and geometric transformation, they are
spliced to obtain a four-grid spliced image. Then, a spliced image is randomly selected, and the silent SAM segmentation
mode is applied to segment all the target masks in the image. Finally, 20% of the target mask is randomly selected and
pasted onto another spliced image to obtain a new four-grid spliced image. An example of the enhancement process is
shown in Figure 2.

Input images Randomly Select 20% targets after
. _Ii o _g_ L stitch 4 images SAM segentation
: r 1
Fusion of
L $—$ segmentation targets
Randomly >

stitch 4 images

P

Figure 2. Schematic diagram of improved Mosaic enhancement method

The improved Mosaic enhancement method is used to obtain new stitched images with more targets and a higher
proportion of occluded targets. This effectively enriches the training dataset, increases data diversity, and alleviates the
problem of class imbalance. This enables the model to learn smoother and more robust decision boundaries during training,
thereby improving the generalization ability of the model. In addition, by integrating targets into training images, the
probability of occlusion between targets can be increased, allowing the model to learn more diverse feature representations
during training and reducing the possibility of model overfitting.

The Mosaic enhancement method based on SAM image segmentation proposed in this section significantly improves
the diversity of the dataset and the target masking ratio through four-frame spliced images and randomized target mask
porting. The method mitigates the category imbalance problem, while effectively suppressing the risk of overfitting by
increasing the inter-target masking probability. Although the data enhancement strategy optimizes the training samples,
the underlying structure of YOLOv7-tiny still suffers from insufficient feature extraction for small objects, and structural
improvements are needed to enhance the accuracy of small object detection.

3.2 Adding small object detection head

The original YOLOV7-tiny target detection network contains three detection heads of different scales. When the input
size is 640 x 640, the detection head can output feature maps of 80 x 80, 40 x 40 and 20 x 20, which are used to detect
targets with pixel sizes greater than or equal to 8 x 8, 16 x 16 and 32 x 32, respectively. The feature fusion network mainly
realizes multi-scale feature fusion through feature pyramid structure and path aggregation network. When detecting small
object, due to the lack of lower-level feature fusion, it is difficult to fully utilize the detailed information of small targets
in the image, which makes the recall rate and accuracy of small object detection relatively low, resulting in the easy loss
of small targets during the detection process. The lowest detection layer of YOLOv7-tiny is the P3 layer. The feature map
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of this layer only retains 1/8 of the original image information after downsampling. The information extraction of small
targets is not sufficient, resulting in an increased probability of missed detection and false detection. Therefore, this study
introduces an additional P2 detection layer in the YOLOv7-tiny network to make the features of small targets in the high-
resolution layer clearer, so as to improve the accuracy of small object detection. First, under the same input conditions,
the feature map size output by the detection layer is 160 x 160. The higher resolution can retain more original image
information, especially the details of small object. Secondly, by fusion of lower-level features, finer-grained features
are combined with higher-level features, so that the details of small object can be better captured; finally, the P2 layer
undergoes fewer convolution and pooling operations, and the feature map retains more spatial information. By adding a
detection head to the P2 layer, the feature expression ability of small object can be improved, so that the model can better
distinguish the differences between small object.

Based on the original model, this paper adds a detection head with 4x downsampling capability, which can identify
targets with a resolution as small as 4 x 4. After adding a new detection head, the feature fusion structure of the head part
also needs to be further optimized. As shown in Figure 3, it is the feature fusion structure after adding the P2 detection
head. Among them, C2, C3, C4 and C5 correspond to the feature maps extracted by the backbone network after 4%, 8x,
16x and 32x downsampling, respectively, while P2 is the detection layer added in this paper, and P3, P4 and PS5 are the
original detection layers of the model. The feature fusion structure after adding the P2 detection layer first performs an
upsampling operation on the feature map C5 input from the backbone network, and then fuses it with the C4 and C3
feature maps in turn to generate the feature maps of F4 and F3. Then, the feature map of F3 continues to be upsampled
and fused with the C2 feature map, and finally the detection result is output through the P2 layer. Finally, starting from
P2, the feature map is first downsampled and then fused with the F3 feature map, and then the P3 detection layer outputs
the result. Continue to downsample and fuse with the F4 and F5 feature maps, and finally output the result through the
P4 and PS5 layers.
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Figure 3. Adding a small target detection layer structure diagram

