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Fig. 2. Sample images of implement and person classes
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whereas the training time showed the opposite trend. 
Training with YOLOv5s was stopped after 244 epochs, 
and the corresponding model converged at the 223rd 
epoch, taking approximately 9.7 h. Meanwhile, those for 
other variants were 204 epochs, 183rd epoch, 11.8 h, and 
137 epochs, 116th epoch, 11.2 h, and 127 epochs, 106th 
epoch, 16.1 h, respectively. At the convergence points, the 
evaluation metrics show a slight improvement as the 
pre-trained models increase in size. All detectors 
demonstrated high precision, recall, mAP@0.5 of all 
classes, and F1-score, varying from 0.948-0.959, 
0.922-0.946, 0.956-0.966, and 0.934-0.949, respectively.

The mAP@0.5 of the implement classes varied from 
0.969-0.978, indicating that the detectors were capable of 
detecting the target implements with a high detection 
accuracy. A similar trend occurred for the person class, 
with an AP varying from 0.942-0.962. Among the nine 

implements, despite TP and DS having the smallest 
training data (less than 1,000 images), their average 
precision (AP) is extremely high, while SS had the lowest 
AP with more than 1,400 training images. This suggests 
that the object shape features of the image datasets of TP 
and DS are more easily extracted compared to other 
implements because SS has many machine models in its 
image dataset. As shown in Figure 4, the larger pre-trained 
models did not substantially improve the AP of each 
implement class. Therefore, smaller detectors may be 
more optimal for detecting implements in the real world, 
considering their real-time processing capabilities and 
computing hardware requirements.

2. Testing results
Inference for detecting implements and humans was 

carried out using four trained weights on the contents of 

Fig. 4. �Precision-recall curves of the trained detectors with different YOLOv5 variants in detecting implements, 
obstacles, and other equipment
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four videos captured during real-world implement 
changeover operations. The videos comprised 2,465 and 
1,658 frames for the static camera and 6,955 and 6,600 
frames for the moving camera under the NL and BL 
conditions, respectively. Table 5 summarizes the average 
inference times per frame for the detected objects. The 
Average Detection Speed (ADS) obtained with the test 
laptop computer varied from 6.9 to 20.6 ms, depending 
on the size of the detectors. Lighting conditions had no 
effect on the ADS obtained with SC and MC. The average 
ADS for the small, medium, large, and extra-large 
detectors were 7.0 ± 0.1, 10.3 ± 0.3, 17.4 ± 0.1, and 20.5 ± 
0.2 ms, equivalent to object detection speeds of 142.9, 
97.1, 68.3, and 48.9 FPS, respectively. Accordingly, all 
detectors could be utilized for real-time applications, 
which have a threshold of detection speed from 20 to 
30 FPS.

Samples of the detection results for the five target 

implements and humans under different test scenarios 
are shown in Figure 5. The detected bounding boxes with 
corresponding confidence scores were used to calculate 
the evaluation metrics. For inference with the static 
camera, DA was calculated by dividing the number of 
detected objects in each class by the captured frames, as 
shown in Figure 6. The implements were robustly 
detected with 100% detection accuracy under both light 
conditions at distances exceeding 6 m from the camera. 
In the case of BC, although only half of the implement 
was captured by the camera, the DA of the BC class was 
100% for all inferences. However, in the case of the 
person class, the DA was significantly reduced to 48.4% 
and 16.2% with inferences from the small and extra-large 
detectors, respectively, in the BL condition. This was 
because the mannequin was smaller than the adjacent 
target implements, making detection more difficult. In 
contrast, the medium and large detectors provided high 

Fig. 5. �Samples of detection results in NL condition (left) and BL condition (right)

Fig. 6. �Detection results of implement and person with a static camera

Table 5. Detection speed of detectors trained with different YOLOv5 variants

Light condition Camera Captured frames
Average inference time per frame (ms)

YOLOv5s YOLOv5m YOLOv5l YOLOv5x

NL
static 2,465 6.9 10.1 14.7 20.5

moving 6,955 7.0 10.2 14.6 20.6

BL
static 1,658 7.2 10.7 14.7 20.5

moving 6,600 6.9 10.2 14.6 20.2

Average 7.0 10.3 14.7 20.5

static camera static camera

movingmoving
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DA values of 96.9% and 99.6, respectively.
The ACS obtained with four detectors using the 

static camera varied between 87.6 ± 0.2% to 94.7 ± 0.3% 
for five target implements and between 68.2 ± 4.6% to 
91.0 ± 0.1% for the mannequin. Among the implements, 
the lowest ACS was observed for BC owing to its location 
and partial occlusion. The small deviation in the ACS of 
the implements, together with the high DA, indicated 
stable implement detection with the detectors deployed in 
a real environment under different light conditions. A 
small improvement in the ACS of the implements under 
the NL condition was observed between the trained 
weights. However, the medium and large detectors 
demonstrated higher performance in the detection of 
humans in the BL condition, with more than 10% 
improvement in ACS.

