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Abstract: The  accurate  recognition  of  rapeseed  seedlings  is  the  premise  of  achieving  accurate  counting.  Traditional  target
detection  algorithms  and  current  improved  algorithms  cannot  balance  the  counting  accuracy  and  seedling  recognition  at
different densities. Thus, this study proposed improved YOLOv7 recognition models by automatically dividing dense and non-
dense datasets. For the non-dense dataset, the attention mechanism CA is introduced, and the loss function DIoU is substituted;
for  the  dense  dataset,  the  attention  mechanism  CBAM is  introduced,  and  the  loss  function  GIoU  is  substituted,  so  that  the
network focuses on the target object to improve the accuracy of the model. The results show that the improved accuracy of the
non-dense  area  reaches  97.78%,  mAP@0.5  reaches  98.32%,  and  mAP@0.5:0.95  reaches  66.86%.  The  accuracy  of  the
improved dense area reaches 97.85%, mAP@0.5 reaches 95.91%, and mAP@0.5:0.95 reaches 69.9%. In addition, this paper
compared SSD, YOLOv5, YOLOv7, YOLOv7-tiny, and the improved YOLOv7 and validates the feasibility of the improved
YOLOv7  model.  The  improved  YOLOv7  model  proposed  in  this  paper  can  provide  a  useful  reference  for  future  research
directions of seedling recognition.
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 1    Introduction
As  the  main  oilseed  crop  in  China,  rape  plays  a  vital  role  in

China’s edible oil market[1-3]. Anhui Province is a large oilseed rape
production province, where this crop has a long planting history and
is widely distributed. It is one of China’s most important production
areas  of  winter  oilseed  rape.  Thus,  improving  the  yield  of  oilseed
rape  is  of  great  significance  for  China’s  oilseed  rape  industry
development  and  edible  oil  safety[4].  Seedling  density  is  an
important  indicator  for  assessing  crop  yield,  but  high-density
planting can lead to competition among seedlings, which can affect
their yield. The most common method to quantify plant density is to
recognize  and  count  the  seedlings  after  emergence[5].  Traditional
rape  recognition  usually  relies  on  manual  operation,  which  is  not
only  inaccurate,  but  also  inefficient  and  limited[6,7],  which  affects
subsequent  agricultural  production  management.  Therefore,  it  is
very  important  to  take  appropriate  means  to  improve  the  accuracy
of plant recognition and counting.

In recent years, precision agriculture technology has developed
rapidly[8].  The  combination  of  agriculture  and  computer  vision  is
becoming  more  and  more  common,  and  deep  learning  is  widely
used  in  crop  recognition  and  counting[9].  However,  when  the
background is complex or dense, it easily causes false detection and
missing detection, thus reducing the counting accuracy[10]. YOLOv7

is more advanced,  more accurate,  and faster  than other versions of
the model. Therefore, in this paper, YOLOv7 is selected as the base
network  model  and  improved  to  increase  the  accuracy  and
efficiency  of  counting  and  provide  better  support  for  agricultural
production[11].  In  the  field  of  deep  learning,  Ma  et  al.[12]  used  the
improved  YOLOv5s  lightweight  to  identify  plants;  the  model
memory  occupied  8.9  MB,  with  an  accuracy  of  95.1%.  Zhang  et
al.[13]  proposed  a  YOLO-VOLO-LS  recognition  method,  which
obtained  excellent  results  of  93.452%,  96.059%,  96.014%,  and
96.039%  in  Val-acc,  Test-acc,  Recall,  and  Precision,  respectively.
Zhu  et  al.[14]  identified  duck  eggs  in  a  complex  environment  based
on  the  YOLOv7  model,  and  the F1  reached  95.5%.  Zhao  et  al.[15]

proposed a lightweight model, LW-YOLOv7, which can efficiently
calculate  the  number  of  maize  seedlings.  Li  et  al.[16]  proposed  an
improved YC-YOLOv7 model by incorporating optimizations such
as  depthwise  separable  convolution,  CBAM  attention  mechanism,
and  WIoU  loss  function.  The  enhanced  model  achieved  a  mean
average precision of 94.0%, a precision of 89.8%, and a recall rate
of  91.2%.  Li  et  al.[17]  proposed  a  multi-object  detection  method
based  on  FEPW  R-CNN,  which  was  validated  on  a  rapeseed
seedling  dataset.  The  proposed  method  achieved  85.42%
mAP@0.5,  providing  an  efficient  and  high-precision  solution  for
multi-object  detection  in  complex  scenarios.  All  the  above  studies
have  achieved  good  results,  but  the  compatibility  of  different
improved  algorithms  with  recognizing  objects  is  insufficient  in
complex backgrounds or high-density environments.

