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Abstract—The use of insecticides, herbicides, and fertilizer in conventional agricultural crop 
spraying techniques can be decreased thanks to the smart agricultural robotic system. Spraying 
agro-chemicals to manage weeds and get better crop output is insufficient to meet the world 
population's food needs. As a result, a elegant and intelligent agricultural farming system is 
implemented in order to boost crop yield and meet agricultural production targets. Using a mix 
of Convolutional Neural Networks (CNN) and Long-Short-Term Memory (LSTM), Deep 
Learning (DL) based algorithms are used to identify and classify weed plants in this paper 
(LSTM). Convolutional Neural Networks (CNN) has a distinct structure for extracting 
differential features from input plant images, while LSTM imply granting for combined 
classification optimization. In order to the proposed method is used to classify nine types of 
weeds, including prickly weeds, vine weeds, persistent creeping weeds, and three-leaf weeds. We 
conducted several comprehensive experiments and attained an average classification accuracy 
of 99.36 percent. The collected results suggest that the CCN-LSTM combo has much better 
classification capabilities than other well-known techniques.  
 
Index Terms— Deep learning, LSTM, CNN, Classification. 

I. INTRODUCTION 

The Earth population is expected to grow to 9.8 billion people by 2050. As of right moment, more than 7.3 
billion people are thought to live on Earth, and it is growing, according to a United Nations (UN) estimate [1]. 
With such a large population comes a host of problems, with proper food production being one of the most 
urgent. According to the UN Food and Agriculture Organization, food production must rise globally over the 
next few decades by 70% in order to provide food for the predictable population of 2050. There are about 
2,500,000 different plant species, and 250 of them are weed plants. These weed plants have a considerable 
effect on the decline in agricultural production. 
In essence, unwanted weed plants are byproducts of productive crops that coexist with them. Weeds inhibit the 
growth of desired plants, which are the crop’s essential and primary products, because they devour water and 
plant nutrients and minerals. In order to solve this issue, this study article performs precise and trustworthy weed 
and desirable plant detection. We employ CNN and LSTM models to carry out the detection of weed plants. The 
identification and separation of weed plants is based on two key factors: life span and ecological affinities. 
Lifespan:  Lifespan  weeds can live for more than two years and are often found in uncultivated places. They can  
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kill seeds, underground stems, roots, rhizomes, tubers, and other plant parts. Ecological affinities: These weeds 
are cultivated for a variety of purposes, and in semi-aquatic conditions, they germinate as seeds. The most 
frequently studied topic for enhancing crop productivity and controlling weeds is agricultural mechanization [10, 
11]. An essential component of the intelligent sprayer system for boosting agricultural output is the classification 
of weed plants [12]. Agricultural pesticides provide advantages like enhanced agricultural yield, but they can 
also have harmful effects on human health and the environment [13, 14]. Precision farming equipment is 
necessary to prevent the overuse of herbicides and pesticides [15, 16]. 
Weed identification is a fascinating area of study for data scientists, and many machine learning-based 
techniques have been reported [17]. Numerous studies use computer vision algorithms to identify and categorize 
weed and agricultural plants [18, 19]. There are a lot of hand-crafted, deep learning-based models that have 
contributed a lot to the literature [20–25]. 
There have been many different classification approaches for weeds, such as colour categorization techniques for 
identifying perennial weeds [18], Sugar beet plants and weeds may be distinguished using a deep convolutional 
neural network (DNN), CNN-based technique[29],  Gabor wavelets and neural networks [31], Kalman filter 
[32], artificial neural networks and decision trees, hyper spectral imaging with wavelet analysis [34], supported 
by Skovsen et al. [39], among others To identify weeds, Tang et al. [40] combined a K-Means feature with CNN. 
Tang et al. [40] used CNN's K-Means function to identify weeds. Support vector machines and artificial neural 
networks were presented by Adel et al. [41] in order to identify weed plants using shape-features. 
These techniques have produced astounding results and shown tremendous progress in the agricultural industry. 
To increase the categorization accuracy of the weed plants, however, efficient and sophisticated classification 
methods are needed. Categorization of weeds is particularly challenging since, during late growth stages, the 
leaves of crops and weeds frequently overlap [41]. In this study, a deep learning-based hybrid approach made up 
of CNN and LSTM is employed to identify and classify weed species. The D-CNN-main LSTM's objective is to 
develop a self-learning system for weed species classification accuracy improvement by learning characteristics. 

