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Abstract: Recently, the development of autonomous tractors is being carried out as an alternative
to solving the labor shortage problem of agricultural workers due to an aging population and
low birth rate. As the level of autonomous driving technology advances, tractor manufacturers
should develop technology with the safety of their customers as a top priority. In this paper,
we suggest a person recognition system for the entire environment of the tractor using a four-channel
camera mounted on the tractor and the NVIDIA Jetson Xavier platform. The four-channel frame
synchronization and preprocessing were performed, and the methods of recognizing people in the
agricultural environment were combined using the YOLO-v3 algorithm. Among the many objects
provided by COCO dataset for learning the YOLO-v3 algorithm, only person objects were extracted
and the network was learned. A total of 8602 image frames were collected at the LSMtron driving
test field to measure the recognition performance of actual autonomous tractors. In the collected
images, various postures of agricultural workers (ex. Parts of the body are obscured by crops,
squatting, etc.) that may appear in the agricultural environment were required to be expressed. The
person object labeling was performed manually for the collected test datasets. For this test dataset,
a comparison of the person recognition performance of the standard YOLO-v3 (80 classes detect) and
Our YOLO-v3 (only person detect) was performed. As a result, our system showed 88.43% precision
and 86.19% recall. This was 0.71% higher precision and 2.3 fps faster than the standard YOLO-v3.
This recognition performance was judged to be sufficient considering the working conditions of
autonomous tractors.
Keywords: autonomous tractor; deep learning; object detection; YOLO-v3