In this section, to address the insufficient performance of small target detection in YOLOv7-tiny networks, it is
proposed to optimize the multiscale feature fusion structure by adding P2 detection layer, and introducing C2 feature
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maps at lower layers, which achieves higher resolution feature retention and cross-layer fusion. At the same time, the
geometric modeling of improved target detection puts higher requirements on the loss function. Although the original
YOLOvV7 adopts the CloU loss function, which can comprehensively consider the target shape and spatial location, its
complicated computation process is prone to reduce the training efficiency and gradient instability.

3.3 Improved loss function

The loss function of YOLOv7 adopts a multi-task learning framework, combining three basic components: bounding
box regression loss for accurate localization, object prediction loss for foreground-background distinction, and categorical
cross entropy loss for semantic classification. Among these, the localization loss is calculated using the Complete
Intersection over Union (CloU) as the regression loss function. It comprehensively considers factors such as target
shape, spatial position, and orientation, enabling it to more accurately capture the geometric characteristics of targets,
thereby contributing to improved accuracy of the target detection model. However, due to its involvement of more
computational steps and multiple data inputs, the CIoU loss function increases the computational complexity during the
detection process, prolongs training time, and is prone to causing gradient explosion issues. These problems may lead to
increased localization deviations, thus affecting the detection effect.

Focal Loss introduces a regulation factor to make the model pay more attention to samples that are difficult to
classify, effectively solving the problem of category imbalance. The Distance Intersection over Union (DIoU) loss function
accelerates model convergence and improves positioning accuracy by considering the distance between the center of the
predicted box and the center of the true box. The calculation process of Focal Loss and DIoU is shown in Equations
(1) and (2). This study uses the FOCAL DIoU loss function to replace the CloU. The FOCAL DIoU combines the
advantages of Focal Loss and DIoU, and shows obvious advantages in dealing with category imbalance problems and
improving positioning accuracy. The calculation process of FOCAL DIoU is shown in Equation (3). By introducing
FOCAL DIoU, the stability and detection accuracy of the model are improved.

2(b, b
Lpiou = 1—IOU+¥ (1)
FL(p;)=—(1— Pt)yl‘)g (pr) (2)
Liocat-piou = — (1 —IoU)"log(IoU)Lpiou (3)

Where: ¢ is the category balance factor; ¥ is the focus factor; p; is the predicted probability of the target detection
task; p is the Euclidean distance between the center points of the two boxes; ¢ is the diagonal length of the minimum
closure area containing the two boxes; IoU is the intersection over union ratio.

In this section, we propose to replace YOLOv7-tiny’s CloU with the FOCAL DIoU composite loss function, which
combines the difficult sample focusing mechanism of Focal Loss and the advantages of DIoU’s centroid distance metric:
on the one hand, it mitigates the problem of category imbalance through the conditioning factor, and on the other hand,
it utilizes the distance constraints to accelerate the convergence of the model and enhance the localization accuracy.
Experiments show that FOCAL DIoU significantly improves model stability and detection accuracy while maintaining
the ability of multi-scale feature fusion.

3.4 Farmed animal object detection dataset

The use of farmed animal target detection algorithms can timely detect abnormal situations in the breeding process,
realize smart breeding and improve breeding efficiency. However, most of the current research focuses on manually
processed high-definition images. These data can enable the model to obtain a high detection accuracy, but ignore the
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impact of target size on detection performance in real scenes, resulting in the model being difficult to meet actual needs
in actual breeding scenes. The actual breeding environment is often complex and noisy, which poses a huge challenge
to the detection model. At present, there is little research on farmed animal target detection, and the detection model is
only effective in single-category target detection. Compared with large-sized targets, small targets have sparse features,
and there are fewer feature points or areas available for extraction, resulting in information loss during feature extraction.
These are important challenges for small object detection.

