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Abstract
The rapid advancement of artificial intelligence (AI), coupled with the utilization of aerial images from Unmanned Aerial Vehicles (UAVs), presents

a significant opportunity to enhance precision agriculture for crop classification. This is vital to meet the rising global food demand. In this study,

the effectiveness of 8-layer AlexNet, a Convolutional Neural Network (CNN) variant was investigated for automatic crop classification. A DJI Mavic

UAV was employed to capture high-resolution images of a mixed-crop farm while adopting an iterative training approach for both AlexNet and

the conventional CNN model. Comparison based on performance was done between these models across various training epochs to assess the

impact  of  training  epochs  on  the  model's  performance.  Findings  from  this  study  consistently  demonstrated  that  AlexNet  outperformed  the

conventional  CNN throughout all  epochs.  The conventional  CNN achieved its  highest performance at  60 epochs,  with training and validation

accuracies of 62.83% and 46.98%, respectively. In contrast, AlexNet reached peak training and validation accuracies of 99.25% and 71.81% at 50

epochs but  exhibited a  slight  drop at  60 epochs due to overfitting.  Remarkably,  a  strong positive correlation between AlexNet's  training and

validation  accuracies  was  observed,  unlike  in  the  conventional  CNN.  The  research  also  highlighted  AlexNet's  potential  to  generalize  its  crop

classification accuracy to datasets beyond its training domain, with a caution to implement early stopping mechanisms to prevent overfitting.

The findings of this study reinforce the role of deep learning and remotely sensed data in precision agriculture.
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 Introduction

By  2030,  global  population  growth  is  expected  to  have
grown close to  9  billion,  and this  will  consequentially  increase
global  demand  for  food[1].  Unfortunately,  destructive  natural
disasters  such  as  floods  and  drought,  and  climate  change
impacts  are  gradually  becoming huge threats  to  food security
on  local  and  national  scales[2].  Hence,  to  ensure  food  security,
there  is  a  need  to  have  timely  and  reliable  information  about
the location,  health,  extent,  type,  and yield  of  crops[3−5].  Accu-
rate  and  timely  crop  classification  can  produce  basic  data  for
various  applications  required  for  sustaining  adequate  food
production. This includes forecasting of crop yield, assessment
of food security, and crop area estimation.

Crop  classification,  an  integral  part  of  precision  agriculture,
consists of the identification of different crop types planted on
an  agricultural  farmland.  In  precision  agriculture,  crop  classi-
fication  is  necessary  for  automated  crop  health  and  growth
monitoring,  precision  fertilization,  yield  estimation,  and
prediction[6,7].  Unlike  the  manual  and  physical  contact
approaches  (expert  estimation)  of  identifying  and  classifying
crop  types  on  a  farmland,  automated  crop  classification  using
remote  sensing-based  technologies  reduces  time  and  labour
costs and has higher accuracies[8,9].

The  recent  evolution  of  Remote  Sensing  (RS)  involving  the
introduction of Unmanned Aerial Vehicles (UAVs) for earth and
environmental  studies  has  brought  about  notable  advance-
ment  in  scientific  studies,  especially  in  the  field  of  precision

agriculture[10].  The  use  of  this  technology  has  proved  very
beneficial by providing significant results for periodic and accu-
rate  croplands  monitoring,  extraction  of  information  about
crop  phenology,  crop  health,  crop  types,  and  yield  estimation
over small and large areas[11−13].

Hyperspectral  and  multispectral  remote  sensing  has  been  a
popular  technique  for  classifying  crops  in  recent  years  due  to
the fine spectral response to crop attributes[14]. Different analy-
tical and experimental approaches have been used by different
authors  for  achieving  this  aim.  Using  time-series  UAV  images,
some  studies  utilized  vegetation  index  to  recognize  and  clas-
sify crop planting area and vegetation[15,16]. More sophisticated
methods  involving temporal  feature  extraction approach such
as  pre-defined  mathematical  models  are  also  used  in  various
crop  classification  studies  involving  the  use  of  UAV  images[17].
Using these approaches based on temporal feature extraction,
remarkable  performance  in  crop  classification  has  been
recorded. However, most of the studies indicated some imper-
fections that hampered the reliability of the outputs. Generally,
these  approaches  usually  rely  on  expert's  experience  and
domain  knowledge  which  often  lead  to  information  loss,  and
hence,  limit  the  reliability  of  feature  extractors  and  effective-
ness of the crop classification processes[18,19].

The  concept  of  artificial  intelligence  (AI)  in  image  classifica-
tion  and  automatic  feature  identification  and  extraction  is
developing and becoming an important method in a variety of
disciplines[20,21]. Machine Learning (ML) and Deep Learning (DL)
are two major interwoven parts of artificial intelligence, and are
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also  referred  to  as  Machine  Intelligence  (MI),  has  recently
become research topical in many fields concerned with obtain-
ing  highest  possible  accuracy  for  an  effective  and  informed
decision-making[22].  Though,  there  is  a  very  thin  line  between
ML  and  DL,  various  studies  have  distinguished  their  approach
of  application.  ML  algorithms  have  excellent  generalization
strength  and  are  mostly  compatible  for  tackling  nonlinear
problems[17].  Based  on  their  manageable  degree  of  accuracy,
studies  such  as  the  one  by  Lu  et  al.[23] employed  both  pixel-
based  and  image-based  K-Nearest  Neighbour  (KNN)  algo-
rithms  combined  with  Landsat-8  images  to  classify  different
land  cover  types  in  China.  The  results  of  the  study  revealed
about  90%  classification  accuracy.  To  achieve  better  accuracy
Juan et  al.[24] recommended stacking of  multiple ML classifiers
as  this  can  produce  a  higher  advantage  in  crop  classification.
Based  on  these  ensemble  classifications,  Löw  et  al.[25] inte-
grated  random  forest  and  SVM  models  for  mapping  multiple
crops  in  Uzbekistan.  The  study  involved  analyzing  multispec-
tral  remotely  sensed  images  and  the  mapping  using  these
models  yielded  an  accuracy  of  approximately  95%,  exemplify-
ing  the  possibility  of  achieving  higher  classification  accuracy
when models are combined compared to when a single classi-
fier is used. Other studies have also evaluated the performance
of  various  ML  models  for  classifying  different  crops  on  large
and  small  extent  of  land[26−28].  Efficiency  of  ML  algorithms  for
classifying  different  crops  is  hampered  by  many  factors.  For
example, classical ML algorithms such as Random Forest,  KNN,
and SVM depend on feature selection where there is a need to
design  feature  extractors  which  mostly  perform  optimally  on
small  databases but fail  on larger and varied data[8].  Also, inte-
grating  these  algorithms  makes  computation,  training,  and
other  processes  more  cumbersome,  consuming  more  storage
space,  and  often  requires  sophisticated  computer  systems  for
implementation.

On  the  other  hand,  DL  algorithms  are  recognized  as  a  reli-
able  approach for  analysing remote sensing data  such as  UAV
images[29].  In  classification  studies,  remote  sensing  data  has
become  highly  relevant  by  greatly  benefiting  from  DL  algo-
rithms due to their flexibility in feature automation, representa-
tion via end-to-end  procedure,  and  automatic  feature  extrac-
tion[30,31].  Based  on  these  unique  characteristics,  DL  models
(different networks and structures)  have been utilized for crop
type mapping/classification and crop yield monitoring.

Convolutional  Neural  Networks  (CNN)  is  one  of  the  most
popular  and  utilized  DL  networks[32−34].  Recently,  because  of
CNN,  DL  has  become  more  popular.  Compared  to  earlier
modeling systems, the conventional CNN automatically detects
significant features without human supervision which makes it
more  popularly  used  or  implemented[35].  Conventional  CNN-
architecture  consists  of  three  layers  which  are  the  convolve
layer, Rectified Linear unit (ReLu), and pooling layer[36]. Its major
role is  to track and capture data having similar  features to the
conventional  feed-forward  neural  network.  Each  image  is
submitted through the layers until a loss function is achieved at
the top layer[37].  Feature extractions from an image are usually
performed  by  using  image  patches  and  filters  that  progress
over the input image in the convolve layer.