1. Introduction
Smart farming and precision agriculture involve the integration of advanced technologies into
existing farming practices in order to increase production efficiency and the quality of agricultural
products [1]. As an added benefit, the quality of life for farm workers is improved by reducing the
demands of labor and tedious tasks.
Replacing human labor with automation is a growing trend across multiple industries,
and agriculture is no exception. Most aspects of farming are exceptionally labor intensive and
repetitive tasks.
Current and impending agricultural technologies that are expected to become the pillars of the
smart farm primarily fall into three categories: autonomous robots, drones or UAVs (Unmanned Aerial
Vehicle), sensors, and the Internet of Things (IoT).
The tractor is the heart of the farm, used for many different tasks depending on the type of farm and
the attached implement. Autonomous tractors will become more capable and self-sufficient over time,
especially with the inclusion of additional cameras and artificial intelligence vision systems, GPS for
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navigation, IoT connectivity to enable remote monitoring and remote operation, and RaDAR and
LiDAR for object detection and avoidance. All of these technological advancements will significantly
diminish the need for humans to actively control these machines. As such, autonomous tractors
are being researched as a solution to the problems associated with an aging population and labor
reduction worldwide.
In the agricultural machinery industry, the technical level of autonomous tractors is divided
into four stages. The first stage is non-automated agricultural machinery and the core functions are
mechanical operation and repetitive operation. For the second stage, automated agricultural machines
still have to be operated by the driver, but the role of monitoring as part of the functions of agricultural
machines is also included. The third stage is a restrictive autonomous agricultural machine with core
functions, including automatic operation, the generation of a work route, and the following of that
work route. In the final stage, stage four, the agricultural machine is responsible for operating as a fully
autonomous agricultural machine, including a function for generating a work route, following that
work route, as well as the ability to move to a work site or field by itself.
In order to advance to level three or higher, a recognition sensor must collect data on the tractor’s
surrounding environment, analyze it, and combine recognition and judgment techniques with respect
to obstacles to determine dangerous factors while driving. These cognitive and judgment techniques
are especially important because they directly affect the safety of drivers and farmers.
Recognition sensors include cameras, LiDAR, RaDAR, and Ultrasonic, each with their own
strengths and weaknesses. Therefore, sensors shall be selected and used appropriately with respect to
the characteristics of the environment. The driving environment of automobiles has a standardized
infrastructure, such as lanes and guard rails on paved roads in free space, but the driving environment
of tractors differs in that they are exposed to an atypical environment in which the size and shape of
the field change over time, such as crops or unpaved cultivated land. In unformatted agricultural
environments, the recognition of obstacles to RaDAR and LiDAR sensors has the disadvantage of
being difficult to distinguish between obstacle objects and crops. On the other hand, camera sensors
are able to extract unique characteristics about the obstacle like shape and color, and thus recognize
obstacles even in unformatted environments that change over time.
Past object recognition studies have been conducted by designing and detecting features of objects
such as SIFT (Scale Invariant Feature Transform) [2], SURF (Speeded-Up Robust Feature) [3], Haar [4],
and HOG (Histogram of Oriented Gradients) [5]. For example, these methods were utilized to detect
books; they appear in trapezoidal shapes in images, create angles at vertices, and have a degree of
thickness. Since then, DPM (Deformable Part-based Model) [6] increased object recognition performance
by dividing objects into several parts to organize characteristic information and connecting the flexible
structure of each part with machine learning methods such as SVM (Support Vector Machine) [7].
These feature-based object recognition techniques tended to rely more on domain knowledge than on
the data itself, and it was difficult to tune passively if these features had multiple parameters.
Object recognition methods using deep learning became mainstream as the synthetic product
neural network showed overwhelmingly superior performance of existing feature-based object
recognition in ImageNet Challenge 2012 [8]. CNN first appeared in cursive number recognition [9],
which applied convolution computation. Although the existing neural network structure lacked the
ability to express local information around pixels.
The problem of recognizing what an object is in the image has been solved to some extent by CNN,
but finding out where the object exists in the image is another problem. In recent years, research has
emerged on how to detect the location of object. It aims to find objects of interest in an image and
draws bounding boxes around them while also categorizing its class.
The application of deep learning technology for object recognition is becoming increasingly
popular in the field of computer vision. The location and the classification of target objects can
be determined by using object detection. Recently, object detection has been applied in many
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fields such as agriculture [10–12], military and civil areas [13,14], intelligent surveillance [15,16],
autonomous driving [17–19], and intelligent transportation [20,21].
Due to the rapid development of graphics processing units (GPU) hardware performance,
deep learning has made significant progress [22] and object detection algorithms based on these deep
learning techniques are widely used in our daily life, such as person detection [23], face detection [24],
and vehicle detection [25,26].
The convolutional neural network (CNN) is a kind of network with many layers used to extract
features based on invariance of regional statistics in images [27]. By training on the dataset, CNN can
learn the features of the objects that need to be detected autonomously and the performance of
the model can be gradually improved. As a result of continuously improving computer hardware,
the structure of CNN can become much deeper and complex.
The state-of-the-art object detection algorithms based on CNN can be divided into two categories.
The first category is referred to as two stage object detection algorithms, such as R-CNN [28],
Fast R-CNN [29], Faster R-CNN [30], Mask R-CNN [31], etc. The object detection process is divided
into two phases by these algorithms. They use a Region Proposal Network (RPN) to generate
candidate anchor boxes and then the location and class of the candidate objects can be predicted and
identified by the detection network. These algorithms can achieve high accuracy for object detection.
However, they are not end-to-end object detection algorithms.
The second category is one stage object detection algorithms, such as OverFeat [32], Single Shot
Detector (SSD) [33], YOLO series [34–38], etc. In these algorithms, there is no need to use RPN to
generate the candidate objects. Instead, the target location and class information are predicted directly
through the network. They are end-to-end object detection algorithms. End-to-end algorithm refers
to training a possibly complex learning system represented by a single network that represents the
complete target system, bypassing the intermediate layers usually present in traditional pipeline
designs. Therefore, the speed of the one stage object detection algorithm is faster [39].
YOLO networks excel because they are capable of high accuracy detection while likewise having
the ability to run in real time. The YOLO algorithm “only looks once” at the image, so it requires just
one forward propagation pass through the neural network to make forecasts. After non-maximum
suppression which ensures the object detection algorithm just detects each object once, the algorithm
then yields recognized objects along with the bounding boxes.
YOLO networks are capable of high accuracy detection and can perform in real-time. The YOLO
algorithm “only looks once” at the image, so it requires just one forward propagation pass through
the neural network to make forecasts. Non-maximum suppression ensures the object detection
algorithm detects each object only once, and the algorithm outputs classified objects and their bounding
boxes. YOLO trains on full pictures and improves detection performance in a straightforward manner.
YOLO-v3 was chosen of the YOLO series variants because it uses fewer parameters, resulting in a
faster algorithm processing speed, and improves recognition accuracy.
There are studies on vision-based obstacle recognition in the agricultural environment [40–42].
However, these studies only focus on detecting obstacles to the front. Unlike automobiles,
agricultural tractors work with an implement attached to the rear. It is necessary to ensure
safety in all directions from the tractor because forward and reverse gear shifts occur frequently.
Therefore, autonomous tractors must be able to recognize and judge objects in all direction.
In this paper, a total of four cameras were attached to the tractor in order to recognize people
appearing in the surrounding environment, and object recognition based on deep learning was
performed through four-channel image data. The configuration of these camera systems has enabled
all detection areas around the tractor in one image frame, helping to speed up algorithm processing
time by recognizing the person for a single frame without recognizing the person individually for
each direction. the YOLO-v3 network was adopted for person recognition, and some structural changes
were made to apply the proposed system. Only person objects from the COCO dataset were extracted
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and used for network learning. The person recognition performance of the standard YOLO-v3 and
Our YOLO-v3 was compared using the test datasets acquired at LSMtron driving test field.
2. Materials and Methods
2.1. Autonomous Tractor Vision System
The system focuses on recognizing when a person appears in the surrounding environment of
the tractor using cameras and determining which direction the person is from the tractor, for the
purpose of ensuring the safety of autonomous tractor drivers and farmers. In the case of tractors,
safety must be ensured not only towards the front but in all directions because the rear of the tractor
is frequently equipped with a rotavator, plow, etc. The proposed system uses a wide-angle camera
with a 120◦ viewing angle instead of a narrow-angle camera [43]. Unlike narrow-angle cameras,
wide-angle cameras have the disadvantage of intensifying radiation distortion as they move away
from the principal point. However, the advantage is that image data can be acquired from a wide
viewing angle at once.
We virtually identified the detection range of 120◦ wide-angle camera using the NX 3d modeling
tool, and based on this, mounted the cameras on the tractor to minimize dead zones.
A total of four cameras are located on the front, rear, left and right sides of the tractor, and data
can be obtained for the entire 360◦ area surrounding the tractor, as shown in Figure 1.