Figure 4. Dataset image examples

This study constructed a dataset by mixing real farmed animal images with artificially processed high-definition
images, including five common farmed animals, namely chicken, duck, cattle, rock pigeon, and sheep. In order to allow
the model to learn more livestock target features, additional images of the same species were obtained from Google Images.
Ultimately, these two data sources were combined to create a livestock dataset comprising 3,156 images, including 572
chickens, 448 ducks, 541 cows, 927 rock pigeons, and 668 sheep. As shown in Figure 4, this is an example of the
image data set used in this article. The image categories shown in the example are duck, sheep, rock pigeon, cow, and
chicken. In this study, small object refer to targets with a size less than 32 x 32 pixels, and large targets refer to targets
with a size greater than 96 x 96 pixels, and the remaining sizes as medium targets. The distribution of target sizes across
categories in the self-constructed livestock dataset is illustrated in Figure 5. As shown, blue indicates the number of
small objects, orange indicates the number of medium-sized objects, and gray indicates the number of large-sized objects.
Each category contains different numbers of large, medium and small objects. In all categories, the number of small
objects, medium-sized objects and large-sized objects accounts for 37.5%, 57.5% and 5% of the total number of objects
respectively. There is also a clear imbalance in the number of objects between different categories, which may significantly
affect the performance of the object detection model.
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Figure 5. Distribution of the number of objects of different sizes in the dataset

4. Experiment and analysis
4.1 Experimental data set processing

In this study, a variety of data augmentation techniques were applied to the self-constructed dataset, including random
cropping, random scaling, and random rotation, to enhance data diversity and robustness. From the augmented images, a
random sampling process was employed to reduce the dataset size while ensuring a balanced ratio of positive to negative
samples, thereby improving training efficiency and strengthening the model’s generalization capability. The dataset was
randomly partitioned into training, validation, and testing subsets usingan 8 : 1: 1 ratio to ensure balanced data distribution
across all phases of model development.

4.2 Experimental setup and parameter configuration

The experimental environment for the experiments conducted in this study is presented in Table 1. This implementa-
tion uses the Stochastic Gradient Descent (SGD) optimizer with a learning rate of 0.01, a weight decay of 0.005, and
150 epochs. The batch size is set to 32, and the adaptive image scaling size is configured to 640 x 640. Three epochs
are preheated. The mean Average Precision (mAP) and the number of model parameters (params) are used as evaluation
metrics. mAP is calculated by the detection accuracy of each category, and the detection accuracy of each category is
calculated by Precision and Recall. The calculation process is as follows:

TP

Precision = —— @)
TP+FP
TP
Recall = —— &)
TP+FN

In the formula, True Positive (7' P) means that the target is correctly classified as a positive example; False Positive
(F P) means that the target is incorrectly classified as a positive example but is actually a negative example; False Negative
(FN) means that the target is incorrectly classified as a negative example but is actually a positive example. Precision
is defined as the proportion of samples correctly classified as positive examples among all samples classified as positive
examples; recall is defined as the proportion of samples correctly classified as positive examples among all samples that
are actually positive examples. Construct a Precision-Recall (PR) curve. The Average Precision (AP) is determined by
the area under the PR curve, and its calculation process is shown in formula (6). The dataset used in this paper contains

Contemporary Mathematics 5622 | Jocelyn F. Villaverde, et al.



five categories, each category corresponds to a different AP value, and the average precision (mAP) is calculated by taking
the average AP value of all categories, and the calculation process is shown in formula (7).

AP = /0 'P(R)AR ©6)

Y AP

AP —
m 5

@

The number of model parameters and Frames Per Second (FPS) play a crucial role in the feasibility of real-time
detection. The number of parameters and FPS will directly affect the complexity of the model, the required storage space,
and the speed of real-time detection.