Many studies have employed conventional CNN architecture
for  classification  studies.  For  example,  Zhao  et  al.[38] assessed
five different DL models for  classifying croplands.  The findings
of  the  study  show  the  high  effectiveness  of  1-D  CNN  for

classifying  crops.  Ji  et  al.[39] developed  a  3-D  CNN  model  for
automatically classifying crops using spatio-temporal remotely
sensed  images.  The  developed  network  was  fine-tuned  using
an  active  learning  technique  for  increasing  the  labeling  accu-
racy. Comparing the outputs of the study with a 2-D CNN classi-
fier,  the  findings  established  that  the  proposed  classifier
performed  efficiently  and  with  higher  accuracy.  Generally,
previous studies have established that DL models having CNN-
based architectures yield high accuracy for image classification
and object  detection (which are  the  major  ingredient  for  crop
type classification[40,41]. Such algorithms or models make use of
convolutional filters on an image to extract important features
for  understanding the object  of  interest  in  the image with the
help of  convolutional  operations  covering key properties  such
as  local  connection,  parameters  (weight)  sharing,  and  transla-
tion  equi-variance[42].  Pandey  and  Jain [43]presented  a  new
conjugated dense CNN (CD-CNN) algorithm having a new acti-
vation  function  tagged  SL-ReLU  for  multiple  crop  calibration
from  UAV-captured  RGB  images.  The  developed  CD-CNN  inte-
grates data fusion and feature map extraction process. SL-ReLU,
a dense block architecture served as an activation function for
the purpose of mitigating the chance of unbounded convolved
output  and  gradient  explosion.  The  proposed  CD-CNN
achieved a strong distinguishing capability from several classes
of crops. Experimental results show that the proposed module
achieved an accuracy of 96.2% for the used data. A recent study
by  Kalita  et  al.[44] also  established  the  possibility  of  obtaining
very  high  crop  type  classification  accuracy  (up  to  99%)  with
CNN-based  classifiers  using  UAV-acquired  images,  especially
when two or more of such models are combined (ensembled).

The  architecture  of  ML  models  is  a  vital  consideration  in
improving  their  performance  for  different  applications.  In  the
past  decades,  several  CNN  architectures  have  been  presented
as an improvement on the conventional CNN structure[45]. Such
modifications  of  the  conventional  architecture  include  para-
meter  optimizations,  structural  reformulation  and  regulation,
among  others.  Among  the  most  famous  conventional  CNN
modified models  include AlexNet,  a  high-resolution (HR)  three
dimensional  (in  the  context  of  input  data  structures)  CNN
model  variant  specifically  developed  for  image  classification
tasks, etc.[35].

AlexNet is an example of CNN-based model structures which
have  been  given  very  little  attention  for  image  classification
and  recognition,  especially  in  the  field  of  crop  type  classifica-
tion.  On  the  other  hand,  various  studies  have  established  the
smartness  and  effectiveness  of  AlexNet  in  recognizing  and
identifying  other  features  of  remotely  sensed  data.  Khan  et
al.[46] applied this  algorithm for classifying plant disease which
was  introduced  as  the  encoder  to  encode  an  image  into  a
compact representation as the graphical features. A prediction
model  CNN  was  selected  as  a  decoder  which  performed  the
plant  diseases  classification.  AlexNet  in  this  study  was  trained
using  stochastic  gradient  descent  which  makes  the  training
stage very easy. The output of the study revealed that AlexNet
is capable of detecting and recognizing rice diseases and pests
with an accuracy of over 96%. This makes the model an impor-
tant  advisory  or  early  warning  tool.  Also,  Pauline  et  al.[47]

applied AlexNet for classifying vegetation (including weed and
Chinese cabbage) to detect weeds for accurate smart spraying
solution.  This  study  used  UAV-acquired  images  which  were
pre-processed and subsequently segmented into crop, soil, and
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weed classes using simple linear iterative clustering super-pixel
algorithm.  These  segmented  images  were  subsequently  used
to  build  AlexNet  classifier.  The  accuracy  of  this  classification
was  assessed  by  comparing  it  with  the  output  from  Random
Forest classifier which established that the CNN-based classifier
achieved a higher overall accuracy (92.4%) than random forest
(86.2%).  Lv  et  al.[48] also  implemented  AlexNet  for  identifying
maize lead disease.

The  aim  of  this  study  is  to  assess  CNN-based  AlexNet's  per-
formance  for  crop  type  classification  and  identification  using
a  UAV  image  covering  a  mixed  small-scale  agricultural  farm.
Generally,  the  objectives  of  the  study  includes  the  acquisition
of  high  resolution  UAV  captured  images,  setting  up,  testing,
and  training  the  CNN-based  AlexNet  structure  using  seg-
mented pre-processed images. Though the aim of this study is
built around AlexNet, to assess the effectiveness of its classifica-
tion  process  (degree  of  success  and  error),  conventional  CNN
architecture was also implemented for crop type classification.
Therefore, this study also presents a comparative analysis of the
performance  of  the  conventional  CNN  and  AlexNet  model  for
crop classification.

 Methodology

The study involved the acquisition of  data,  preparation,  and
pre-processing  of  the  data,  analysis  and  performance  evalua-
tion  of  AlexNet  model.  The  preparation  and  pre-processing
stage  involved  in  building  the  AlexNet  and  CNN  architecture,
training  and  testing  the  dataset  while  the  results  and  analysis
stage  involved  comparison  between  CNN  and  the  AlexNet
model and efficiency evaluation of AlexNet's performance.

Figure  1 shows  a  schematic  layout  of  the  sequential
methods employed in this study.

 Study area
The area for this study is a 21-hectare mixed cropping farm-

land  situated  in  Garatu,  a  rural  community  within  the  Bosso
Local Government of Minna, Niger State, Nigeria. The farmland
is the property of the Federal University of Technology, Minna,
Nigeria.  Geographically,  it  falls  within  the  projected  coordi-
nates  of  1047238mN-1054988mN and 220424m-217077mE,  as
illustrated in Fig. 2.

Generally,  vegetation  type  in  the  study  area  is  classified  as
Guinea Savannah which is characterized by the presence of few
scattered trees and dense grass cover.  Annual  rainfall  distribu-
tion in the location represents a tropical wet and dry or savan-
nah climate (Aw). The district's yearly temperature is 33 °C and
it is 4.04% higher than Nigeria's average. The host local govern-
ment receives about 130.0 mm of precipitation and has 151.08
rainy days (about 42% of the time) annually.

Specifically, the 21-hectare mixed farm has five crops grown
on it: maize, groundnut, yam, cassava, and soyabeans.

 Data acquisition
Before the actual flight mission, 20 evenly distributed ground

control  points  were  established  across  the  study  area  –  this  is
known as pre-marking. A differential global positioning system
(DGPS)  receiver,  operating  in  a  real-time  kinematic  mode  was
used  for  the  control  establishment.  These  established  points
were marked with a white rectangular material for easy identifi-
cation on the captured images.

The actual image data acquisition was done with a DJI Mavic
quad-rotor  drone (Fig.  3)  equipped with a  12MP CMOS sensor
and an f/2.8 lens having a 35 mm equivalent focal length of 24
mm.  The  flight  mission  contains  parameters  such  as  flight
speed of 22 mph. An average ground sampling distance (GSD)
of 22.2 mm was designed into the flight plan to cover the study
region.  The  lower  the  GSD  of  a  flight  mission,  the  higher  the
resolution which has  a  direct  influence on the accuracy  of  the
study.  Other flight parameters include flying height of  30 m, 5
m/s as the average speed, while forward and end overlaps were
respectively  fixed  as  75%  and  65%  to  achieve  higher  image
conjugate accuracy. A total of 1,488 images were taken to cover
the  entire  area.  Dronedeploy  installed  on  a  smartphone  was
used  for  the  flight  planning  and  launch. Tables  1 and 2 show
the flight specifications and camera specifications, respectively.

 Data processing
 Software used

The software packages used in this study for data processing,
model  training,  and  implementation,  output  analysis  and
presentation are listed as follows:

(a) Agisoft Metashape: Used for orthorectification of acquired
UAV images.
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(b)  Kaggle:  CNN  and  AlexNet  models  were  developed
through source codes on kaggle online platform. These custom
source codes and available frameworks such as tensor flow and
keras  were  used  for  the  model's  learning  and  implementation
(transfer learning). The platform also yielded evaluation metrics
such  as  training  accuracy  and  loss,  validation  loss,  validation
accuracy.

 UAV image processing
Before feeding the AlexNet system with captured images for

training and implementation,  the raw images were first  ortho-
rectified. The ortho-rectification process in succession involved
the  computation  of  key  points  (using  shift-invariant  feature
transform  (SIFT)  model)  required  for  automatically  extracting
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Fig. 2    The study area in Garatu Minna, Niger State, Nigeria[28].

 

Fig.  3    DJI  Mavic  drone  (Source: https://dronelife.com/2018/01/
23/dji-mavic-air, Malek Murison).

 

Table 1.    Flight specifications.