Therefore,  aiming  at  this  problem,  this  paper  intends  to  study
the  target  recognition  and  counting  model  of  dense  rapeseed
seedlings  and  non-dense  rapeseed  seedlings,  respectively.  Using
YOLOv7  as  the  base  network  model,  for  non-dense  areas,  the
attention mechanism CA was introduced to effectively improve the
feature  extraction  ability  of  rape  at  seedling  stage,  and  the  loss
function DIoU was introduced to  improve the  overall  performance
of the detector. For dense areas, CBAM was introduced to improve
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the ability to identify dense areas,  and the loss function GIoU was
substituted. The target information of seedlings was enhanced, and
the models were analyzed and compared.

 2    Materials and methods
 2.1    Overall scheme

Figure  1  is  the  overall  flow chart  of  this  paper,  which  mainly
consists  of  dataset  preparation,  improved  recognition  model,  and
data  integration.  The  dataset  preparation  mainly  involves  image

acquisition,  image  preprocessing,  image  annotation,  automatic
segmentation  of  datasets,  and  data  enhancement.  The  rapeseed
seedling  recognition  model  was  improved  on  the  YOLOv7 model,
trained and verified on the dense dataset and the non-dense dataset
respectively,  and  the  detection  results  of  rapeseed  seedlings  were
obtained. Data integration was carried out to integrate the obtained
non-dense detection results and dense detection results according to
location  information,  and  to  count  and  compare  the  integrated
results.
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Figure 1    Overall flow chart
 

 2.2    Dataset sample collection and production
In  this  study,  images  of  rapeseed  at  seedling  stage  were

collected from the rapeseed planting experimental field in Hanshan
County,  Maanshan  City,  Anhui  Province.  The  rapeseed  sowing
method  was  broadcast  sowing,  the  sowing  time  was  October  20,
2022, and the collection time was December 6, 2022. The data were
collected by DJI Yu2 UAV at a height of 1.5 m above the ground.

After  emergence,  for  dense  areas,  there  may  be  poor  manual
recognition  effect  and  inaccurate  counting,  which  needs  to  be
solved  by  computer  vision  technology.  To  prepare  the  sample
datasets,  firstly,  the  dense  area  was  manually  marked  by  the
annotation  software  Labelimg[18].  To  achieve  the  automatic
segmentation  of  dense  and  non-dense  datasets,  an  automatic
segmentation  algorithm is  designed:  the  manually  annotated  labels
of  dense  regions  are  masked  with  white  rectangles,  and  the
remaining  unmasked  areas  are  considered  as  non-dense  regions.
Conversely,  by  applying  this  algorithm to  fill  all  areas  outside  the
dense  region  labels  with  white,  the  remaining  unmasked  portions
then  represent  the  dense  regions.  Then,  the  rapeseed  seedlings  in
dense and non-dense areas were labeled, as shown in Figure 2.
 2.3    Data enhancement

Data  enhancement  is  a  common  deep  learning  technique  used
to  increase  the  diversity  and  amount  of  training  data,  thereby
improving the robustness and generalization ability of the model[19].
The  training  samples  selected  in  this  paper  are  relatively  small,
which will affect the training results. Therefore, the data of rapeseed
seedling  stage  undergo  clipping,  translation,  brightness  change,
noise  addition,  angle  rotation,  and  mirroring  to  enhance  the  image
data[20]  and  thus  increase  data  diversity.  The  data  enhancement
results are shown in Figure 3.
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Figure 2    Dataset collection and production
 
 3    Methods of rape detection and recognition
 3.1    YOLOv7 model

YOLO  has  been  a  favorite  among  researchers  in  the  field  of
target  detection.  YOLOv7  was  used  in  this  paper.  Compared  with
other YOLO models, YOLOv7 showed the best detection accuracy
in  the  rapeseed  seedling  dataset.  The  network  architecture  of
YOLOv7  consists  of  three  parts:  input,  backbone,  and  head.  The
specific components are as follows[21]:
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Input  is  the  input  link  of  rapeseed  seedling  stage  image.  The
image of rapeseed seedling stage is pre-processed through screening
and data enhancement.