Figure 1. Vision camera detection range.

2.2. Person Recognition System
Figure 2 shows the structure of a system that uses many cameras to recognize a person. 1928 × 1208
resolution images from each camera are input to the camera interface board at a rate of 30 frames per
second. The interface board is designed to control the image acquisition function and to output images
without time delay between each camera module.
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Figure 2. Multi-camera-based person recognition system architecture.

Image resolution is highly correlated with object recognition algorithm processing speed. For an
autonomous driving system in which real-time performance is sufficient, the resolution of an image
can be reduced to increase the processing speed. Each input image was down sampled to 960 × 544
resolution, as shown in Figure 3. Furthermore, a preprocessing step for matching a four-channel video
image to one frame is performed so that a person recognition algorithm can be processed for a single
image frame.

Figure 3. Input image down sampling and merging.

During the preprocessing step, a full HD resolution split image of 1920 × 1088 is generated,
which is used as the input to the YOLO-v3 based person recognition algorithm applied in this
paper. Object recognition technology using deep learning consists of a neural network structure with
many layers. The larger the structure, the more parameters it has, the more computational resources
are required. In order to solve such a resource problem, hardware capable of performing high-speed
GPU-based parallel processing is essential. This paper used the Jetson AGX Xavier [44], NVIDIA’s
representative artificial intelligence platform, as an experimental system. Table 1 lists the specifications
for the Jetson AGX Xavier.
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Table 1. NVIDIA Jetson AGX Xavier technical specifications.
Processing