Parameters Specifications Remark

Number of rotors 4 Indirectly ensures no omission/gap in captured images
GSD 22.2 mm This helped to achieve a better image resolution
Mission time 94:17 min This is the total time taken for the drone to take off, cover the area of interest and return back
Battery 4,000 mAh Capacity of the drone's battery – has a direct impact on cost and time of the flight
Flight direction −50 °C
Number of batteries used 6 The life cycle of a fully charged battery of the drone is less than 16 min, hence, six were used for

the flight
Flying altitude 30 m Selected to ensure desired high spatial resolution is achieved

Flying velocity 5 ms−1 Velocity set in agreement with the desired image quality
Flight date August, 2019
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conjugate  points  (similar  points  on  consecutive  and  over-
lapping  images)  and  computing  matches.  The  images  were
then  calibrated  before  proceeding  to  the  generation  of  point
cloud  mesh.  Generation  of  the  point  cloud  mesh  involved
bundle block adjustments (based on tie  points  and the identi-
fied  ground  control  points  on  the  images).  After  this,  the
orthophotos were then extracted. These ortho-rectified images
are subsequently referred to as photographs or images fed into
the ML systems.

 Data sorting and resampling
To  increase  the  accuracy  of  categorized  images  and  ensure

that  all  photographs  were  correctly  labeled,  individual  data
making up the acquired dataset were labeled automatically by
lines  of  self-developed  source  codes.  These  different  data
include images of the crops present in the sub-mapped area of
interest. The AlexNet layer's input image to be considered were
all  ensured  to  be  224  ×  224  pixels  in  size,  a  process  tagged
resampling.  As  a  result,  the batch size  was  set  to  32 and all  of
the  photographs  had  to  be  resized.  The  resampled  images
were made to undergo a series of operations including shifting,
shearing,  zooming,  and  flipping  to  have  a  refined  and  redun-
dant  version  of  the  images.  It  is  during  this  stage  that  image
feature  extraction  was  implemented  for  the  image  feature
extraction process.

 Model preparation
The structure of the AlexNet model was reassembled before

model  training.  This  included specifying some training-related
parameters  such  as  the  optimizer,  learning  rate,  and  metrics.
The fundamental  components  that  allow the network  to  work
on the data are the optimizer, cost, and loss functions. Adam is
the  optimizer  applied  to  this  model,  and  its  learning  rate  is
0.0001.  This  is  significant  for  our  investigation  since  it  boosts
training  accuracy  and  monitors  validation  loss  to  minimize
over-fitting.

 AlexNet and CNN: implementation architecture
The  basic  architecture  of  a  CNN  consists  of  several  layers,

including  convolutional,  pooling,  and  fully  connected  layers.
The input to a CNN is an image, which is fed into the first layer,
the convolutional layer. The convolutional layer applies a set of
filters to the input image to extract features, such as edges and
corners.  Convolutional filters are typically small  in size, such as
3  ×  3  or  5  ×  5,  and  slide  across  the  input  image  to  produce  a
feature map.

The output of the convolutional layer is then passed through
a  non-linear  activation  function,  such  as  Rectified  Linear  Unit
(ReLU),  which  introduces  non-linearity  to  the  model.  The
output of the activation function is then passed through a pool-
ing  layer,  which  reduces  the  spatial  dimensions  of  the  feature
map  while  retaining  the  most  important  features.  The  most

common  pooling  operation  is  max  pooling,  which  selects  the
maximum value within a small window.

The  deep  convolutional  neural  network  architecture  known
as AlexNet was developed in 2012 by Krizhevsky et al.[49]. It was
the  winning  submission  in  that  year's  ImageNet  Large  Scale
Visual  Recognition  Competition  (ILSVRC),  a  contest  to  assess
how  well  computer  vision  algorithms  performed  on  object
detection tasks.

Eight  layers  make  up  AlexNet,  comprising  three  fully  linked
layers  and  five  convolutional  layers.  It  was  trained  using  the
ImageNet  dataset,  which  comprises  more  than  one  million
photos divided into 1,000 different categories and has over 60
million  parameters.  AlexNet's  design  makes  use  of  dropout
regularization,  overlapping  pooling,  and  ReLU  as  activation
functions.  AlexNet  and  CNN  have  been  used  to  identify  and
classify crops in this study.

 Training process
Training of AlexNet requires a large amount of data to ensure

optimum  performance  of  the  training  and  consequentially
amplifies  the  accuracy  of  the  implementation  (classification)
stage.  Extraction  of  features  is  a  technique  used  to  extract
paramount  features  (usually  targeted  objects  or  different
features)  from  the  images,  providing  sufficient  and  required
amount  of  data  for  the  model  to  train  so  that  the  model  can
generalize unseen (which can be regarded as redundant or less
important features) data more effectively.

During the training stage, we examined the characteristics of
the two models (AlexNet and CNN) and their hyperparameters.
The training on the  graphics  process  unit  (GPU)  was  executed
for  30  epochs  which  is  the  number  of  cycles  or  times  each
dataset  was  used  iteratively  during  the  training  process.  In
other words,  this means that the model has gone through the
entire  dataset  30  times  with  each epoch updating its  parame-
ters to minimize possible errors in classification due to data loss
and hence, improve the accuracy of the training data. The train-
ing process took about 2.73 h over 30 epochs for 32 batches of
the  dataset.  In  a  bid  to  improve  and  assess  the  effect  of  the
training dataset on the classification accuracy, the process was
repeated for 40, 50, and 60 training epochs.

 AlexNet performance refinement
 Activation function

Activation  functions  help  the  neural  network  to  use  impor-
tant  datasets  while  irrelevant  ones  are  suppressed.  Further-
more,  activation functions decide whether  a  neuron has  to  be
activated or ignored. This implies that it will decide whether the
neuron's input to the network is important for the targeted aim
or not, in the process of prediction by performing some mathe-
matical  operations.  Generally,  there  are  three  types  of  activa-
tion functions; binary step function, linear, and non-linear acti-
vation function.

AlexNet  and  other  deep  neural  networks  must  have  activa-
tion  functions.  By  providing  the  network  with  non-linearity,
they  make  it  possible  for  it  to  model  complex  interactions
between  inputs  and  outputs.  Each  neuron  in  the  network
generates  an  activation  or  output  by  applying  the  activation
function to its output.

AlexNet makes use of  the ReLU activation function,  a  piece-
wise linear  function,  which has  become a well-liked choice for
DL networks.

 

Table 2.    Camera specifications.

Parameters Specifications

Model Mavic 1
Sensor 94:17 min
Resolution Sensor type CMOS
Resolution 1.0 cm/px
F-stop f/2.8
ISO 100
Focal length 3.5 mm
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Equation (1) is an expression of the ReLU function:

F (x) = max(0, x) (1)
where, x is  the  input.  By  interpretation,  it  means  that  the
activation  function  would  output  0  whenever  the  input  is  less
than 0 or yields the input for the next process if it is greater than 0.
The ReLU function is simple and computationally effective, and it
has been shown to work well  in practice.  This  was used for  fine-
tuning  the  performance  of  the  AlexNet  model  during
classification.

 Optimization function
The  optimization  function  used  by  AlexNet  is  stochastic

gradient  descent  (SGD),  a  popular  DL  optimization  technique.
Optimization attempts to minimize the loss function of a neural
network by shifting the weights of the network in the direction
of  the  loss  function's  negative  gradient.  After  calculating  the
gradient  of  the  loss  function  for  a  short  batch  of  training
samples, the weights of the network are changed using SGD, an
iterative  optimization  technique.  In  AlexNet,  momentum  is
incorporated  into  the  SGD  approach,  which  aids  in  accelerat-
ing convergence and reducing oscillations during the optimiza-
tion stage.  The momentum term increases  the  current  update
by  a  part  of  the  previous  update  by  accumulating  the  gradi-
ents from previous iterations. As a result, the updates are softer,
and  noisy  gradients  have  less  of  an  impact.  Another  adjust-
ment used in AlexNet is learning rate decay, which reduces the
learning rate over time to reduce overshooting the minimum of
the  loss  function.  This  is  crucial  because  a  high  learning  rate
might  result  in  the  optimization  process  diverging  or  oscillat-
ing  and  a  loss  function  for  a  neural  network  that  is  extremely
non-convex with lots of local minimums.

 Cost and loss function
The cost function is the objective function that AlexNet uses

to calculate the difference between the actual  class labels and
the predicted class probabilities. It deals with the entire dataset.
The cost function, which also instructs the optimization process
to  minimize  expenses,  is  used  to  evaluate  the  performance  of
the neural network.