Backbone  layer  includes  several  BConv  layers,  ELAN layers,
and MP layers; its main function is to achieve channel doubling and
feature  extraction.  The  BConv,  ELAN,  and  MP  modules  in  the
YOLOv7  backbone  work  together  to  extract  features  from  input
images for precise recognition.

The  head  layer  consists  of  the  SPPCPC  layer,  several  Conv
layers, several MP layers, several Catconv layers, and the RepVGG
block  layer  that  outputs  three  heads[22],  to  realize  the  prediction  of
rapeseed seedling stage.
 3.2    Improvement  of  recognition  model  of  rapeseed  seedling
stage of YOLOv7

The research object  of  this  paper  is  rape at  the seedling stage.
Due to the sowing method, some dense areas will be blocked at the
seedling  stage,  which  will  affect  the  result.  Therefore,  in  order  to

achieve  an  efficient  and  accurate  recognition  model  for  rapeseed
seedlings,  YOLOv7  was  used  as  the  basis  model.  For  non-dense
areas,  CA  attention  mechanism  was  inserted  into  the  backbone
network and DIoU loss  function was adopted to  improve accuracy
and detection effect.  For  dense  areas,  CBAM attention mechanism
is  inserted  and  GIoU  loss  function  is  used  as  a  replacement  to
improve  the  precision  of  dense  area  recognition.  The  improved
model structure is shown in Figure 4.
 3.3    CA attention mechanism

Due  to  the  complex  background  of  rapeseed  seedling  images,
the  hidden  layer  of  the  backbone  network  of  YOLOv7’s  network
model  is  prone  to  be  ignored  by  the  network.  The  CA  attention
mechanism  module  can  enhance  this  part  of  attention  feature
information  to  extract  more  comprehensive  and  rich  feature
information. Thus, the effective separation of the target area and the
background  in  the  image  is  realized.  The  CA structure  diagram  is
shown in Figure 5.
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Input feature maps are globally average pooled in the direction
of  width  and  height  respectively[23];  H  and  W  are  the  height  and
width  of  the  input  feature  map  respectively,  and  the  expression  of
the c channel with height h is as follows:

zh
c(h) =

1
W

∑
0≤i<W

xc(h, i) (1)

zh
c(h) h

xc(h, i)
where,    is  output  of  the  cth  channel  at  height  values  of  ;

 is the eigenvector of the first row.
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Figure 3    Data enhancement results
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Similarly,  the  expression  for  the c  channel  with  width w  is  as
follows:

zw
c (w) =

1
H

∑
0≤ j<H

xc( j,w) (2)

zw
c (w) xc( j,w)where,   is the output of the c channel in height;   is the

eigenvector in the first row.
The  feature  maps  in  width  and  height  directions  are  obtained

respectively,  and  the  features  in  the  two  spatial  directions  are
aggregated  through  one-dimensional  global  pooling  operation,  so
that  the  attention  module  can  capture  the  correlation  along  one
spatial direction and retain the position information along the other
spatial  direction,  thus  helping  the  network  to  capture  the  target  of
interest more accurately[24]; then 1×1 convolution is used to perform
the transformation operation. The expression is as follows:

f = δ(F1([zh,zw]) (3)

zh,zw

where,  f  is  an  intermediate  feature  map  that  encodes  spatial
information  in  horizontal  and  vertical  directions;  δ  is  a  nonlinear
activation  function; F1  is  1×1  convolution  transformation;    is
coded output.

Then  f  is  divided  into  two  separate  tensors,  and  1×1
convolution is used respectively to transform them to have the same
number  of  channels  as  X.  Finally,  the  attention  weight  matrix  is
obtained  by  Sigmoid  activation  function.  The  expressions  are  as
follows:

gh = σ(Fh( f h))

gw = σ(Fw( f w))
(4)

gh gw

Fh,Fw σ

where,  ,    are  characteristic  tensors  along  the  horizontal  and
vertical directions;   are 1×1 convolution transformation;   is
Sigmoid activation function.