Table 1. Software and hardware environment

Environment configuration Parameter
CPU Xeon(R) Platinum 8362C
GPU RTX 3090 (24 GB)
Operating system ubuntu
RAM capacity 45G
CUDA 11.8
Framework PyTorch 2.1.2

4.3 Comparative experimental results and analysis
4.3.1 P2 detection head and improved mosaic enhancement

The YOLOV7 series models employ the Mosaic data augmentation technique, which enhances the model’s
generalization capability by randomly combining multiple images to create new training samples. However, the traditional
Mosaic method is prone to losing small targets during random cropping and often generates substantial white border
regions, leading to the inclusion of irrelevant features in training samples and consequently impairing model performance.
Therefore, this paper proposes a SAM-based mosaic enhancement method. This approach, after generating new training
samples, utilizes SAM segmentation technology to randomly extract target regions from the composite images and paste
them onto another randomly selected training image. This process enriches dataset diversity, mitigates class imbalance
issues, and enhances the simulation of occlusion scenarios, ultimately improving the model’s generalization and noise
resistance capabilities.

Furthermore, to tackle the problem of small target loss in UAV aerial imagery, an additional small object detection
layer is added to the YOLOv7-tiny network, called P2. When processing input images of size 640 x 640, the P2 layer
outputs feature maps of size 160 x 160, enabling the detection of small objects as small as 4 x 4 pixels while expanding
the receptive field. Adding this detection layer slightly increases memory usage, but it enables the model to extract more
features of small objects, thereby improving performance in occlusion and small object detection tasks. The experimental
results of adding the P2 detection head and the improved mosaic enhancement method are shown in Table 2, compared with
YOLOV7-tiny, map is improved by 1.4% and 1.5% respectively, demonstrating that our proposed enhancement strategies
significantly improve detection accuracy and robustness.
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Table 2. Experimental results of adding small object detection head and improving mosaic enhancement

Method mAP (%) Parameter
YOLOV7-Tiny 90.1 6.02M
+P2 91.5 6.12M
+Improved mosaic 91.6 6.02M

4.3.2 Comparative analysis of optimized loss functions

The YOLOv7-Tiny model conventionally employs CioU as its loss function. While CIoU effectively enhances
localization accuracy in object detection tasks, it suffers from high computational complexity and is prone to gradient
explosion issues, particularly with small bounding boxes. To address these limitations, we propose the adoption of
Focal DIoU as an alternative loss function, which resolves class imbalance issues, improves localization accuracy, and
accelerates model convergence. Focal DIoU is designed to synergistically combine sample reweighting from Focal
Loss with geometric alignment from DIoU. Through an adaptive weighting mechanism that dynamically adjusts hard
example emphasis and imposes centroid displacement penalties, this composite loss function simultaneously mitigates
class imbalance and enhances bounding box regression accuracy.

We demonstrate the effectiveness of Focal DIoU by training on the YOLOv7-Tiny model using various common
loss functions and comparing the mAP of each set of experiments. The experimental results demonstrate that Focal DIoU
achieves superior detection accuracy in livestock detection tasks compared to other loss functions, as detailed in Table 3.
It can be seen that when using Focal DIoU as the loss function of YOLOv7-tiny, the mAP of the model is improved by
1.2% compared with using Ciou, and is higher than the mAP when using other loss functions. At the same time, it can
be found that the accuracy of Ciou, Siou and Giou has been improved to a certain extent after combining FOCAL, which
proves the effectiveness of FOCAL loss function in class imbalanced samples.

Table 3. Experimental results of improved loss function

Method Method mAP (%)
Ciou (default) 90.1
Eiou 89.5
Diou 91.0
YOLOV7-tiny Giou 8-
Focal Ciou 90.5
Focal_Siou 90.3
Focal_Giou 90.1
Focal_Diou 91.3