On the other hand, the loss function estimates the error for a
single  data  point  and  not  for  the  entire  dataset.  AlexNet  uses
the  cross-entropy  loss  function.  Cross-entropy  is  a  measure  of
the difference between two probability distributions for a given
random  variable  or  set  of  events.  The  cross-entropy  loss
computes the discrepancy between the predicted class proba-
bilities and the actual class labels by averaging the logarithmic
losses  over  all  training  samples.  Mathematically,  cross-entropy
loss is described in Eqn (2):

L =
−sum (yi × log (pi)+ (1− yi) × log (1− pi))

N
(2)

where, N is  the  number  of  training  samples, yi is  the  true  class
label of sample i, pi is  the predicted class probability of sample i,
and log() is the natural logarithm function.

 Performance metrics
As  important  as  it  is  to  train  a  learning  model,  it  is  equally

important to evaluate how well the model performs on unseen
data[46]. Selection of suitable and effective metric(s) depends on
the kind of task to be carried out.  Usually,  AlexNet accuracy or
performance  metrics  determines  the  proportion  of  accurately
identified  samples  to  the  dataset's  overall  sample  count.  Few
terms used in model evaluation include:

Accuracy which is calculated as follows:

Accuracy =
No. o f correctly identi f ied samples (n)

Total samples (N)
(3)

The  accuracy  measure  is  a  frequently  used  evaluation  for
classification problems in ML and DL, hence, it was adopted for
this  study.  Here,  correctly  identified  samples  were  hereafter
regarded as actual output while the incorrect outputs (outputs
mis-identified  or  mis-classified  to  be  carrying  a  target  crop
type) were hereafter regarded as predicted output.

Other  evaluation  metrics  include  precision,  recall,  the  F1
score, and the ROC area. Intersection over union (IOU) is based
on  Jaccard  index  evaluating  the  overlap  between  two  bound-
ing boxes. However, both the ground truth bounding box and
predicted  bounding  box  is  required.  It  determines  whether  a
detection  is  positive  or  negative.  If Bp and Bgt are  areas  of
predicted  box  and  ground  truth  bounding  box,  respectively,
then IOU can be given as:

IOU =
Bp∩Bgt

Bp∪Bgt
(4)

True Positive (TP) is arrived at when IOU detection is greater
than or equal to predefined threshold.

TP = IOU detection ≥ threshold (5)
False positive and True positive are like conditional probabil-

ity  functions  and  their  sum  equals  to  1.  Hence,  Eqn  (4)  is  an
expression of false positive.

FP = IOU detection < threshold (6)
Precision as a measure of model evaluation can therefore be

expressed as proportion of TP to all detections:

Precision =
TP

TP+FP
(7)

Recall quantifies  the  ratio  of  actual  positive  samples  to  the
total number of true positive samples. It can also be referred to
as the percentages of TP detected among all ground truths. It is
calculated as[50]:

Recall =
TP

TP+FN
(8)

Where, FN (false negatives) is arrived at whenever a ground truth
is not detected from classification outputs.

Precision  and  recall  are  balanced  by  the  F1  score,  which  is
the  harmonic  mean  of  both  measurements.  It  can  be  calcu-
lated mathematically as follows:

F1 score =
2× (Precision × Recall)

Precision+Recall
(9)

The  AUC-ROC  shows  the  true  positive  rate  against  the  false
positive  rate  and  analyses  how  well  the  neural  network
performs at various projected probability levels.

The accuracy metric in AlexNet is frequently used in conjunc-
tion  with  the  top-k  error  rate,  which  counts  the  samples  in
which  the  true  class  label  does  not  fall  within  the  top  k
predicted  probability.  The top − k error  rate  can  be  written
mathematically as:

Top− kerrorrate =

No. o f samples w not among the k
highest predicted probabilities

Total no. o f samples
(10)

where, k is  a  hyperparameter  that  can  be  set  to  any  value.  The
value set for this study was AlexNet is k = 5; it is usually the default
value.
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 Comparative assessment of AlexNet and CNN for
crop classification

This  assessment  cut  across  the  efficiency  of  the  training
procedure  (model's  correctness  during  training  and  validation
phases),  and  the  accuracy  of  the  model  by  comparing  its
predicted  output  with  the  actual  output  of  the  training  data
(similar  to  Eqn  (3)).  The  accuracy  of  the  model  is  assessed  by
comparing the predicted output with the actual  output of  the
training data. This accuracy was computed as a ratio of the total
number  of  samples  predicted  to  that  which  was  correctly
predicted.

The assessment was performed over the validation dataset is
to  evaluate  each  model's  ability  to  correctly  classify  different
crop  samples  when  dataset  alien  to  its  training  process  are  to
be processed.

 Results and discussion

 AlexNet and CNN training outputs
To  identify  the  dataset  and  extract  unique  features  for  the

classification process, the model architecture reads the dataset
and  filters  it  through  its  parameters.  With  an  early  stop  call-
back,  the  training  was  carried  out  using  the  set  hyperparame-
ters highlighted in Table 3.

As seen in Table 4, for the AlexNet model and 32 batches, the
training process took an average of 2.73 h over 30 epochs, 4.15
h  over  40  epochs,  5.58  h  over  50  epochs,  and  finally  over  60
epochs,  the  training  process  took  an  average  of  6.85  h  for  32
batches.

When  analyzing  42  images  at  once,  the  network  adjusts  its
weights  and  biases  based  on  the  estimated  discrepancy
between  the  predicted  and  observed  outcomes.  Each  batch's
loss  and  accuracy  are  computed,  and  then  averaged  through-
out  the  entire  period.  The  difference  between  the  predicted
and actual outputs is represented by the loss.

For  the  first  epoch,  the  obtained  accuracy  was  0.1695  and
the  initial  loss  was  2.0428.  This  reveals  that  at  the  first  epoch,
AlexNet could not perform beyond 17% accuracy which is also
seen in the initial loss. However, after a series of iterations, the
performance was noticed to have been optimized by minimiz-
ing  all  associated  errors.  After  the  50th epoch,  the  accuracy
obtained was over 99% and the loss dropped to 0.0250 (almost
negligible).

For the CNN model and 32 batches, the training process took
an average of 2.8 h over 30 epochs, 4.17 h over 40 epochs, 5.45
h  over  50  epochs,  and  finally  over  60  epochs,  the  training
process took an average of 6.67 h. A complete repetition of the
neural  network's  training  data  is  represented  by  each  epoch.
The  neural  network  learns  to  produce  more  accurate  predic-
tions  by  adjusting  the  weights  of  its  neurons  while  it  is  being
trained. The accuracy and loss measures are used to assess how
well  the  neural  network  performed  throughout  the  training
phase.

Also,  for  every  epoch,  aside  the  training  loss  and  accuracy,
the  training  process  reports  the  validation  loss  and  accuracy.
The  validation  parameters  are  used  to  assess  how  well  the
model  performs  on  data  that  was  not  presented  during  train-
ing.  The  training  loss  and  training  accuracy  in  the  first  epoch
are  2.0453  and  0.1643,  respectively.  The  validation  accuracy  is
0.2148, and the validation loss is  2.0423 in the first epoch. The
training  procedure  aims  to  maximize  accuracy  while  minimiz-
ing loss on both training and validation data. The training accu-
racy at 60 epochs is 0.6283 after the training session, while the
training loss is 1.0200. The validation accuracy is 0.4698 and the
validation loss is 1.4237.

Table 4 shows a summary of both AlexNet and CNN training
performance statistic.

 AlexNet accuracy assessment
As  shown  in Table  4,  when  trained  in  over  30  epochs,  the

model  classified  the  crops  with  an  accuracy  of  93.73%  (which
implies  about  94%  of  the  training  dataset  was  correctly
predicted)  and  61.07%  on  the  validation  data  at  this  same
epoch. Also, in the course of training the dataset at 40 epochs,
the model's  classification accuracy was 94.84% on the training
data and 67.79% of  the validation data.  At  50 epochs,  AlexNet
accurately  predicted  the  expected  output  with  99.25%  accu-
racy  on  the  training  data  and  71.81%  accuracy  on  the  valida-
tion  data.  This  can  be  interpreted  as  it  correctly  predicted
99.25% of the results of the data. When trained over 60 epochs,
the model's accuracy of predicting the right output was 98.58%
on the training data and 65.77% on the validation data.