A. Techniques for Classifying Weeds 
Long short-term memory (LSTM) and convolutional neural networks (CNN) models are suggested in a recent 
research study for the categorization of weed plants. The suggested paradigm consists of three main steps. With 
CNN as the first step in feature capture, LSTM as the second step, and fully linked layers as the third, the 
features are produced. The subsections that follow go into further detail. 

Convolutional Neural Network (CNN) 
Deep neural networks (DNNs) are networks of neurons connected by weighted edges. Each edge and neuron is 
given an activation value and weight respectively. The three core elements of CNN are the convolution layer, 
max-pooling layer, and fully connected layer. Convolution layers are one of the CNN's activities, can carry out a 
convolution operation on an array of data and pooling algorithms. In addition, a rectified linear unit serves as an 
activation function (ReLU). CNN models' capacity to automatically extract characteristics, in particular, expands 
the breadth of research applications for which they can be used [42]. Modern deep CNN models that have been 
successfully used in numerous fields include ResNet-50, GoogLeNet [43], Inception-v3, ResNet-50 [44], Alex 
Net and VGGNets [46]. These are just a few examples. In 2012, Comparing AlexNet to earlier models, 
classification error rates was much lower [42]. In order to drastically reduce the error rate, the winning technique 
(GoogLeNet) was used as an upgraded model in 2014 [43]. The CNN model's layers include: 
Convolution Layer: The convolutional layer, which creates new images called feature maps, is the primary layer 
of CNN. Figure 1 depicts the general architecture of CNN models. The feature map emphasizes the distinctive 
elements of the original image. When a 2D input picture of a weed plant is used, such as a matrix A n1n2 and the 
clean matrix X m1m2, where m1 n1 and n2 m2, the matrix B = A X is produced because of the 2D convolution 
of A with X and may be characterized mathematically as: 
 

m   n  
H = A ∗ X → Hi,j = ∑ ∑ Ai+k−1,j+l−1Xk,l -- (1) 

k=1 
l=1 

Pooling Layer:  The image's size is decreased by the pooling layer by combining nearby pixels in a particular 
area of the image into a single representative value. Mean pooling or max-pooling are the two most popular 
types of pooling layer. In this study, max pooling is used, and its mathematical definition is: 
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Hi,j = max{Ai+k−1,j+l−1∀1 ≤ k ≤ m and 1 ≤ l ≤ m}-(2) 

 
Figure 1. Deep learning algorithms for weed identification 

Long-Term Short Memory (LSTM) 
In this article, weed plant characteristics are extracted using the peephole LSTM model. W and b are the model 
parameters, the sigmoid function is taken into account, and gt is the nonlinear transformation of the inputs. The 
internal state of the LSTM component is stored in memory cell ct (where t denotes step time), with the LSTM's 
inputs and outputs being represented by xt and ht, respectively. The input gate it, output gate ot, and forget gate 
ft are three additional gates in the LSTM. The mathematical formulation of the LSTM approach is as follows: 

it  =  σ(Xi[ht−1, xt, ct−1] + bi) 
ft  = σ(Xf[ht−1, xt, ct−1] + bf) 
ot = σ(Xo[ht−1, xt, ct−1] + bo) 
gt  =  tanh(Xo[ht−1, xt] + bg) 

ct = ft ⊙ ct−1 + it ⊙ gt 
ht = ot ⊙ tanh(ct) 

Here ‘⊙’ denotes the Hadamard product. The memory cell is the essential idea in an LSTM network it enables 
long-range dependency learning from input sequences and state storage across time. 

II. PROPOSED ALGORITHM 

The proposed algorithm is CNN-LSTM; it is combination of CNN and LSTM algorithms results in outstanding 
weed plant classification accuracy. In a wide range of applications, pre-trained DL networks are frequently used. 
This is also a typical technique in the DL field. In this study, we created a weed classification system that we 
trained using information from more than 17,000 weed plants. The DL is made up of multiple layers, including a 
batch normalizing layer and a convolution layer. The max-pooling layer, rectified linear unit layer, LSTM layer, 
and soft-max layer were used to categorize the weeds. This strategy is seen in Figure 2. 
Initially, the recommended CNN-LSTM based design had four convolutional layers. The first convolutional 
layer had a 1010 frequency-time filter. The second layer 99 filter, third layer 54 filters, and fourth layer 43 filters 
operate similarly. We employed batch normalization and adjusted linear units for each convolutional layer. 
Three different size-pooling layers are applied to each of the convolutional layers. A forget gate, a cell, an input 
gate, and an output gate comprise an LSTM unit. [49]. 
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The cell's primary function is to store data for arbitrary time intervals, and each of the three gates regulates the 
flow of information into and out of the cell. The four layers of the 32-unit LSTM network used in this study. The 
LSTM output data is modified using a flatten layer, which also acts as a communication link between the dense 
layers. 

