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ABSTRACT 
This paper proposes the tillage boundary detection method using 
heatmap regression for an autonomous tractor. Recently, CNN-
based tillage boundary detection approaches have been proposed, 
and a significant success exists. However, their mechanisms rely 
heavily on heuristic and complex post-processing to detect the final 
self-driving direction from CNN’s output. Moreover, since the 
tillage environment contains various noises factors such as weather, 
time, and ground textures, it is very challenging task. To tackle this 
issue, we present the heatmap regression-based approach to detect 
the tillage boundary. In our work, we directly detect the heatmap 
points on the tillage boundary using U-Net. In the experiments, we 
constructed the tillage boundary dataset, and our method has 
achieved outstanding performance without the complex post-
processing. 
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1 INTRODUCTION 
Recently, a smart agriculture has been an important study due aging 
society and shrinking workforce. In particular, an agriculture 
tractor, which is widely utilized for various agricultural automation 
tasks, is essential tool. For this reason, a self-driving tractor has 
been a significant study for researchers, and various computer 
vision and global positioning system (GPS)-based methods [1, 2] 
have been proposed. Recent years, Deep learning-based methods 
have been proposed and significant progress exists. Deep learning-
based approaches are being used widely to yield the remarkable 
performance in various agricultural automation tasks [3-11]. 
Especially, Convolutional Neural Networks (CNN), which is 
specialized architecture for analyzing images, are famous for 
detecting the tillage boundary lines [12,13]. CNN is widely utilized 
for image classification [3], object detection, and segmentation. For 
the tillage boundary detection studies, the existing methods [12, 13] 
employed the sliding window technique to extract the local pattern 
of the tillage boundary. A classification task was conducted to 
detect the tillage boundary lines. However, this approach suffers 

from local noises because this cannot extract the global context 
features, which is essential to find the tillage boundary from the 
region proposal patches. In addition, complex and heuristic post-
processing methods are required to define the final tillage boundary 
and driving direction of tractor. In this study, we proposed Fully 
Convolutional Network (FCN) based method to detect the tillage 
boundary lines. In the method, we employed heatmap-regression 
method to detect the tillage boundary points, and each point is 
future used to find tillage boundary. This way, complex post-
processing is not required since the simple non-maximum 
suppression method defines the boundary points effortlessly. 
Moreover, unlike the region proposal-based approach that requires 
multiple operations, it only requires single feed-forward 
computation, thereby leading to better time efficiency. In the 
experiments, our method is evaluated on a custom tillage boundary 
dataset and shows the robustness with the local noise and better 
performance. 
 

2  PROPOSED METHOD  

2.1  Dataset collection environment 
When conducting the tillage work, its features can be divided into 
pre-tilled, post-tilled, and background regions, as shown in Fig 1. 
In the pre-tilled region, we can see that various noises factors such 
as crops and weeds. On the other hand, smoothed ground features 

  

Fig. 1. Image obtained by RGB camera  
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were observed in the post-tilled area. We can easily see that the 
discriminative features (shape, contrast, color, and texture) between 
pre-tilled and post-tilled areas. Then our primary goal is to detect 
the boundary between them for self-driving direction. 
 

To acquire the tillage boundary dataset, we used LS-Mtron 
XU6168 (Fig. 2 left) as a tractor model and the action camera 
(Hero7, GoPro – Fig. 2 right) mounted on the tractor’s front top 
center. Note that, as shown in Fig. 3, we adjusted the camera 
position that includes front part of the tractor so that CNN learns 
tractor’s position.  
 