These trends show that as the training and validation epochs
increase  from  30  to  50,  AlexNet's  performance  increases.
Conversely, towards the 60th epoch, its accuracy began to drop
both  on  the  training  dataset  and  validation  dataset.  This  is
remarkable  and  can  be  tied  to  the  complexity  of  the  training
process.  More  explicitly,  it  means  that  training  the  model
beyond  50  epochs  would  cause  an  overfitting  which  implies
that the performance of the model during training may be rela-
tively  acceptable  but  the  model  would  perform  poorly  when
fed with datasets outside the training dataset.

 Convolutional neural network evaluation of
accuracy

In Table  4,  for  CNN,  at  30  epochs,  the  model  correctly
predicted  the  outputs  with  44.29%  accuracy  over  training

 

Table 3.    Hyperparameters for training sample analysis.

Hyperparameters AlexNet CNN

Depth 8 layers 5 layers
Image size 224 × 224 224 × 224
Batch size 32 32
No of epochs 30−60 30−60
Learning rate 0.0001 0.0001

 

Table 4.    AlexNet and CNN training performance.

Epochs
Time taken (h) Training accuracy (%) Training loss Validation Accuracy (%) Validation loss

AlexNet CNN AlexNet CNN AlexNet CNN AlexNet CNN AlexNet CNN

30 2.73 2.04 93.7% 44.3% 2.043 2.045 61% 21% 1.262 1.682
40 4.15 4.17 94.8% 54.2% 0.071 1.408 68% 39% 0.988 1.482
50 5.58 5.45 99.3% 54.5% 0.025 1.208 72% 42% 1.745 1.435
60 6.85 6.67 98.6% 63% 0.079 1.020 66% 47% 1.730 1.424
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dataset.  At  this  epoch,  the model  accurately  predicted 21.48%
of  the  validation  data.  As  the  number  of  epochs  rises  or
increases, the performance of the model also improved signifi-
cantly. In this study, it was observed that the training accuracy
rose  to  0.6283  at  60  epoch.  The  validation  accuracy  exhibited
the same pattern improving from 0.2483 at 30 epochs to 0.6577
at 60 epochs.

 Statistical interpretation of classification results
 Epoch-wise performance characteristics of AlexNet and
CNN
 Behaviour at 30 epochs

Table  5 shows  a  summary  of  each  model's  behavior  during
classification at 30 epochs. Over training data, the results show
that AlexNet performed better than CNN by almost 210% while
over validation data, the relative performance was almost 285%
better  than  that  of  CNN.  However,  when  fed  with  validation
dataset, AlexNet's accuracy was 46% lower than that of its train-
ing process accuracy. While for CNN, its validation accuracy was
about 52% lower than that of its training accuracy. This implies
that  when  trained  at  30  epochs,  AlexNet  can  yield  relatively

better results over validation datasets (dataset outside its train-
ing domain) than the CNN model.

Figure  4 shows  a  graphical  representation  of  AlexNet's
behavior  over  30  epochs  with  the  training  and  validation
dataset.  For  the  model  accuracy  (Fig.  4a),  the  model's  training
accuracy  rises  gradually  from  0  to  15  epochs,  then  begins  to
fluctuate from 15 to 30. Over the validation dataset, the model's
accuracy,  increases  on  an  average  from  0  towards  30  epochs,
however, fluctuates all along from 0 to 30 epochs. The model's
loss  over  training  and  validation  datasets  is  similar  and  oppo-
site to that of its accuracy for both training and validation.

For  the  CNN  algorithm  (Fig.  5a & b),  its  training  accuracy
shows  a  stable  and  gradual  increase  as  the  number  of  epoch
goes from 0 to 30. However,  this is not the same for its valida-
tion accuracy. This implies that for CNN, training accuracy may
not be a perfect determinant for the expected behaviour of the
model  when  fed  with  validation  datasets  or  any  other  dataset
outside its training domain. This same pattern is observed in its
model loss.

 Behaviour at 40 epochs
As  seen  in Table  6,  over  training  datasets,  AlexNet  outper-

formed  (almost  two-times  better)  CNN  and  the  same  relative
rating  was  recorded  over  the  validation  dataset.  Compared  to
its  training  accuracy,  AlexNet's  validation  accuracy  was  29%
lower (derived from ratio of the difference between the model's
training  and  validation  accuracy  over  the  training  accuracy
multiplied  by  100).  Compared  with  30  epochs,  results  of  the
classification  shows  that  validation  accuracy  of  AlexNet
increased at 40 epochs. Though an increase was observed, the

 

Table 5.    AlexNet and CNN behaviour over 30 epochs.

Model AlexNet CNN

Training accuracy 93.73% 44.29%
Validation accuracy 61.07% 21.48%
Validation loss 1.2616 1.6816
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Fig. 4    (a) AlexNet training and validation accuracy. (b) AlexNet training and validation loss.
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Fig. 5    (a) CNN training and validation accuracy. (b) CNN training and validation loss.
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rate of refinement in its training accuracy from 30 to 40 epochs
was not similar to that of its validation. While for CNN, its valida-
tion  accuracy  was  about  28%  lower  than  that  of  its  training
accuracy. This implies that when trained at 40 epochs, AlexNet
can yield relatively  better  results  over  validation datasets  than
the CNN model.

AlexNet shows an irregular rise from 0 to 40 epochs for train-
ing  performance  accuracy  (Fig.  6a),  while  an  irregular  pattern
was also noticed over the validation dataset. Specifically, at the
33rd epoch,  there  was  a  very  poor  performance  accuracy
noticed  over  the  training  dataset  and  validation  dataset.  This
shows  that  the  model  failed  at  the  33rd epoch.  As  usual,  the
behavior  of  the  validation  and  training  loss  was  noticed  to  be
similar  and  opposite  to  that  of  their  respective  accuracy
(Fig. 6b).

On the other hand, at 40 epochs (see Fig. 7a), CNN's training
accuracy  consistently  increased  from  0  to  40  with  almost  no
fluctuation noticed.  This  was  not  the same over  the validation
dataset  which  showed  a  fluctuating  and  irregular  behavior
from  0  to  40  epochs.  These  behaviours  were  also  noticed  for
training  and  validation  loss  (see Fig.  7b.)  which  is  consistent
with the performance characteristics observed at 30 epochs.

 Behaviour at 50 epochs
Table  7 presents  the  obtained  results  of  both  AlexNet  and

CNN's training and validation accuracy and their respective loss
at 50 epochs while still  maintaining the same batch size of 32.
At this epoch, compared to its training accuracy, AlexNet's vali-
dation accuracy was 28% lower. The model shows a 4% and 5%
increase  in  training  and  validation  accuracy  respectively  from
40 epochs to 50 epochs. These values are near 0 and show that
the model's learning is either becoming poor or ineffective due
to redundant data

Figure  8a shows  AlexNet's  behavior  through  50  epochs  of
training and validation. At the beginning of the iteration, there
was a linear increase in training and validation accuracy, and a
fluctuation that featured a drop in accuracy was noticed at 13th

epoch.  After  this,  almost  a  linear  but  very  slow  increase  (no
tangible  rise)  in  both  training  and  validation  accuracy  was
recorded.  However,  just  as  in  30  and  40  epochs,  there  is  a
strong correlation between the behavior of training and valida-
tion  accuracy.  The  same  characteristics  were  also  recorded  for
the training and validation loss.

On the other  hand,  for  the CNN model,  the validation accu-
racy  was  23%  lower  than  its  training.  Relative  to  its  perfor-
mance  at  40  epochs,  the  CNN  model's  training  accuracy
improved by less than 1% at 50 epochs and over the validation
dataset, the increase was over 8%. These results reveal that the
CNN-based model  is  getting saturated with training and there
is a need to update some parameters such as the quality of the
training dataset in the implementation phase.

 

Table 6.    AlexNet and CNN behaviour at 40 epochs.

Model AlexNet CNN

Training accuracy 94.84% 54.23%
Validation accuracy 67.79% 38.93%
Validation loss 0.9879 1.4820
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Fig. 6    (a) AlexNet training and validation accuracy (at 40 epochs). (b) AlexNet training and validation loss (at 40 epochs).
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Fig. 7    (a) CNN training and validation accuracy (at 40 epochs). (b) CNN training and validation loss (at 40 epochs).
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Remarkably,  as  observed  in Fig.  9a and b,  contrary  to  other
epochs  earlier  considered,  the  pattern  of  behavior  of  the  CNN
model for both training and validation accuracy was noticed to
be  similar.  Though  there  was  only  a  slight  increase,  the
behaviour of the model's accuracy for both training and valida-
tion  was  more  linear  and  stable  except  for  a  few  moments  of
fluctuation.