 
Figure. 2 The suggested classifier is based on LSTM and CNN 

III. EXPERIMENTS 

A. Weeds Dataset 
An Australian research team initially compiled the dataset [50]. They gathered in various parts of northern 
Australia. To attain the requisite variety and generality of the dataset, they developed two key goals. First, the 
collecting of dissimilar crop species, which totals roughly 1,000 photos, aids in high-complexity CNN training if 
large labeled data sets are required. Second, divide them equally between positive and negative locations. By 
guaranteeing that targets can be distinguished from their natural backgrounds, it also helps prevent over-fitting 
existing models to scene-level visual features. Finally, professional analysis was required to each image 
regarding whether it contains a specific weed species or not. The name of the weed and representation is shown 
in Table 1, Figure 3 represents the weed plants and their distributions and Figure 4 represents the images of the 
weed plants. 
During the training and validation process, over fitting has been reduced by using the data augmentation 
technique [51]. A technique for creating more training and validation data from the present data collection is 
called data augmentation. The data augmentation technique included the use of flipping, color rotating, zooming, 
horizontal and vertical shift, modifying the brightness level, and cropping to create new weeds photographs for 
the training set. (OpenCV) and another deep learning algorithm have been applied as augmentation. For instance, 
Fig. 5 displays the virtual, randomly created graphics. The range now lies between [0.8, 1.2] after each picture 
has been zoomed at random by +/-20%. In the +/-360° range, rotation augmentation has been done at random. 
Each image's colour has been randomly changed by +/-20%. The picture data contains a Boolean horizontal or 
vertical flip parameter that indicates the flip augmentation. Each picture has been shifted roughly both vertically  
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TABLE I. WEED PLANTS REPRESENTATIONS 

 

 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Figure 3. Weed plants and their distributions  

and horizontally [-0.5, 1] thanks to shift augmentation, which involves shifting all of the pixels in a picture in 
one direction, such a horizontal or vertical shift. 

 
 

 

Name of Weed Representation 

Chinee apple W1 

Snakeweed W2 

Prickly acacia W3 

Lantana W4 

Parthenium W5 

Parkinsonia W6 

Negatives W7 

Siam weed W8 

Rubber vine W9 
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Figure 4. (1) Chinee apple, (2) Snakeweed (3) Prickly Acacia (4) Lantana (5) Parthenium, 
(6) Parkinsonia (7) Negatives (8) Siam weed 

(9) Rubber wine 
The image is randomly brightened, darkened, or both as part of the brightness augmentation process. Brightness 
enhancement has been used in this study between [0.5, 1.5]. Each image in this experiment has its dimensions 
randomly reduced from 256 by 256 to 224 by 224. 

 
Figure 5. Training Actual image (a) and the images were produced using the augmentation technique. (b) 

A deep learning network must learn and be validated at a certain learning rate. This study used an finding the 
best learning rate to maximize the effectiveness of the learning process. The optimizer may exceed its target 
value if the learning rate is too high or become wickedest divergent, and if it is too low, the optimization process 
takes longer to learn.The effectiveness of the model was evaluated using the 5-fold cross-validation technique. 
The data sets were divided into two groups, with 40% used for validation and 60% utilized for training. Each of 
the five epochs is used to train the model 30 times, and each training and validation's accuracy of validation is 
reported. The HP computer with the following specifications was used in the test: Intel(R) Core TM i5-4790 
CPU, Windows 64-bit OS and 16GB RAM. 