Description

GPU

512-core Volta GPU with Tensor Cores
8-core ARM v8.2 64-bit CPU, 8MB L2 + 4MB
L3
32GB 256-bit LPDDR4x | 137GB/s
32GB eMMC 5.1 + SSD 256GB
(2x) NDVLA Engines
70-way VLIW Vision Processor
(2x) 4Kp60 | HEVC/(2x) 4Kp60 | 12-bit support

CPU
Memory
Storage
DL Accelerator
Vision Accelerator
Encoder/Decoder

2.3. Person Recognition Algorithm with YOLO-v3
The YOLO-v3 algorithm uses a single neural network to obtain a solution by considering the
probability of a bounding box, which is the coordinate information of a detected object in the image,
and its box as a regression problem. This method is much faster than the object recognition algorithm
in the existing R-CNN series and learns not only the appearance characteristics of the object but also
the overall context.
The YOLO-v3 network architecture divides the input image into S × S grid cells to determine
whether an object is centered in that cell, and the predicted feature map has N prediction boxes per
grid, as shown in Figure 4. Each prediction box contains bounding box coordinates including spatial
information tx, ty, tw and th, ob jectness scores, and class scores.
tx =

absolute_x
image_width

(1)

ty =

absolute_y
image_height

(2)

tw =

absolute_width
image_width

(3)

th =

absolute_height
image_height

(4)

Figure 4. Attributes of YOLO-v3 prediction feature map.

The location information of the bounding box tx, ty is expressed in Equations (1) and (2).
Size information tw, th is expressed in Equations (3) and (4). These parameters are expressed as floating
point values in the range (0.0, 1.0] as the relative coordinate values of the object for the resolution of
the input image, where absolute_x, absolute_y is the pixel coordinates of the upper-left corner point,
not the center coordinates of the object.
ob jectness score = Pr (ob ject)·IoU

(5)
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Pr (ob ject) is a measure of the probability that the bounding box contains an object. Intersection
over union (IoU) is used to evaluate the object detection algorithm. It is the overlap between the ground
truth and the predicted bounding box, i.e., it calculates how similar the predicted box is to the ground
truth. The ob jectness score is defined as Pr (ob ject)·IoU. If no object exists in the cell, the ob jectness score
is zero. Otherwise, the ob jectness score is equal to the intersection over union between the predicted
box and the ground truth.
conditional class probability = Pr (classi ob ject)

(6)

class scores = Pr (classi )·IoU = ob jectness score × conditional class probability

(7)

Finally, the confidence prediction represents the IoU between the predicted box and any ground
truth box. Each grid cell also predicts conditional class probabilities, Pr (classi ob ject) Equation (6).
These probabilities are conditioned on the grid cell containing an object. We only predict one set of
class probabilities per grid cell, regardless of the number of boxes.
At test time we multiply the conditional class probabilities and the individual box objecteness
scores, Equation (7), which gives us class-specific confidence scores for each box. These scores encode
both the probability of that class appearing in the box and how well the predicted box fits the object.
In the proposed system, processing is performed to estimate which direction a person exists
from the tractor using the spatial information of a person object output from the YOLO-v3 algorithm.
Also, information on how many people exist at a given time can also be output. The information
is finally sent to the controller of the autonomous tractor, and if a person is detected, a warning is
provided to prevent an accident.
3. Results
3.1. Data Acquisition
Figure 5a shows an example of acquired data. As shown in Figure 5b, the acquisition of driving
data was carried out at the LSMtron tractor driving test field in Hwaseong, South Korea.

Figure 5. (a) Example of acquisition data; (b) Data acquisition paths.