 Behaviour at 60 epochs
From Table  8,  AlexNet's  validation accuracy  is  noticed to  be

33%  lower  than  that  of  its  training  accuracy.  −0.7%  and  −8%
drop  in  training  and  validation  accuracies,  respectively,  were
noticed  in  its  performance  when  compared  with  50  epochs.
Compared  to  the  increasing  performance  observed  from  30
through 50 epochs, the accuracies became poorer, with signifi-
cant  negative  effects  on  the  validation  phase.  This  behavior,
however, suggests that there is a need for early stoppage after
50 epochs of training.

As  observed  in Fig.  10a and b,  there  was  a  fast  increase  in
both training and validation accuracy from 0 to 20th epoch, and
a very slow increase and fluctuating behavior noticed for both

the  training  and  validation  accuracy  of  the  AlexNet  model.
Similar  to  previous  observations,  there  was  a  strong  and  posi-
tive  correlation  between  the  model's  training  and  validation
accuracies while loss also exhibited similar patterns.

For  the  CNN  model,  the  validation  accuracy  was  noticed  to
be  25%  lower  than  that  of  its  training  accuracy.  Compared  to
previous  epochs,  at  60  epochs,  the  CNN  model's  performance
for both training and validation was relatively better with 13%
and 10% respective increase in  training and validation accura-
cies than at  50 epochs.  This  shows that CNN, unlike AlexNet is
still learning from the training as the epoch increases, hence, its
structure can be said to be capable of handling overfitting until
this epoch.

Figure 11a shows a positive and linear increase in the CNN's
training  accuracy  while  a  fluctuating  behavior  was  noticed  for
its validation accuracy at this epoch. These two patterns exhibit
dissimilarity,  indicating  that  training  accuracy  should  not  be
used as a sole indicator for assessing validation accuracy. These
patterns  are  also  noticed  for  training  and  validation  loss
(Fig. 11b).

 Conclusions

The primary objective of  this  study was to evaluate the effi-
cacy  of  AlexNet,  a  Convolutional  Neural  Network  (CNN)-based
model  variant,  in  identifying  a  particular  crop  in  a  mixed  crop
farm  using  high-resolution  aerial  imagery  obtained  from  low-
altitude UAVs.

 

Table 7.    AlexNet and CNN behaviour at 50 epochs.

Model AlexNet CNN

Training accuracy 99.25% 54.53%
Validation accuracy 71.81% 42.28%
Validation loss 1.7448 1.4350
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Fig. 8    (a) AlexNet training and validation accuracy (at 50 epochs). (b) AlexNet training and validation loss (at 50 epochs).
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Fig. 9    (a) CNN training and validation accuracy (at 50 epochs). (b) CNN training and validation loss (at 50 epochs).
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The acquired aerial images were meticulously organized into
32  batches  to  optimize  computational  efficiency  during  data
processing. Training and validation of the AlexNet model were
conducted  following  a  similar  methodology  as  that  of  the
conventional  CNN,  allowing  for  a  comparative  analysis  of  the
two models.

It is a common expectation that, under well-defined learning
parameters,  the  performance  of  AI  algorithms  designed  for
image classification should exhibit improvement in both train-
ing  and  validation  accuracy  as  the  quantity  and  quality  of  the
training  dataset  increase.  To  assess  the  behaviour  of  these
models  during  training,  four  different  training  epochs  were
considered,  specifically  30,  40,  50,  and  60  epochs.  The  evalua-
tion criteria  were based on training and validation loss  as  well
as accuracy.

Throughout  all  the  epochs,  AlexNet  consistently  outper-
formed the CNN model in terms of both training and validation
datasets.  As  anticipated,  the  accuracies  of  AlexNet  increased
progressively  from  30  epochs  through  50  epochs,  but  a

decrease in accuracy was observed at 60 epochs, indicating the
onset  of  overfitting.  In  contrast,  while  CNN's  accuracies  were
not  as  high  as  AlexNet's,  they  demonstrated  a  continual
increase  as  the  number  of  epochs  increased,  suggesting  that
CNN's  architectural  design  allows  for  effective  learning  from
extensive data without suffering from the complexities of over-
fitting.

This  study  underscores  AlexNet's  capability  to  accurately
classify crops within a mixed vegetation field, particularly when
utilizing  high-resolution  UAV  images.  AlexNet  achieved  a
remarkable  maximum  training  accuracy  of  99.25%  and,  when
tested  on  datasets  outside  its  training  domain  (validation
dataset), attained a maximum accuracy of 71.81%, notably at 50
epochs.

The  findings  of  this  study  align  closely  with  the  research
conducted  by  Arya  et  al.[51],  which  also  compared  the  perfor-
mance of conventional CNN and AlexNet in detecting diseases
in potato leaves. Additionally, a recent study by Arya & Singh[52]

has  reported  findings  that  are  consistent  with  the  results
presented in this current work.

In light of the observed overfitting, we strongly recommend
implementing  early  stopping  techniques,  as  demonstrated  in
this  study  at  50  epochs,  or  modifying  classification  hyperpa-
rameters to optimize AlexNet's performance whenever overfit-
ting is detected. Further research efforts will be invested in the
investigation of the performance of AlexNet in classifying crop

 

Table 8.    AlexNet and CNN behaviour at 60 epochs.

Model AlexNet CNN

Training accuracy 98.58% 62.83%
Validation accuracy 65.77% 46.98%
Validation loss 1.7301 1.4237
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Fig. 10    (a) AlexNet training and validation accuracy (at 60 epochs). (b) AlexNet training and validation loss (at 60 epochs).
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Fig. 11    (a) CNN training and validation accuracy (at 60 epochs). (b) CNN training and validation loss (at 60 epochs).
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plantations  beyond  two  categories.  It  will  involve  optimizing
the  pre-processing  stage  and  refining  hyperparameter  defini-
tions  to  ensure  that  the  model  can  be  trained  with  the  maxi-
mum  available  dataset  and  iterations,  thereby  advancing  the
field of crop classification in precision agriculture.

 Author contributions

The  authors  confirm  contribution  to  the  paper  as  follows:
study  conception  and  design:  Ajayi  OG;  data  collection:  Ajayi
OG;  analysis  and  interpretation  of  results:  Iwendi,  E,  Adetunji
OO;  draft  manuscript  preparation:  Iwendi,  E,  Adetunji  OO.  All
authors reviewed the results and approved the final version of
the manuscript.

 Data availability

The  data  and  codes  used  for  this  study  will  be  made  avail-
able upon reasonable request to the corresponding author

Conflict of interest

The authors declare that they have no conflict of interest.

Dates

Received  16  September  2023; Revised  11  February  2024;
Accepted 15 April 2024; Published online 28 May 2024

References 

Sheikh M, Fakhrul I, Zahurul K. 2020 World's demand for food and
water.  In Desalination -  Challenges and Opportunities,  eds.  Hossein
Davood  Abadi  Farahani  M,  Vahid  Vatanpour,  Amir  Taheri.  Intech-
Open. https://doi.org/10.5772/intechopen.85919

1.

Khan MA, Tahir A, Khurshid N, Husnain MIu, Ahmed M, et al. 2020.
Economic  effects  of  climate  change-induced  loss  of  agricultural
production  by  2050:  A  case  study  of  Pakistan. Sustainability
12:1216

2.

Agovino M, Casaccia M, Ciommi M, Ferrara M, Marchesano K. 2019.
Agriculture,  climate change and sustainability:  The case of  EU-28.
Journal of Ecological Indicators 105:525−543

3.

Seydi ST, Amani M, Ghorbanian A. 2022. A dual attention Convolu-
tional  Neural  Network  for  Crop  classification  Using  Time-Series
Sentinel-2 Imagery. Journal of Remote Sensing 14:498

4.

Khan  HR,  Gillani  Z,  Jamal  MH,  Athar  A,  Chaudhry  MT,  et  al. 2023.
Early  identification  of  crop  type  for  smallholder  farming  systems
using  deep  learning  on  time-series  Sentinel-2  Imagery. Sensors
52;3(4):1779

5.

Ashapure  A,  Jung  J,  Yeom  J,  Chang  A,  Maeda  M,  et  al. 2019.  A
novel  framework  to  detect  conventional  tillage  and  no-tillage
cropping system effect on cotton growth and development using
multi-temporal  UAS  data. ISPRS  Journal  of  Photogrammetry  and
Remote Sensing 152:49−64

6.

Ajayi OG, Ashi J, Guda B. 2023. Performance evaluation of YOLO v5
model for automatic crop and weed classification on UAV images.
Smart Agricultural Technology 5:100231

7.

Reedha  R,  Dericquebourg  E,  Canals  R,  Hafiane  A. 2022.  Trans-
former  neural  network  and  crop  classification  of  high  resolution
UAV images. Journal of Remote Sensing 14(3):592

8.