IV. RESULTS AND DISCUSSION 

We used an amalgamation of CNN and LSTM techniques to categorize the weeds shown in Table 1 by using 
their characteristics. Table 2 displays the outcomes of the suggested technique. It explains how accurately each 
weed is classified. The obtained results are encouraging because, with the exception of negative weeds, their 
average classification accuracy is greater than 98%. We reached 100% accuracy in two weed scenarios, 
Parkinsonia and Prickly acacia. It demonstrates how effective the suggested method is in accurately classifying 
weeds. The reason for this is because while CNN gives features from the data sets, LSTM assists in producing 
textual descriptions from picture data sets. Additionally, LSTM interpreters are highly effective in classifying the 
weed data sets, as is this ensemble technique. The findings give us the notion that all weeds must be categorized 
for better agricultural performance. 
The use of deep learning techniques on agricultural data sets will aid in the development of farm supervision 
systems with true AI systems, offering solid recommendations and insights for increasing agricultural crop 
production and protecting them from undesirable crops that could lower crop productivity. 
Although the model iterates repeatedly in this case, the categorization rate was established after the 90th 
iteration. Here we used the 5-fold cross-validation technique mendacity at the counselled system, as illustrated in 
Figure. 6 and Figure.7, to track training and validation progress. The CNN and LSTM models are anticipated to 
be even more common on farm data sets in the future, improving productivity. 
The suggested work has some drawbacks, including the need for high-end calculation time on both methods with 
or without augmentation due to large data sets. To get around this, we advise the prospective researcher to divide 
the data set into epochs before training it, then use each time as a training set to verify the classification 
accuracy. Where a different prediction model will be produced for each period. 
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TABLE II. THE CLASSIFICATION ACCURACY OF NINE WEEDS PLANTS CONFUSION MATRIX 

Name W1 W2 W3 W4 W5 W6 W7 W8 W9 
W1 99.3 0.02 0 0.1 0 0.3 0.5 0.09 1.01 
W2 0.13 99.2 0 0.01 0 0 0.3 0.03 0.03 
W3 0.01 0.02 100 0.02 0 0 0.04 0 0 
W4 0 0.01 0 99.8 0 0.1 0.06 0.03 0.01 
W5 0.2 0.03 0 0.03 100 0 0.03 0 0.53 
W6 0.1 0.05 0 0 0 99.4 0.01 0.4 0.14 
W7 0.02 0.21 0 0 0 0 99 0 0.03 
W8 0.23 0.06 0 0.04 0 0 0.02 99.4 0.15 
W9 0.01 0.4 0 0 0 0.2 0.04 0.05 98.1 

Average 
(%) 99.3 99.2 100 99.8 100 99.4 99 99.4 98.1 

 

  
Figure. 6   The proposed CNN-LSTM method Classification Error 

Figure 7. Validation and training accuracy of the proposed CNN-
LSTM method 

 
A. Performance Comparison 
In order to justify the proposed method, the recorded findings are compared against recently revealed 
methodologies using the same data sets. The results of the comparison are displayed in Table 3. The nine weed 
plants were classified using the Inception-v3 model, with an average classification accuracy of 95.1%. Nine 
weed plants were used to test the ResNet-50 deep learning model, with an average accuracy of 95.7% [50]. The 
suggested strategy outperforms Both testing methods using Inception-v3 and ResNet-50 need data augmentation 
as shown in Table 3. A workable method for improving the dataset and network performance in weed data 
categorization is offered by the augmentation strategy. As a result, we carried out research both with and without 
augmented data. The reported accuracy of with data augmentation is 99.36%, and without data augmentation is 
96.06 %, as shown in Table 3 and Figure 8.While the classification accuracy is somewhat greater without data 
augmentation, the proposed strategy performs better with it. However, we think that there is space for 
improvement in categorization when studies are carried out without enhancement findings. 

TABLE III. COMPARISON OF CLASSIFICATION ACCURACY (%) THE WEED PLANTS WITH THE CURRENT APPROACHES 

Name of the 
Weed 

Inception-
v3 

ResNet-50 The Proposed Method 
With 

Augmentation 
Without 

Augmentation Chinne Apple 85.3 88.5 99.3 97.3 
Snake weed 88 88.8 99.4 93.9 

PricklyAcacia 92.8 95.5 100 96.4 
Lantana 94.4 95 99.2 95.5 

Parthenium 94.9 95.8 99.8 98.1 
Parkinsonia 96.8 97.2 100 97.7 
Nagatives 97.2 97.6 98.1 95.2 
Siamweed 97.6 96.5 99 94.8 

Rubberwine 93.1 92.5 99.4 95.7 
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Figure 8. Comparisons between outcomes with and without augmentation 

V. CONCLUSIONS 

In this study, a novel system based on convolutional LSTM was created for the classification of weed plants. 
Although a number of approaches based on computer vision have been put forth for classifying plants, this 
research area still needs sophisticated and automatic classifiers. The suggested method delivers excellent weed 
plant identification and categorization capabilities. The algorithms have been put to the test in a number of trials, 
and the results point to the proposed schemes as being a significantly better categorization method. For weed 
plant identification, commercial solutions are also required. Commercial robotic-based solutions for weed 
identification and pesticide application will be developed in the future. 