4.3.3 Ablation experiment

In order to test the effectiveness of the improvements in each part of the SPF-YOLOv7-tiny architecture we proposed,
we used YOLOv7-tiny as the baseline model and conducted ablation experiments on the farmed animal dataset for each
improvement. The designed experimental groups and results are shown in Table 4. Experiment 1 represents the original
YOLOV7-tiny model, which is the baseline model of this paper, and its mAP is 90.1%, the inference speed is 127 FPS.
Experiment 2 improves the mosaic image enhancement on the basis of Experiment 1, and the mAP is improved by 1.5%.
Experiment 3 adds the P2 detection head on the basis of Experiment 1, and the mAP is improved by 1.4%. Experiment 4
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replaces the loss function with FOCAL_Diou on the basis of Experiment 1, and the mAP is improved by 1.2%. Experiment
5 adds the P2 detection head on the basis of Experiment 2, and the mAP is improved by 0.2%. Experiment 6 replaces the
loss function with FOCAL Diou on the basis of Experiment 2, and the mAP is improved by 0.6%. Experiment 7 is the
improved algorithm proposed in this paper. Based on Experiment 1, the mosaic image enhancement is improved, the P2
detection head is added, and the loss function is replaced with FOCAL_Diou. The mAP is improved by 2.5% compared
with Experiment 1, and the inference speed of the model is 103 FPS. It can be seen that on the basis of the baseline model,
the mAP of the model is improved to varying degrees after using the improved mosaic enhancement method, adding the
P2 detection head, and using the FOCAL_Diou loss function, indicating that each improvement measure adopted in this
paper has brought positive incentives to the accuracy of farmed animal target detection, further proving the effectiveness
of the various methods proposed in this paper. Although the inference speed of the model is reduced from 107 FPS to 103
FPS, it still meets the demand of real-time detection.

Table 4. Ablation experiment results

NO. YOLOv7-tiny Improved mosaic P2 FOCAL Diou mAP (%) Parameter FPS

1 \ 90.1 6.02M 127
2 v \/ 91.6 6.12M 121
3 J J 91.5 6.02M 110
4 v v 91.3 6.02M 125
5 y \/ v 91.8 6.12M 105
6 J d y 922 6.02 M 115
7 v v v v 92.6 6.12M 103

4.3.4 Performance comparison and analysis with other models

In order to further verify the superiority of the algorithm proposed in this paper, we compared SPF-YOLOvV7-tiny with
YOLOVS, YOLOX, Faster R-CNN, NanoDet [28], and SSD under the same conditions. The results are shown in Table
5. It can be seen that the mAP of the SPF-YOLOv7-tiny proposed in this paper on the farmed animal detection dataset
is higher than these comparison models, which are 16.8%, 3%, 2.7%, and 3.4% higher than the mAP of the comparison
models, and 2.5% higher than the baseline model, reflecting the effectiveness of the SPF-YOLOv7-tiny model proposed
in this paper. At the same time, in terms of detection speed, the FPS parameter of the SPF-YOLOv7-tiny model is also
significantly higher than YOLOvVS, YOLOX, Faster R-CNN, and SSD, reaching 103 FPS. Although it is lower than the
baseline model and the dedicated drone detection model NanoDet, it can meet the needs of real-time detection and basically
achieve a balance between detection accuracy and speed.

Table 5. Comparison of detection results with other models

Methods Parameters mAP (%) FPS
SSD 2628 M 75.8 34
YOLOVS5s 72M 89.6 92
YOLOX [27] 253 M 89.9 95
NanoDet [28] 0.95M 81.2 198
Faster RCNN 138 M 89.2 14
YOLOvV7-tiny 6.02M 90.1 127
SPF-YOLOV7-tiny 6.12M 92.6 103
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Original image YOLOV7-tiny SPF-YOLOV7-tiny

Figure 6. Comparison of detection results of SPF-YOLOV7-tiny and YOLOV7-tiny

In order to intuitively demonstrate the advantages of the improved YOLOv7-tiny model in the recognition of small
objects of farmed animals, this paper compares the performance differences between the improved algorithm and the
original YOLOv7-tiny algorithm in target detection. Different categories of images were selected for testing, and the
detection results of the two algorithms were compared. The detection results are shown in Figure 6. The first column in
the figure is the original image, the second column is the detection result of the baseline model YOLOv7-tiny, and the third
column is the test result of the improved model SPF-YOLOV7-tiny in this paper. It can be clearly seen from the comparison
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results in the figure that in the recognition of small objects in farmed animal images under complex backgrounds, the
improved algorithm shows a better detection effect than the original YOLOvV7-tiny model, and significantly reduces the
common missed detection and false detection problems of the original YOLOv7-tiny model. For example, in the first
row of images, the original YOLOv7-tiny model identifies the debris as chickens, and in the fifth row of images, the
original YOLOv7-tiny model misjudges the bucket as a cow target, and the cow farther away in the upper left corner is
not detected. The improved algorithm does not have such a situation. In addition, the average accuracy of the improved
algorithm in target detection is generally higher than that of the original YOLOv7-tiny model. In summary, the improved
algorithm SPF-YOLOV7-tiny proposed in this paper increases the receptive field and extracts richer context information.
It shows strong anti-interference ability in the face of complex background information and effectively improves the
missed detection and false detection of small objects.