Bhuyar N, Acharya S, Theng D. 2020. Crop classification with multi-
temporal  satellite  image data. International  Journal  of  Engineering
Research & Technology 9(6):221−25

9.

Weiss  M,  Jacob  F,  Duveiller  G. 2020.  Remote  sensing  for  agricul-
tural  applications:  A  meta-review. Remote  Sensing  of  Environment
236:111402

10.

Donohue  RJ,  Lawes  RA,  Mata  G,  Gobbett  D,  Ouzman  J. 2018.
Towards  a  national,  remote-sensing-based  model  for  predicting
field-scale crop yield. Field Crops Research 227:79−90

11.

Kern  A,  Barcza  Z,  Marjanović H,  Árendás  T,  Fodor  N,  Bónis  P,
Bognár P, Lichtenberger J. 2018. Statistical modelling of crop yield
in Central  Europe using climate data and remote sensing vegeta-
tion indices. Agricultural and Forest Meteorology 260-261:300−20

12.

Ajayi OG, Ashi J. 2023. Effect of varying training epochs of a faster
region-based convolutional neural network on the accuracy of an
automatic  weed classification scheme. Smart  Agricultural  Technol-
ogy 3:100128

13.

Yang L, Chen J, Zhang R, Yang S, Zhang X, et al. 2023. Precise crop
classification  of  UAV  hyperspectral  imagery  using  kernel  tensor
slice sparse coding based classifier. Neurocomputing 551:126487

14.

Wu Z, Zhang J, Deng F, Zhang S, Zhang D, et al. 2021. Fusion of GF
and MODIS data for regional-scale grassland community classifica-
tion  with  EVI2  time-series  and  phenological  features. Journal  of
Remote Sensing 13(5):835

15.

Wang J, Wu B, Kohnen MV, Lin D, Yang C, et al. 2021. Classification
of  rice yield using UAV-based hyperspectral  imagery and lodging
feature. Plant Phenomics 2021:9765952

16.

Wang X, Zhang J, Xun L, Wang J, Wu Z, et al. 2022. Evaluating the
effectiveness  of  machine  learning  and  deep  learning  models
combined time-series satellite data for multiple crop types classifi-
cation over a large-scale region. Remote Sensing 14(10):2341

17.

Zhong L, Hu L, Zhou H. 2019. Deep learning based multi-temporal
crop classification. Remote Sensing of Environment 221:430−43

18.

Kumar S, Jain A, Shukla AP, Singh S, Raja R, et al. 2021. A compara-
tive  analysis  of  machine  learning  algorithms  for  detection  of
organic and nonorganic cotton diseases. Mathematical Problems in
Engineering 2021:1790171

19.

Fielding B,  Zhang L. 2018.  Evolving Image Classification  Architec-
tures  with  Enhanced  Particle  Swarm  Optimisation. IEEE  Access
6:68560−75

20.

Ajayi  OG,  Oruma  E. 2022.  On  the  applicability  of  integrated  UAV
photogrammetry  and  automatic  feature  extraction  for  cadastral
mapping. Advances in Geodesy and Geoinformation 71(1):1−24

21.

Ajayi OG. 2023. Application of Machine intelligence in Smart Soci-
eties:  A  critical  review  of  the  opportunities  and  risks.  In Machine
Intelligence  for  Smart  Applications.  Studies  in  Computational  Intelli-
gence,  eds.  Adadi  A,  Motahhir  S.  vol.  1105.  Cham:  Springer.  pp.
1−17. https://doi.org/10.1007/978-3-031-37454-8_1

22.

Lu HX, He J, Liu L. 2019. Discussion on multispectral remote sens-
ing  image  classification  integrating  object-oriented  image  analy-
sis  and  KNN  algorithm. Technological  Innovation  and  Application
11:27−30

23.

Yuan PS, Yang CL, Song YH, Zhai ZY, Xu HL. 2019. Classification of
rice phenotypic omics entities based on stacking integrated learn-
ing. Transactions  of  the  Chinese  Society  for  Agricultural  Machinery
50(11):144−52

24.

Löw F,  Michel U,  Dech S,  Conrad C. 2013. Impact of feature selec-
tion on the accuracy and spatial uncertainty of per-field crop clas-
sification  using  Support  Vector  Machines. ISPRS  Journal  of
Photogrammetry and Remote Sensing 85:102−119

25.

Saini R, Ghosh SK. 2018. Crop classification on single date sentinel-
2  imagery  using  random  forest  and  suppor  vector  machine. The
International  Archives  of  the  Photogrammetry,  Remote  Sensing  and
Spatial Information Sciences 42:683−88

26.

Maponya  MG,  van  Niekerk  A,  Mashimbye  ZE. 2020.  Pre-harvest
classification  of  crop  types  using  a  Sentinel-2  time-series  and
machine  learning. Journal  of  Computers  and  Electronics  in  Agricul-
ture 169:105164

27.

Ajayi OG, Opaluwa YD, Ashi J, Zikirullahi WM. 2022. Applicability of
artificial  neural  network  for  automatic  crop  type  classification  on
UAV-based images. Environmental  Technology  and  Science  Journal
13(1):57−72

28.

Technology in
Agronomy   Optimizing crop mapping in precision agriculture

Page 12 of 13   Ajayi et al. Technology in Agronomy 2024, 4: e011

https://doi.org/10.5772/intechopen.85919
https://doi.org/10.3390/su12031216
https://doi.org/10.1016/j.ecolind.2018.04.064
https://doi.org/10.3390/rs14030498
https://doi.org/10.3390/s23041779
https://doi.org/10.1016/j.isprsjprs.2019.04.003
https://doi.org/10.1016/j.isprsjprs.2019.04.003
https://doi.org/10.1016/j.atech.2023.100231
https://doi.org/10.3390/rs14030592
https://doi.org/10.17577/ijertv9is060208
https://doi.org/10.17577/ijertv9is060208
https://doi.org/10.1016/j.rse.2019.111402
https://doi.org/10.1016/j.fcr.2018.08.005
https://doi.org/10.1016/j.agrformet.2018.06.009
https://doi.org/10.1016/j.atech.2022.100128
https://doi.org/10.1016/j.atech.2022.100128
https://doi.org/10.1016/j.atech.2022.100128
https://doi.org/10.1016/j.neucom.2023.126487
https://doi.org/10.3390/rs13050835
https://doi.org/10.3390/rs13050835
https://doi.org/10.34133/2021/9765952
https://doi.org/10.3390/rs14102341
https://doi.org/10.1016/j.rse.2018.11.032
https://doi.org/10.1155/2021/1790171
https://doi.org/10.1155/2021/1790171
https://doi.org/10.1109/ACCESS.2018.2880416
https://doi.org/10.24425/gac.2022.141172
https://doi.org/10.1007/978-3-031-37454-8_1
https://doi.org/10.3969/j.issn.2095-2945.2019.11.007
https://doi.org/10.6041/j.issn.1000-1298.2019.11.016
https://doi.org/10.1016/j.isprsjprs.2013.08.007
https://doi.org/10.1016/j.isprsjprs.2013.08.007
https://doi.org/10.5194/isprs-archives-xlii-5-683-2018
https://doi.org/10.5194/isprs-archives-xlii-5-683-2018
https://doi.org/10.5194/isprs-archives-xlii-5-683-2018
https://doi.org/10.1016/j.compag.2019.105164
https://doi.org/10.1016/j.compag.2019.105164
https://doi.org/10.1016/j.compag.2019.105164
https://doi.org/10.4314/etsj.v13i1.5


Seydi ST, Hasanlou M, Amani M, Huang W. 2021. Oil spill detection
based  on  multiscale  multidimensional  residual  CNN  for  optical
remote  sensing  imagery. IEEE  Journal  of  Selected  Topics  in  Applied
Earth Observations and Remote Sensing 14:10941−52

29.

Koirala  A,  Walsh  KB,  Wang  Z,  McCarthy  C. 2019.  Deep  learning  –
Method  overview  and  review  of  use  for  fruit  detection  and  yield
estimation. Computers and Electronics in Agriculture 162:219−34

30.

Wan X, Zhao C, Wang Y, Liu W. 2017. Stacked sparse autoencoder
in  hyperspectral  data  classification  using  spectral-spatial,  higher
order statistics and multifractal spectrum features. Infrared Physics
& Technology 86:77−89

31.

Yao  G,  Lei  T,  Zhong  J. 2019.  A  review  of  convolutional-neural-
network-based  action  recognition. Pattern  Recognition  Letters
118:14−22

32.