The image data were acquired at a storage rate of 5 fps. Faster data acquisitions were deemed
unnecessary because of minimal changes between image frames due to the tractors slow operating
speed of 3 to 4 km/h. In the process of acquiring the data, actors mimicked various agricultural worker
postures, as well as positions that covered parts of the body with crops or other obstacles. A total of
8602 image frames were collected in total.
Using the self-developed annotation program introduced earlier, labelling work on person objects
was carried out manually, and a total of 32,481 person object labels were obtained.
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3.2. Data Annotation
The YOLO-v3 object recognition algorithm is a part of supervised learning. Therefore, for
network learning, each learning image should be assigned a ground truth for the object to be
recognized. The answer label consists of a pair of class labels for each object and a bounding box,
called data annotation.
There are numerous algorithms for object recognition, and the annotations that each requires
vary. The annotation format used by YOLO exists as a text file with the same name as the learning
image file, and each text file contains labels for object classes, object coordinates, width, and height.
Examples of tools that can be labeled according to the YOLO annotation format are Labelimg [45] and
Yolo_mark. There is a limitation that these labeling tools can only be used for learning YOLO-based
object recognition algorithms. Thus, a PyQT-based labeling tool was developed and used in this paper.
Figure 6 shows the execution screen of the developed labeling program. You can call up image
or video data collected for learning and mark objects according to the class type that is color coded.
In the case of video data, it can be automatically extracted on a frame-by-frame basis and saved as
an image. The add-on features include zooming and scaling functions to enable precise labeling,
and are designed to be easily adaptable to a variety of formats, not only the YOLO annotation format,
enabling advantages in terms of scalability.

Figure 6. LS Labeling Tool.

3.3. Training Data
This paper focuses on increasing the safety of autonomous tractors by recognizing person objects.
High-accuracy person object recognition requires a network learning process for various human
images. The proposed system uses the MS-COCO dataset [46] for YOLO-v3 network learning.
The MS-COCO dataset provides learning data, test data and validation data, such as object recognition,
instance segmentation, key-point detection, and labeled annotation data.
The data for object recognition in the MS-COCO dataset includes labels with 80 object categories,
and the proposed system used COCOapi to perform the extraction process for person objects only.
For the YOLO-v3 algorithm to recognize only human objects, deep learning neural networks
were constructed based on Darknet-53. Darknet-53 is a newly developed network that adds a residual
network to the existing Darknet-19 network, and is designed to have a total of 53 convolution layers
with 3 × 3 and 1 × 1 configured to repeat with shortcut connections.
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Hyperparameters set during learning were 0.0005 for the learning rate and 3000 for the max batch,
and the number of classes and filters were changed to recognize a single object to proceed with learning.
Figure 7 shows the loss values (Loss) and mAP obtained in the course of learning only human
objects in the MS-COCO dataset. After 1500 iterations, the loss value below 0.5 was attained and the
mAP value of 88.3% was obtained on average from the final 3000 iterations.

Figure 7. Training performance for person detection using YOLO-v3.

The mean average precision (mAP) is averaged over the p(o) accuracy by Equation (8). p(o) is the
precision of the person detection.
Z 1
mAP =
p(o)do
(8)
0

4. Discussion
For the test, a total of 8602 test datasets were obtained at LSMtron driving test fields, and it included
a total of 32,481 person objects. We compared the person recognition performance of our YOLO-v3
(only person customized) with standard YOLO-v3 (include 80 classes) for the same test dataset.
The standard YOLO-v3 dataset classifies 80 different objects, but of those 80 objects, only person
objects and cow objects are applicable to the tractor during agricultural work. The purpose of this study
was to detect agricultural workers in proximity to the tractor, so our YOLO algorithm was trained
using only one class, the person class. Our YOLO-v3 algorithm demonstrated a higher precision and a
faster FPS when compared to the standard YOLO-v3.