REFERENCES 

[1] N. Unies, World population prospects: the 2015 revision: key findings and advance tables. UN, 2017. 
[2] J. Bruinsma, World agriculture: towards 2015/2030: an FAO study. Routledge, 2017. 
[3] R. L. Zimdahl, "Chapter 3 - Weed Classification," in Fundamentals of Weed Science (Fifth Edition), R. L. Zimdahl Ed.: 

Academic Press, 2018, pp. 47-60. 
[4] C. J. Lowry and R. G. Smith, "Chapter 5 - Weed Control Through Crop Plant Manipulations," in Non-Chemical Weed 

Control, K. Jabran and B. S. Chauhan Eds.: Academic Press, 2018, pp. 73-96. 
[5] R. L. Zimdahl, "Chapter 2 - Weeds: The Beginning," in Fundamentals of Weed Science (Fifth Edition), R. L. Zimdahl 

Ed.: Academic Press, 2018, pp. 17-46. 
[6] A. Wang, W. Zhang, and X. Wei, "A review on weed detection using ground-based machine vision and image processing 

techniques,"Computers and electronics in agriculture, vol. 158, pp. 226-240, 2019. 
[7] J. C. Caseley, G. Cussans, and R. Atkin, Herbicide resistance in weeds and crops. Elsevier, 2013. 
[8] H. J. S. Finch, A. M. Samuel, and G. P. F. Lane, "5 - Weeds of farm crops," in Lockhart & Wiseman’s Crop 

Husbandry Including Grassland (Ninth Edition), H. J. S. Finch, A. M. Samuel, and G. P. F. Lane Eds.: Woodhead 
Publishing, 2014, pp. 92-118. 

[9] P. Bàrberi, "Chapter Four - Ecological weed management in Sub-Saharan Africa: Prospects and implications on other 
agroecosystem services," in Advances in Agronomy, vol. 156, D. L. Sparks Ed.: Academic Press, 2019, pp. 219-264. 

[10] H. P. F. Curfs, "Systems development in agricultural mechanization with special reference to soil tillage and weed 
control: a case study for West Africa," Veenman, 1976. 

[11] J.-g. LI, Z.-l. LIU, J.-g. ZHANG, H.-w. LI, X.-l. ZHANG, and J.-w. ZHAO, "Review of Mechanical Weeding 
Technique in Field at Home and Abroad [J]," Journal of Agricultural Mechanization Research, vol. 10, 2006. 

[12] P. F. P. Barbosa et al., "Voltammetric Techniques for Pesticides and Herbicides Detection-an Overview," Int. J. 
Electrochem. Sci,vol. 14, pp. 3418-3433, 2019. 

[13] C. Botías, K. Basley, E. Nicholls, and D. Goulson, "Impact of pesticide use on the flora and fauna of field margins and 
hedgerows,"The Ecology of Hedgerows and Field Margins, p. 90, 2019. 

[14] E. R. Haramoto and R. Pearce, "Cover Crop Termination Treatment Impacts Weed Suppression Potential," Weed 
Science, vol. 67, no. 1, pp. 91-102, 2019. 

[15] H. I. Morrison, K. Wilkins, R. Semenciw, Y. Mao, and D. Wigle, "Herbicides and cancer," JNCI: Journal of the 
National Cancer Institute, vol. 84, no. 24, pp. 1866-1874, 1992. 

[16] S. Patel and S. Sangeeta, "Pesticides as the drivers of neuropsychotic diseases, cancers, and teratogenicity among agro-



 
1387 

workers as well as general public," Environmental Science and Pollution Research, vol. 26, no. 1, pp. 91-100, 2019. 
[17] K. Liakos, P. Busato, D. Moshou, S. Pearson, and D. Bochtis, "Machine learning in agriculture: A review," Sensors, vol. 