The expression for  the output  through the coordinate  attention
module is as follows:

yc(i, j) = Xc(i, j)×gh
c(i)×gw

c ( j) (5)

yc(i, j) Xc(i, j)
gh

c(i) gw
c ( j)

where,    is  the  final  output;    is  the  input  feature  map;
,    is  the weight of attention in the horizontal  and vertical

directions.
 3.4    CBAM attention mechanism

CBAM attention mechanism is  composed of  channel  attention
mechanism  and  spatial  attention  mechanism.  Starting  from  the
scope  of  channel  and  spatial,  CBAM  introduces  spatial  attention
and  channel  attention  to  realize  the  sequential  attention  structure
from  channel  to  space[25].  Spatial  attention  can  make  the  neural
network pay more attention to the pixel regions that play a decisive
role  in  the  classification  of  the  image  and  ignore  the  unimportant
regions.  Channel  attention  is  used  to  deal  with  the  distribution
relationship of the channel in the feature map. At the same time, the
attention  allocation  of  the  two  dimensions  enhances  the
performance  improvement  of  the  attention  mechanism[26].  The
CBAM structure diagram is shown in Figure 6.
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The  input  feature  graph  F  is  globally  averaged  and  globally
maximally  pooled  to  obtain  one-dimensional  feature  vectors
respectively.  The  two  feature  vectors  pass  through  an  MLP  with
shared weights, then the weights are added, and finally the Sigmoid
activation  function  is  scored  to  get  the  channel  attention
mechanism. The expression is as follows:

Mc(F) =σ(MLP(AvgPool(F))+MLP(MaxPool(F))) =

σ(W1(W0(Fc
avg))W1(W0(Fc

max))) (6)

Mc(F) σwhere,    is  channel  attention  vector;    is  Sigmoid  activation
function.

Ms

The  input  feature  map  F′  is  globally  average  pooled  and
globally  maximum  pooled  in  channel  dimension  to  obtain  the
feature map with the same size as F',  and the two feature maps are
combined.  Then  a  7×7  convolution  kernel  is  used  for  the
convolution operation, and finally the spatial attention vector   is
obtained through the Sigmoid activation function. The expression is
as follows:

Ms(F) =σ( f 7×7([AvgPool(F);MaxPool(F)])) =

σ( f 7×7([F s
avg; F s

max])) (7)

Ms(F) σwhere,   is a spatial attention vector;   is Sigmoid activation
function.

MsFinally, F′ is multiplied by the attention vector   to obtain the
final feature graph. The expression is as follows:

Refine Feature = F ′ ×Ms (8)

Refine Feature Mswhere,    is  the  final  feature  map;    is  a  spatial
attention vector.
 3.5    DIoU loss function

YOLOv7  adopts  the  CIoU  loss  function  calculation  method,
but  the  CIoU loss  function  is  largely  dependent  on  the  aggregated
bounding  box  regression  indicator  and  does  not  take  into  account
the  desired  mismatch  direction  between  the  truth  box  and  the
prediction  box.  DIoU  loss  function  adds  the  detection  frame,
including  both  the  real  frame  and  the  prediction  frame,  and  takes
into account the distance, overlap rate, and scale between the target
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and anchor, so that the target frame regression becomes more stable
and  does  not  have  problems  such  as  divergence  in  the  training
process like IoU. DIoU loss function was calculated as follows:

LDIoU = 1− IoU+
ρ2(b,bgt)

c2
(9)

c
ρ2(b,bgt)

where,    is  the  diagonal  length  of  the  smallest  enclosing  box  that
covers  both  boxes;    is  the  distance  between the  centers  of
the two boxes.
 3.6    GIoU loss function

The  CIoU  loss  function  demonstrates  certain  limitations  in
handling  non-overlapping  bounding  boxes,  as  it  fails  to  provide
effective optimization when the predicted box and target box do not
intersect.  Moreover,  when  the  dimensions  of  both  boxes  remain
constant,  the  CIoU  loss  value  remains  unchanged  for  any
configuration  that  yields  the  same  intersection  value,  meaning  it
cannot  distinguish  between  different  spatial  relationships  that
produce identical intersection areas. To overcome these drawbacks,
GIoU  introduces  the  concept  of  the  minimum  enclosing  rectangle
that  contains  both  the  predicted  and  ground  truth  boxes.  This
approach preserves the essential properties of IoU while effectively
addressing the identified shortcomings of CIoU. The calculation of
GIoU is defined as follows:

GIoU = IoU− Ac −U
Ac

(10)

Ac Uwhere,    is  the  area  of  two  rectangles;    is  a  union  of  two
rectangular boxes.