Figure 7a illustrates the frequency distribution of the 
CS obtained with the extra-large detector in the moving 
camera scenario under NL and BL conditions. Owing to 
variations in the camera direction and distance, the 
number of detected bounding boxes and the corresponding 
CS for each object class varied widely. The values of CS 
for the implementation and person classes fluctuated 
between the threshold of 60%, and the maximum values 
were approximately 95%-97%, respectively. The number 
of detected objects with a high CS dominated most of the 
implement and person classes except for BC.

The maximum CS of the target implements, except 
for RT and BC, was obtained at the closest distance 

between the camera and the detected objects, as shown in 
Figure 8. At the final alignment between the tractor and 
RT, the object features of the implement were reduced, 
resulting in a lower CS compared to the longer detection 
distances. In the case of BC, the CS was low during 
straight backward alignment owing to occlusion by the 
hitch frame and marker. The consideration of 
downward-angle cameras for such cases is planned for 
future evaluations.

Figure 7b demonstrates a small difference in 
performance among the four detectors under the same 
light conditions in terms of the number of detected 
objects and ACS for each class. The number of detected 
objects for the RT, SS, and CP classes reduced during 
backlight inference, but no clear differences were 
observed for WH. In contrast, the number of detected BC 
increased during BL inference, possibly because of a 
reduction in the detection of the hitch frame and marker. 
The total numbers of detected objects under the NL 
condition were 17,543, 18,320, 18,520, and 18,593 for the 
small, medium, large, and extra-large detectors, 
respectively. These values decreased to 16,895, 17,236, 
17,412, and 17,486 under BL conditions, respectively. 
ACS obtained with four detectors was consistent under 
both NL and BL conditions, varying from 87.6 ± 7.1% to 
90.4 ± 4.4%. The high ACS indicates the reliable detection 
capability of the detectors when implemented in the 
unseen real operation of the agricultural 
implement changeover.

a)

b)
Fig. 7. �Detection results of implement and person with moving camera: a) frequency distribution of CS for the extra-large 

detector; b) Number of detected objects (left) and ACS (right)
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Conclusion

This study conducted an extensive evaluation of 
YOLOv5’s performance in detecting agricultural 
implements as non-obstacle objects for seamless 
tractor-implement alignment during autonomous 

implement hitching. A custom dataset of nine typical 
agricultural implements was created. The labeled image 
data of the agricultural obstacles, including humans, 
were incorporated into the training and validation sets, 
which comprised 18,347 and 8,314 images, respectively. 
The evaluation encompassed both the model training 

Fig. 8. �Sample of detection results of implements and person using the extra-large detector during straight backward tractor-
implement alignment under BL condition
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process, utilizing transfer learning with various YOLOv5 
variants, and the deployment of trained detectors for 
inferences during implement changeover operation under 
different lighting conditions. 

The results of training with the custom dataset 
demonstrated high accuracy in detecting agricultural 
implements and obstacles, as the trained AI models 
exhibited high values of mAP@0.5, varying from 0.956 
to 0.966. The test results revealed that all detectors could 
rapidly predict the detections of five implements under 
NL and Bl conditions, with average inference time per 
frame varying from 7.0 to 20.5 ms. At a capturing 
distance of approximately 6 m, all detectors could detect 
the implements with a DA of 100% under different 
lighting conditions, but the performance of the small and 
extra-large detectors in detecting humans under BL 
conditions significantly decreased to 48.4 and 16.2%, 
respectively. However, the medium and large detectors 
dominated the performance, with a high DA of 96.9 and 
99.6%, respectively. Furthermore, the trained detectors 
accurately predicted the detected objects during the 
tractor-implement alignments, with confidence scores 
varying from 87.6% to 90.4%. In conclusion, the medium 
detector was the optimal model in terms of overall 
performance, considering the accuracy and speed in 
detecting agricultural implements and humans under 
backlight conditions.

Although YOLOv5 brought substantial 
improvements in accuracy and efficiency compared to its 
predecessor, its subsequent versions, from YOLOv6 up to 
YOLOv9, have progressively refined these capabilities, 
incorporating advanced techniques in feature extraction, 
model scaling, and post-processing. Particularly, 
YOLOv9 dynamically adjusts its learning process, 
improving detection accuracy and robustness in 
real-world conditions. In the future, the dataset will be 
expanded by adding more images of equipment and 
obstacles encountered in the agricultural environment. 
The detector will be re-trained using the state-of-the-art 
algorithm to enhance its object detection capabilities.
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List of Abbreviations

Abbreviation Definition

ACS average confidence score

ADS average detection speed

AP average precision

BC broad caster

BL backlight

CP cultivator

CS confidence score

DA detection accuracy

DR detection rate

DS fertiliser spreader

mPA mean average precision

NL normal lighting

PH power harrow

RB roll baler

RT rotary tiller

SS soybean seeder

TP plough

WH wing harrow