18, no. 8, p. 2674, 2018. 
[18] M. G. Forero Vargas, S. Herrera-Rivera, J. Ávila-Navarro, C. A. Franco, J. Rasmussen, and J. Nielsen, "Color 

Classification Methods for Perennial Weed Detection in Cereal Crops," 2019. 
[19]  A. Olsen, S. Han, B. Calvert, P. Ridd, and O. Kenny, "In situ leaf classification using histograms of oriented 

gradients," in 2015 International Conference on Digital Image Computing: Techniques and Applications (DICTA), 
2015: IEEE, pp. 1-8. 

[20]  S. H. Lee, C. S. Chan, P. Wilkin, and P. Remagnino, "Deep-plant: Plant identification with convolutional neural 
networks," in 2015 IEEE International Conference on Image Processing (ICIP), 2015: IEEE, pp. 452-456. 

[21] S. H. Lee, C. S. Chan, S. J. Mayo, and P. Remagnino, "How deep learning extracts and learns leaf features for plant 
classification,"Pattern Recognition, vol. 71, pp. 1-13, 2017. 

[22] C. Kalyoncu and Ö. Toygar, "Geometric leaf classification," Computer Vision and Image Understanding, vol. 133, pp. 
102-109, 2015. 

[23]  N. Kumar et al., "Leafsnap: A computer vision system for automatic plant species identification," in European 
Conference on Computer Vision, 2012: Springer, pp. 502-516. 

[24]  S. G. Wu, F. S. Bao, E. Y. Xu, Y.-X. Wang, Y.-F. Chang, and Q.-L. Xiang, "A leaf recognition algorithm for plant 
classification using probabilistic neural network," in 2007 IEEE international symposium on signal processing and 
information technology, 2007: IEEE, pp. 11-16. 

[25] A. dos Santos Ferreira, D. M. Freitas, G. G. da Silva, H. Pistori, and M. T. Folhes, "Weed detection in soybean crops using 
ConvNets,"Computers and Electronics in Agriculture, vol. 143, pp. 314-324, 2017. 

[26] A. Farooq, J. Hu, and X. Jia, "Analysis of Spectral Bands and Spatial Resolutions for Weed Classification Via Deep 
Convolutional Neural Network," IEEE Geoscience and Remote Sensing Letters, vol. 16, no. 2, pp. 183-187, 2019. 

[27]  M. D. Bah, E. Dericquebourg, A. Hafiane, and R. Canals, "Deep learning based classification system for identifying 
weeds using high-resolution UAV imagery," in Science and Information Conference, 2018: Springer, pp. 176-187. 

[28] A. Kamilaris and F. X. Prenafeta-Boldú, "Deep learning in agriculture: A survey," Computers and electronics in 
agriculture, vol. 147, pp. 70-90, 2018. 

[29]  A. Milioto, P. Lottes, and C. Stachniss, "Real-time semantic segmentation of crop and weed for precision agriculture 
robots leveraging background knowledge in cnns," in 2018 IEEE International Conference on Robotics and Automation 
(ICRA), 2018: IEEE, pp. 2229-2235. 

[30] A. J. Ishak, A. Hussain, and M. M. Mustafa, "Weed image classification using Gabor wavelet and gradient field 
distribution,"Computers and Electronics in Agriculture, vol. 66, no. 1, pp. 53-61, 2009. 

[31] L. Tang, L. Tian, B. Steward, and J. Reid, "Texture-based weed classification using Gabor wavelets and neural network 
for real-time selective herbicide applications," Transactions of the American Society of Agricultural Engineers, vol. 99, 
p. 7035, 1999. 

[32] B. Southall, T. Hague, J. A. Marchant, and B. F. Buxton, "An autonomous crop treatment robot: Part I. A Kalman filter 
model for localization and crop/weed classification," The international journal of robotics research, vol. 21, no. 1, pp. 
61-74, 2002. 

[33] P. K. Goel, S. O. Prasher, R. M. Patel, J.-A. Landry, R. Bonnell, and A. A. Viau, "Classification of hyperspectral data by 
decision trees and artificial neural networks to identify weed stress and nitrogen status of corn," Computers and 
Electronics in Agriculture, vol. 39, no. 2, pp. 67-93, 2003. 

[34] H. Okamoto, T. Murata, T. Kataoka, and S. I. HATA, "Plant classification for weed detection using hyperspectral 
imaging with wavelet analysis," Weed Biology and Management, vol. 7, no. 1, pp. 31-37, 2007. 