Dhillon A, Verma GK. 2020. Convolutional neural network: a review
of  models,  methodologies  and  applications  to  object  detection.
Progress in Artificial Intelligence 9(2):85−112

33.

Ajayi OG, Ojima A. 2022. Performance evaluation of selected cloud
occlusion removal algorithms on remote sensing imagery. Remote
Sensing Applications: Society and Environment 25:100700

34.

Alzubaidi L,  Zhang J,  Humaidi AJ, Al-Dujaili  A, Duan Y, et al. 2021.
Review of deep learning: concepts, CNN architectures, challenges,
applications, future directions. Journal of Big Data 8:53

35.

Muhammad NA,  Nasir  AA,  Ibrahim Z,  Sabri  N. 2018.  Evaluation of
CNN, AlexNet and GoogleNet for fruit recognition. ndonesian Jour-
nal of Electrical Engineering and Computer Science 12(2):468−75

36.

Sabri N, AbdulAziz Z, Ibrahim Z, Akmal Rasydan Bin Mohd Rosni M,
Hafiz  bin  Abd  Ghapul  A. 2018.  Comparing  convolution  neural
network models for leaf  recognition. International  Journal  of  Engi-
neering and Technology (IJET) 7:141−44

37.

Zhao H, Duan S, Liu J, Sun L, Reymondin L. 2021. Evaluation of five
deep learning models for crop type mapping using sentinel-2 time
series  images  with  missing  information. Remote  Sensing
13(14):2790

38.

Ji  S,  Zhang C,  Xu A,  Shi  Y,  Duan Y. 2018.  3D convolutional  neural
networks for crop classification with multi-temporal  remote sens-
ing images. Remote Sensing 10:75

39.

Liu N, Zhao Q, Williams R, Barrett B. 2023. Enhanced crop classifica-
tion  through  integrated  optical  and  SAR  data:  a  deep  learning
approach  for  multi-source  image  fusion. International  Journal  of
Remote Sensing 00:1−29

40.

Ajayi OG, Olufade OO. 2023. Drone-based crop type identification
with  convolutional  neural  networks:  an  evaluation  of  the  perfor-
mance of RESNET architectures. ISPRS Annals of the Photogramme-
try,  Remote  Sensing  and  Spatial  Information  Sciences X-1/W1-
2023:991−98

41.

LeCun  Y,  Bengio  Y,  Hinton  G. 2015.  Deep  learning. Nature
521:436−44

42.

Pandey  A,  Jain  K. 2022.  An  intelligent  system  for  crop  identifica-
tion  and  classification  from  UAV  images  using  conjugated  dense
convolutional neural network. Journal of Computers and Electronics
in Agriculture 192:106543

43.

Kalita  I,  Singh  GP,  Roy  M. 2023.  Crop  classification  using  aerial
images  by  analyzing  an  ensemble  of  DCNNs  under  multi-filter  &
multi-scale  framework. Multimedia  Tools  and  Applications
82:18409−33

44.

Khan  A,  Sohail  A,  Zahoora  U,  Qureshi  AS. 2020.  A  survey  of  the
recent architectures of deep convolutional neural networks. Artifi-
cial Intelligence Review 53(8):5455−516

45.

Krishna  K. 2023.  Plant  disease  classification  using  Alex  Net.
Research Square Preprint

46.

Ong P, Teo KS, Sia CK. 2023. UAV-based weed detection in Chinese
cabbage  using  deep  learning. Smart  Agricultural  Technology
4:100181

47.

Lv  M,  Zhou  G,  He  M,  Chen  A,  Zhang  W,  et  al. 2020.  Maize  leaf
disease  identification  based  on  feature  enhancement  and  DMS-
Robust Alexnet. IEEE Access 8:57952−57966

48.

Krizhevsky A, Sutskever I, Hinton GE. 2017. ImageNet classification
with  deep  convolutional  neural  networks. Communications  of  the
ACM 60(6):84−90

49.

Lakshmanarao A,  Babu MR,  Kiran TSR.  2021.  Plant  disease predic-
tion and classification using deep learning ConvNets. International
Conference  on  Artificial  Intelligence  and  Machine  Vision  (AIMV),
Gandhinagar,  India,  24-26  September  2021.  pp.  1−6. https://doi.
org/10.1109/AIMV53313.2021.9670918

50.

Arya S, Singh R. 2019. A comparative study of CNN and AlexNet for
detection  of  disease  in  potato  and  mango  leaf. International
Conference  on  Issues  and  Challenges  in  Intelligent  Computing  Tech-
niques  (ICICT),  Ghaziabad,  India,  27−28  September  2019.  USA:  IEEE.
pp. 1−6. https://doi.org/10.1109/ICICT46931.2019.8977648

51.

Kayadibi  I,  Güraksın  GE,  Ergün  U,  Özmen  Süzme  N. 2022.  An  eye
state  recognition  system  using  transfer  learning:  AlexNet-based
deep  convolutional  neural  network. International  Journal  of
Computational Intelligence Systems 15:49

52.

Copyright:  © 2024 by the author(s).  Published by
Maximum  Academic  Press,  Fayetteville,  GA.  This

article  is  an  open  access  article  distributed  under  Creative
Commons  Attribution  License  (CC  BY  4.0),  visit https://creative-
commons.org/licenses/by/4.0/.

Optimizing crop mapping in precision agriculture  
Technology in
Agronomy

Ajayi et al. Technology in Agronomy 2024, 4: e011   Page 13 of 13

https://doi.org/10.1109/JSTARS.2021.3123163
https://doi.org/10.1109/JSTARS.2021.3123163
https://doi.org/10.1016/j.compag.2019.04.017
https://doi.org/10.1016/j.infrared.2017.08.021
https://doi.org/10.1016/j.infrared.2017.08.021
https://doi.org/10.1016/j.patrec.2018.05.018
https://doi.org/10.1007/s13748-019-00203-0
https://doi.org/10.1016/j.rsase.2022.100700
https://doi.org/10.1016/j.rsase.2022.100700
https://doi.org/10.1186/s40537-021-00444-8
https://doi.org/10.11591/ijeecs.v12.i2.pp468-475
https://doi.org/10.11591/ijeecs.v12.i2.pp468-475
https://doi.org/10.11591/ijeecs.v12.i2.pp468-475
https://doi.org/10.14419/ijet.v7i3.15.17518
https://doi.org/10.14419/ijet.v7i3.15.17518
https://doi.org/10.14419/ijet.v7i3.15.17518
https://doi.org/10.3390/rs13142790
https://doi.org/10.3390/rs10010075
https://doi.org/10.1080/01431161.2023.2232552
https://doi.org/10.1080/01431161.2023.2232552
https://doi.org/10.5194/isprs-annals-X-1-W1-2023-991-2023
https://doi.org/10.5194/isprs-annals-X-1-W1-2023-991-2023
https://doi.org/10.5194/isprs-annals-X-1-W1-2023-991-2023
https://doi.org/10.1038/nature14539
https://doi.org/10.1016/j.compag.2021.106543
https://doi.org/10.1016/j.compag.2021.106543
https://doi.org/10.1007/s11042-022-13946-1
https://doi.org/10.1007/s10462-020-09825-6
https://doi.org/10.1007/s10462-020-09825-6
https://doi.org/10.21203/rs.3.rs-2612739/v1
https://doi.org/10.1016/j.atech.2023.100181
https://doi.org/10.1109/ACCESS.2020.2982443
https://doi.org/10.1145/3065386
https://doi.org/10.1145/3065386
https://doi.org/10.1109/AIMV53313.2021.9670918
https://doi.org/10.1109/AIMV53313.2021.9670918
https://doi.org/10.1109/ICICT46931.2019.8977648
https://doi.org/10.1007/s44196-022-00108-2
https://doi.org/10.1007/s44196-022-00108-2
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/

	Introduction
	Methodology
	Study area
	Data acquisition
	Data processing
	Software used
	UAV image processing
	Data sorting and resampling
	Model preparation

	AlexNet and CNN: implementation architecture
	Training process
	AlexNet performance refinement
	Activation function
	Optimization function
	Cost and loss function

	Performance metrics
	Comparative assessment of AlexNet and CNN for crop classification

	Results and discussion
	AlexNet and CNN training outputs
	AlexNet accuracy assessment
	Convolutional neural network evaluation of accuracy
	Statistical interpretation of classification results
	Epoch-wise performance characteristics of AlexNet and CNN
	Behaviour at 30 epochs
	Behaviour at 40 epochs
	Behaviour at 50 epochs
	Behaviour at 60 epochs



	Conclusions
	Author contributions
	Data availability
	References