Designs 2020, 4, 54

10 of 14

To evaluation the validity of the model using the confusion matrix. Table 2 shows the confusion
matrix for evaluating the person recognition model [47]. True indicates a person, while false indicates
a non-person.
Table 2. Confusion matrix for evaluating the person recognition.
Predicted Label

True
False

True Label

True

False

TP (True Positive)
FP (False Positive)

FN (False Negative)
TN (True Negative)

TP represents the number of accurately classified human objects, FN describes a non-human object
being classified as a human object, FP occurs when a human object is not classified as such, while TN
represents non-human objects correctly classified as non-human. Table 3 shows the person recognition
performance of the actual driving environment displayed in a confusion matrix. The confusion
matrix is a table for comparing forecasts and actual values to measure the performance of an object
recognition model.
Table 3. Confusion matrix for person recognition.
Predicted Label

Person
Non-Person

True Label

Person

Non-Person

27,996 (0.86)
3372 (0.11)

4485 (0.14)
29,109 (0.89)

Based on the confusion matrix, the precision and recall were calculated. Precision and Recall are
illustrated by Equations (9) and (10).
True Positive(TP)
True Positive(TP) + False Positive(FP)

(9)

True Positive(TP)
True Positive(TP) + False Negative(FN )

(10)

Precision (P) =

Recall (R) =

TP represents true positives. FP is a measure of negative samples incorrectly classified as a
positive sample. FN stands for positive samples incorrectly misclassified as negatives.
According to Table 4, our YOLO-v3 calculated 86.19% precision and 88.43% recall value by
confusion matrix. The average processing time of 15.7 fps was verified as a result of algorithm
execution for the test datasets by NVIDIA Jetson Xavier platform. By restricting the algorithm to learn
only from a single object, persons, we have identified a 0.71% accuracy improvement and our YOLO-v3
is 2.3 fps faster than the standard YOLO-v3 using the same hardware and same test datasets.
Table 4. Performance comparison of standard YOLO-v3 and Our YOLO-v3 on test dataset.

Our YOLO-v3
YOLO-v3

Precision

Recall

FPS (Average)

86.19%
85.48%

88.43%
88.52%

15.7
13.4

Figure 8 shows the output of the YOLO-v3 based person recognition algorithm for four-channel
camera input images with a 1920 × 1088 resolution. The tests confirm that even when the camera’s
view of a person is partially obscured, a person is recognized as such with high accuracy.
Considering that the average working speed of autonomous tractors is 3~4 km/h, this image
processing speed was judged to be sufficient to respond in real time.
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Figure 9 shows an example of misdetection in the person recognition system. Misdetection was
mainly shown at the boundary of a four-channel image, and there were cases where the side mirrors or
exhaust pipes of a tractor were mistaken for persons.

Figure 8. Person recognition test for autonomous tractor.

Figure 9. Example of misdetection result image.

5. Conclusions
In this paper, a recognition system for person objects appearing in the environment around
autonomous tractors was proposed using cameras. Four wide-angle cameras with 120◦ viewing angle
were used to detect the entire environment (360◦ ) around the autonomous tractor, effectively minimizing
blind spots to detect people. Frame synchronization and preprocessing were performed for the images
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entered from each camera, and four-channel split images were matched and used as an input to an object
recognition algorithm. The object recognition algorithm used the YOLO-v3 model, and learning was
performed using only person objects from the MS-COCO dataset. To evaluate recognition performance,
actual autonomous tractor driving images were saved and evaluated, resulting in 88.43% precision,
86.19% recall, and an average processing speed of 15.7 FPS. This recognition performance is judged to
be sufficient for the working environment of autonomous tractors. However, there remain problems
that can reduce the efficiency of autonomous tractors, particularly because false positives sometimes
appear, even though a person does not actually exist.
In the future, in order to overcome these problems, we need to conduct research to improve
recognition performance by using learning data based on actual driving data in the field. We need
to apply model lightening techniques, as well as deep learning acceleration techniques that enhance
processing speed.
A limitation exists that our camera system was only tested in one type of working environment.
In future studies we plan to evaluate the performance in more challenging agricultural environments.
Additionally, while our system detected partially obscured human objects satisfactorily, our
system cannot detect human objects if the camera lens is completely physically obscured.
Additionally, camera sensors alone make it difficult to estimate the exact distance to an object.
A fusion of sensor technologies could help detect objects in these cases.
Commercialization of autonomous tractors must be done to solve the problem of an aging
population and decreasing labor in rural areas, and developing advanced technology for safety is a
task that must be continuously solved in the future.
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