Then the expression of the GIoU loss function is as follows:

LGIoU = 1−GIoU (11)

 3.7    Model training and evaluation index
 3.7.1    Training environment details

This test environment is based on the deep learning framework
built  by  Windows  10,  Python3.9,  Pytorch,  and  Cuda[27],  and  the
graphics card of the test hardware environment is NVIDIA GeForce
RTX  3090.  The  number  of  training  iterations  is  300,  the  training
batch size is 32, the learning rate is 1e-6, and the optimizer is SGD.
 3.7.2    Evaluation index

In  order  to  verify  the  feasibility  of  the  rape  seedlings  model,
this  paper  selected  accuracy P  (Precision),  Recall R  (Recall),  and
mAP  (mean  Average  Precision)  as  evaluation  metrics  used  in  the
evaluation  of  the  rapeseed  seedling  models[28].  The  specific
definitions of these evaluation metrics are as follows:

P =
TP

TP+FP
(12)

R =
TP

TP+FN
(13)

If an object is correctly predicted and the IoU threshold exceeds
the  value  we  set,  then  the  object  is  considered  a  positive  sample.
Otherwise the other objects are considered a negative sample, where
TP  (True  Positives)  represent  the  number  of  correctly  classified
rapeseed  seedlings  where  both  the  detection  result  and  the  ground
truth  are  rapeseed  seedlings;  FP  (False  Positives)  represent  the
number  of  incorrectly  classified  where  the  detection  result  is
rapeseed  seedling  and  the  ground  truth  is  background;  FN  (False
Negatives) represent the number of incorrectly classified where the
detection result  is the background and the ground truth is rapeseed
seedling.

AP  represents  the  area  enclosed  by  precision  and  recall  rates.
The specific calculation method is shown in Equation (14); P(R)dR

is  a  function  with  recall  rate  as  the  horizontal  coordinate  and
precision as the vertical coordinate. In Equation (15), mAP refers to
the  average  value  of  AP  in  all  categories,  where  n  represents  the
number of categories in the dataset. For the purposes of this article,
there is only one category to be detected, so mAP can be regarded
as AP. It should be noted that mAP (mean Average Precision) is an
important  metric  for  evaluating  the  overall  performance  of  model
detection  results,  which  specifically  includes  mAP@0.5  and
mAP@0.5:0.95.  mAP@0.5  represents  the  average  detection
accuracy  at  an  Intersection  over  Union  (IoU)  threshold  of  0.5,
reflecting  the  model’s  performance  under  basic  localization
requirements.  mAP@0.5:0.95  comprehensively  measures  the
robustness  of  the  model  under  different  localization  accuracy
requirements  by  calculating  the  average  mAP  across  multiple  IoU
thresholds from 0.5 to 0.95 with a step size of 0.05.

AP =
w 1

0
P(R)dR×100% (14)

mAP =
1
n

n−1∑
i=1

API ×100% (15)

 4    Results
 4.1    Detection effect of undivided dataset

Before dividing the dense and non-dense datasets, the YOLOv7
model  was  used  to  detect  the  rapeseed  seedling,  and  the  detection
results are shown in Figure 7. As shown in Figure 7a and Figure 7b,
false detection and missing detection of overlapping detection boxes
occurred,  which  are  especially  significant  in  the  dense  region  of
rapeseed  seedlings.  Therefore,  the  dense  and  non-dense  areas  are
divided,  and  the  detection  algorithms  of  rapeseed  seedlings  are
improved  and  analyzed  respectively  to  improve  the  accuracy  and
robustness of the model in dense scenarios.
  

a. False detection of rapeseed seedling b. Missing detection of rapeseed seedling

Figure 7    Effectiveness of rapeseed seedling detection
 

 4.2    Experimental results of different attention mechanisms
After testing the seedlings, it is found that there are problems of

false detection and missing detection. In view of these two kinds of
problems,  attention  modules  were  added  to  the  backbone  of
YOLOv7 respectively,  and  comparative  tests  were  conducted.  The
test  results  are listed in Tables 1 and 2.  For the non-dense dataset,
compared  with  the  addition  of  SE  and  CBAM  attention  modules,
accuracy was improved up to 95.23%, and it had the highest mean
improvement  in  average  accuracy.  For  the  dense  dataset,  after
adding  CBAM  attention  mechanism,  the  accuracy  improves  to
94.57%.
  