2.2   Heatmap regression for the tillage boundary 
detection 

 
In this study, we employed U-Net architecture consisting of only 
convolutional layers and Fig. 4 shows the architecture. We 
followed the standard U-Net architecture [14]. The U-Net consists 
of encoder, decoder, and skip connections. Each layer contains two 
convolutions, each followed by leaky Rectified Linear Units 
(ReLU). decoder. Fig. 5 illustrates the proposed framework 
including the non-maximum suppression for detecting the final 
tillage boundary points. As mentioned previously, our network 
directly regresses the tillage boundary points and we can simply 
extract the boundary points by the non-maximum suppression as 

  

Fig. 2. RGB camera mounted on the front side of a 

tractor 
 

 

Fig. 3. Camera installation environment (unit: cm) 

 

 

 

Fig. 4. The U-Net Architecture 

  

Fig. 5. Non-maximum suppression method for 

detecting the centroid of heatmap 
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shown in Fig. 5. Through the experiments, the number of filters for 
the encoder {64,128,256,512} and decoder {512,256,128,64} are 
used. 

For 700 epochs, U-Net is trained from scratch using L2 loss 
function and Adam optimizer with a mini-batch size of 1 and an 
initial learning rate of 1e-5. When learning heatmap regression 
networks, the data augmentation consisting of random rotation [-
10, 10], left-right flip, and intensity changes (brightness, contrast, 
and hue) is implemented and the cosine annealing method is 
employed to decay learning rate. 
 

3  EXPREMENTAL RESULTS 

 
In this section, we present experimental results and the 
implementation environment. The proposed method is 
implemented with the Pytorch framework and Python. We 
conducted the experiments on an Intel Core i9-10980XE with a 

3.50 CPU, 128 GB of memory, and an RTX 3090 GPU. For the 
tillage boundary detection dataset, various data are required for the 
construction of the solid model [15-18]. To this end, we collected 
the images by considering various environments reflecting sunny 
days, cloudy days, morning, afternoon, and different tillage fields. 
The data acquisition scenario using the tractor is described in Fig. 
6. Our custom dataset consists of 1259 training and 697 test sets. 
Each image resolution is 320 × 240 pixels, and the Ground truth 
points for the tillage boundary consist of three points (See Fig. 4). 
Each tillage boundary point was annotated and validated by three 

Table 1. Performance of the proposed method according to 
heatmap scales  

Heatmap 
scale 
level 

Euclidean distance 

Average Point 1 Point 2 Point 3 

1 12.96 10.63 5.50 22.75 

2 12.21 8.65 5.61 22.37 

3 11.19 8.89 5.24 19.45 

4 11.94 11.11 4.62 20.11 

5 10.55 8.55 5.34 17.76 

6 10.84 7.75 5.09 19.67 

7 12.76 8.97 5.04 24.27 

8 14.93 9.86 5.94 29.00 

 

Fig. 8. A visual result of the tillage boundary points using the proposed method. 

 

Fig. 6. A visualization of data collection route by 

tractor  
 

 

Fig. 7. A visualization of heatmaps according to scale 

levels 
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experts.     For the evaluation, we used the Euclidean distance 
between predicted and Ground truth boundary points and Table 1 
presents the performance of the proposed method according to 
Heatmap’s scales. Note that Fig. 7 shows a visualization result of 
heatmaps according to scale levels. As the Heatmap scale increase, 
the network model learns the global patterns of the tillage lines; 
however, this leads to precision decreases. On the other hand, small 
scale tends to ignore the global context representations. Our model 
with Heatmap level 4 yields competitive performance. The 
visualization results of the tillage boundary point localization are 
illustrated in Fig. 8 
.  

4 CONCLUSIONS 
In this paper, we proposed the heatmap regression-based tillage 
boundary detection method. To this end, we constructed the custom 
tillage boundary detection dataset. Unlike the existing methods, our 
model can detect the tillage boundary points easily without 
complex and heuristic post-process algorithms. Therefore, our 
model is quite robust to local noises. In the experimental results, 
the proposed method yields the competitive performance and 
computational efficiency. In future work, we plan to increase our 
custom dataset by considering various tillage environments, 
including newly added fields. We also continue to enhance the 
performance and architecture of our tillage boundary detection 
model with the newly added challenging dataset. 
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