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Abstract: The digital revolution is transforming agriculture by applying artificial intelligence (AI)
techniques. Potato (Solanum tuberosum L.) is one of the most important food crops which is susceptible
to different varieties of weeds which not only lower its yield but also affect crop quality. Artificial
Intelligence and Computer Vision (CV) techniques have been proven to be state-of-the-art in terms of
addressing various agricultural problems. In this study, a dataset of five different potato weeds was
collected in different environments and under different climatic conditions such as sunny, cloudy,
partly cloudy, and at different times of the day on a weekly basis. For weeds-detection purposes, the
Tiny-YOLOv4 model was trained on the collected potato weeds dataset. The proposed model obtained
49.4% mAP value by calculating the IoU. The model trained with high prediction accuracy will later
be used as part of a site-specific spraying system to apply agrochemicals for weed management in
potato crops.

Keywords: deep learning; object detection; YOLO; weed detection; digital agriculture

1. Introduction

Artificial Intelligence (AI) and Deep Learning (DL) is the best choice for researchers
in the field of agriculture for weed detection. DL-based Convolutional Neural Networks
(CNNs) embedded with Graphics Processing Unit (GPUs) have resulted in innovations
in the agriculture sector [1]. Recently, it played a vital role in automating the process of
harvesting by fast and more accurate detection of weeds in the real-time environment.
The state-of-the-art deep CNNs can extract complex and useful features from the input
images which results in significant detection of weeds [2], diseases [3], pests [4], plant
nutrients [5], etc.

Potato (Solanum tuberosum L.) is one of the most important food crops for over a billion
people worldwide. According to a study in [6], 37% of the potato crop is damaged due to
weeds. Piyazi booti (Asphodelus tenuifolius L.), Canada thistle (Cirsium arvense L.), jungli
gajjar (Parthenium hysterophorous L.), bathu (Chenopodium album L.), and billi booti (Anagallis
arvensis L.) were the most common weeds that grow in the potato field, especially in Potohar
region. Tiny-YOLOv4 model is capable of detecting and classifying/descriminating these
weeds in the real-time environment with high prediction accuracy.

The image dataset of potato weeds is not available publicly for training and validation
of the model. The findings from this study will later be utilized in the real-time detection
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and spot-specific sprayer system for the management of the potato field. The first objective
of this study was to collect the dataset locally from the Potohar region for training and
validating the model. The second was to detect and classify the most common types of
weeds in a potato field.

2. Methodology

Various DL and Computer Vision (CV) techniques are being used in the agriculture
sector which has become a hot research topic nowadays. The proposed methodology for
weed detection and classification is shown in Figure 1. First, the image dataset of five potato
weeds was collected through a Logitech camera. Next, image processing was performed;
in this step, the blurred and noisy images were discarded. Then, data annotation was
performed, and the processed images were labeled through Yolo_mark and labellmg tools.
The next step was to split the dataset into training and testing categories for feeding into
the selected Tiny-YOLOv4 model. The best trained weights of the model with maximum
accuracy were selected for the real-time detection of potato weeds.
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3. Results
3.1. Evaluation Indicators

Precision, Recall, F1-Score, and Mean Average Precision (mAP) were employed to
evaluate the prediction model performance in this work.

An alternative term for precision is “positive predictive value”. This is calculated by
dividing the True Positive (TP) by the sum of TP and False Negative (FN) i.e., (TP + FN) as
shown in Equation (1). TP means that the weed belongs to class 1 and the model predicted
correctly, that it is from class 1. The FN means that the weed is from class 1, but the model
predicted that it belongs to no class. The range for the best value for precision is 1.0, and
0.0 for the worst condition.

P =
TP

TP + FN
(1)

where P = Precision.
The Recall is also called “sensitivity” or “true positive rate” and it is the ratio of TP

and the sum of TP and FN as shown in Equation (2). FP here means that the weed belongs
to class 1 but the model classifies it into class 2. Its value varies from 0 to 1.

Recall =
TP

TP + FP
(2)

The harmonic mean of recall and precision is known as the F1-Score where the best
value is 1.0 and 0.0 is the worst. It is calculated by using Equation (3).

F1 = 2 × precision ∗ Recall
precision + recall

(3)
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The sum of the precision and recall of the detected bounding boxes produces the mean
average precision (mAP). Equation (4) provides a formula for calculating mAP, where AP
is the average precision of each class.

mAP = 1/N
N

∑
i=1

AP (4)

3.2. Experimental Results

The Tiny-YOLOv4 model was tested on unseen images with the 416 × 416 image
resolution to make the models consistent with the training dataset. The experimental
results of the Tiny-YOLOv4 model are presented in Figure 2. The red color line represents
the mAP, the blue color shows the loss, and the green color represents the iteration count.
The model was trained on the 10,000 iterations, 16 subdivisions, and with the 416 × 416
image resolution. The Mish was used as the activation function.
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The real-time detection results of the Tiny-YOLOv4 model are shown in Figure 3. The
model predicts the potato weeds correctly and efficiently with a high confidence score.
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for the site-specific spraying technology and will use the most accurate detection algo-
rithm with higher detection accuracy. 
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Figure 3. Real-time detection results of the Tiny-YOLOv4 model.

4. Conclusions

DL-based weed detection and classification techniques play a vital role in the domain
of agriculture. In this work, a Tiny-YOLOv4 model was used for the detection of potato
weeds in a real-time environment. The adopted model gives 49.4% testing accuracy on
a very limited dataset. The best-trained model was used for weed detection in potato
crops. There is still room for improvement; therefore, we will extend this system for the
site-specific spraying technology and will use the most accurate detection algorithm with
higher detection accuracy.
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