[35] C. Pulido, L. Solaque, and N. Velasco, "Weed recognition by SVM texture feature classification in outdoor vegetable 
crop images,"Ingeniería e Investigación, vol. 37, no. 1, pp. 68-74, 2017. 

[36]  I. Ahmad, M. H. Siddiqi, I. Fatima, S. Lee, and Y.-K. Lee, "Weed classification based on Haar wavelet transform via 
k-nearest neighbor (k-NN) for real-time automatic sprayer control system," in Proceedings of the 5th International 
Conference on Ubiquitous Information Management and Communication, 2011: ACM, p. 17. 

[37] F. Ahmed, A. Bari, E. Hossain, H. A. Al-Mamun, and P. Kwan, "Performance analysis of support vector machine and 
bayesian classifier for crop and weed classification from digital images," World Applied Sciences Journal, vol. 12, no. 4, 
pp. 432-440, 2011. 

[38] W. Strothmann, A. Ruckelshausen, J. Hertzberg, C. Scholz, and F. Langsenkamp, "Plant classification with In-field-
labeling for crop/weed discrimination using spectral features and 3D surface features from a multi-wavelength laser line 
profile system," Computers and Electronics in Agriculture, vol. 134, pp. 79-93, 2017. 

[39]  S. Skovsen, M. Dyrmann, J. Eriksen, R. Gislum, H. Karstoft, and R. N. Jørgensen, "Predicting Dry Matter 
Composition of Grass Clover Leys Using Data Simulation and Camera-based Segmentation of Field Canopies into 
White Clover, Red Clover, Grass and Weeds," in International Conference on Precision Agriculture, 2018: International 
Society of Precision Agriculture. 

[40] J. Tang, D. Wang, Z. Zhang, L. He, J. Xin, and Y. Xu, "Weed identification based on K-means feature learning 
combined with convolutional neural network," Computers and Electronics in Agriculture, vol. 135, pp. 63-70, 2017, 
doi: 10.1016/j.compag.2017.01.001. 

[41] A. Bakhshipour and A. Jafari, "Evaluation of support vector machine and artificial neural networks in weed detection 



 
1388 

using shape features," Computers and Electronics in Agriculture, vol. 145, pp. 153-160, 2018, doi: 
10.1016/j.compag.2017.12.032. 

[42]  A. Krizhevsky, I. Sutskever, and G. E. Hinton, "Imagenet classification with deep convolutional neural networks," in 
Advances in neural information processing systems, 2012, pp. 1097-1105. 

[43]  C. Szegedy et al., "Going deeper with convolutions," in Proceedings of the IEEE conference on computer vision and 
pattern recognition, 2015, pp. 1-9. 

[44] K. He, X. Zhang, S. Ren, and J. Sun, "Deep Residual Learning for Image Recognition," presented at the 2016 IEEE 
Conference on Computer Vision and Pattern Recognition (CVPR), 2016. 

[45]  C. Szegedy, V. Vanhoucke, S. Ioffe, J. Shlens, and Z. Wojna, "Rethinking the Inception Architecture for Computer 
Vision," in 2016 IEEE Conference on Computer Vision and Pattern Recognition (CVPR), Las Vegas, NV, USA, 27-30 
June 2016 2016, pp. 2818- 2826, doi: 10.1109/CVPR.2016.308. 

[46] K. Simonyan and A. Zisserman, "Very deep convolutional networks for large-scale image recognition," arXiv preprint 
arXiv:1409.1556, 2014. 

[47] H. Jie, S. Li, S. Albanie, S. Gang, and E. Wu, "Squeeze-and-Excitation Networks," vol. PP, no. 99, pp. 1-1, 2017. 
[48] U. B. Baloglu, M. Talo, O. Yildirim, R. San Tan, and U. R. Acharya, "Classification of myocardial infarction with 

multi-lead ECG signals and deep CNN," Pattern Recognition Letters, vol. 122, pp. 23-30, 2019. 
[49] O. Yildirim, U. B. Baloglu, R.-S. Tan, E. J. Ciaccio, and U. R. Acharya, "A new approach for arrhythmia classification 

using deep coded features and LSTM networks," Computer methods and programs in biomedicine, vol. 176, pp. 121-
133, 2019 

[50] A. Olsen et al., "DeepWeeds: A Multiclass Weed Species Image Dataset for Deep Learning," Scientific reports, vol. 9, 
no. 1, p. 2058, 2019. 

 

 

 
 

 