5. Discussion

In this study, we aimed at the problem of low detection accuracy of small objects and occluded environments in
farming scenes. Based on YOLOvV7-tiny, we proposed the SPF-YOLOV7-tiny model and verified it, providing a reference
for the application of drone technology in complex agricultural farming scenes.

In terms of data enhancement, although the traditional Mosaic method increases the diversity of training samples
by randomly combining multiple images, its random cropping process easily loses small objects and introduces a large
number of useless white boundary areas. To address this problem, we try to introduce SAM segmentation technology to
extract the target area from the combined image and paste it back into other images. This method can effectively avoid the
loss of small objects and increase the simulation of occlusion conditions. The generated new images can further improve
the generalization ability of the model. Although the CutMix method also enhances data diversity through image splicing
and mixing. However, while retaining the advantages of Mosaic, our method also improves the limitations of Mosaic and
improves the detection accuracy of the model.

To address the problem of small objects being easily missed in drone aerial images, we added a P2 detection layer to
the YOLOv7-tiny network to improve the accuracy of small objects detection by outputting larger feature maps. Compared
with feature fusion methods such as FPN, the design of the P2 layer has lightweight features. Experiments show that the
introduction of the P2 layer enables the model to achieve good results in small-size object detection.

Farmed animal datasets often have class imbalance problems. This paper attempts to replace the traditional CloU
with Focal DIoU. Although CloU also has very good performance in target detection tasks, its computational complexity
is high and it is easy to cause gradient explosion problems when the prediction box is small. Focal DIoU not only improves
the class imbalance problem, but also further improves the positioning accuracy. This improvement makes the detection
model more robust in complex farming scenarios.

These improved strategies show significant advantages in farmed animal detection tasks, but also have some
limitations. Although the improved Mosaic enhancement method improves sample quality, it increases computational
cost, which may affect training efficiency when processing large-scale data sets. The introduction of the P2 layer improves
the small objects detection capability, but also increases the memory usage of the model, which may become a bottleneck
on resource-constrained edge devices. Although Focal DIoU optimizes positioning accuracy, its generalization ability
on different data sets still needs further verification.

In summary, the method proposed in this paper provides a new idea for small-size target detection in UAV aerial
images. These improvements not only provide technical support for real-time monitoring and intelligent management of
farmed animals, but also provide references for other similar tasks (such as traffic monitoring, agricultural monitoring,
etc.). However, how to further reduce computational cost and memory usage while maintaining performance is still a key
issue that needs to be solved in the future.
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6. Conclusions

This paper proposes a small objects detection algorithm for farmed animals based on image enhancement and
improved YOLOV7-tiny, named SPF-YOLOv7-tiny. In order to improve the model’s detection ability for small objects
and occluded targets of farmed animals, a detection head dedicated to small objects is added to the YOLOv7-tiny model,
and the Mosaic data enhancement method of the original model is improved. In addition, in order to solve the problem
of class imbalance and reduce positioning deviation, the Focal DIoU loss function is used to replace the SloU in the
original model. Experimental results show that the detection accuracy of the SPF-YOLOvV7-tiny model in the farmed
animal target detection task is significantly better than that of mainstream algorithms such as YOLOvVS5, Faster R-CNN
and SSD. At the same time, the SPF-YOLOv7-tiny model only increases the number of parameters by 0.1 M compared
to the baseline model, retains the lightweight feature of the baseline model, and has certain advantages when deployed
on edge devices. When deploying the SPF-YOLOvV7-tiny model in real farms or embedded systems, the problems of
light variations, complex backgrounds, and occlusions that exist in farm environments may affect the robustness of model
detection. Embedded devices have limited computational resources and memory, and despite the lightweight nature of
the model, further quantization or pruning is required to reduce the computational overhead to ensure real-time detection
requirements.
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