Table 1    Comparison of results of different attention
mechanisms in non-dense dataset

Method P/% R/% mAP@0.5/% mAP@0.5:0.95/%
YOLOv7 95.10 93.54 96.37 58.58

SE 94.26 92.63 95.58 55.46
CBAM 95.16 93.38 96.21 57.72
CA 95.23 93.20 96.46 58.58
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Table 2    Comparison of results of different attention
mechanisms in dense dataset

Method P/% R/% mAP@0.5/% mAP@0.5:0.95/%

YOLOv7 93.67 93.47 95.67 55.62

SE 92.63 92.43 94.58 53.79

CBAM 94.57 92.21 95.63 61.88
CA 93.02 92.72 95.10 54.80

 

 4.3    Test results of different loss functions
For  the  non-dense  dataset,  improvements  were  made  on  the

basis  of  adding  CA  attention  mechanism,  and  different  loss
functions  were  substituted  for  comparison.  The  comparison  results
are listed in Table 3. It can be seen that, after substituting the DIoU
loss  function,  the  overall  accuracy  increases  by  2.55%,  mAP@0.5
increases by 1.86%, and mAP@0.5:0.95 increases by 8.28%.
  
Table 3    Comparison of loss functions of different IoU in non-

dense dataset
Method P/% R/% mAP@0.5/% mAP@0.5:0.95/%
CIoU 95.23 93.2 96.46 58.58
EIoU 97.42 96.00 98.22 66.13
DIoU 97.78 96.08 98.32 66.86
GIoU 97.69 96.57 98.50 67.75

For the dense dataset, the CBAM attention mechanism is added
and  improved,  and  different  loss  functions  are  substituted  for
comparison. The comparison results are listed in Table 4. As shown,
after  substituting  the  GIoU  loss  function,  the  overall  accuracy  is
increased  by  3.28%,  mAP@0.5  is  increased  by  1.28%,  and
mAP@0.5:0.95 is increased by 8.02%.
 
 

Table 4    Comparison of loss functions of different IoU
in dense dataset

Method P/% R/% mAP@0.5/% mAP@0.5:0.95/%

CIoU 94.57 92.21 94.63 61.88

EIoU 95.71 89.61 94.49 62.30

DIoU 96.12 87.96 92.72 60.34
GIoU 97.85 94.53 95.91 69.90

 

The  convergence  performance  of  different  loss  functions  is
shown in Figure 8. As can be seen from Figure 8a, EIoU, GIoU, and
DIoU are significantly better than the model without a replacement
function.  The  convergence  speeds  of  EIoU  and  GIoU  are  similar,
and  the  overall  fluctuation  of  DIoU  is  small  compared  with  other
loss  functions.  As  can  be  seen  from  Figure  8b,  the  convergence
rates of EIoU, GIoU, and DIoU are very similar, and GIoU has the
best performance.
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Figure 8    Loss function curves of different IoU

 
 4.4    Test results before and after YOLOv7 improvement

By integrating  the  CA attention  mechanism into  the  backbone
network  of  the  non-dense  dataset,  the  capability  of  the  model  to
extract  features  of  rapeseed  seedlings  is  significantly  enhanced.
Additionally,  the  DIoU  loss  function  is  adopted,  which  offers
notable  advantages  in  accelerating  convergence  speed  and
improving positioning accuracy. The detailed comparison of model
performance  before  and  after  these  improvements  is  presented  in
Table 5.
  

Table 5    Comparison of improvements in non-dense datasets
Method P/% R/% mAP@0.5/% mAP@0.5:0.95/%

YOLOv7 95.1 93.54 96.37 58.58

Improved YOLOv7 97.78 96.08 98.32 66.86
 

By introducing CBAM attention mechanism, the dense dataset
can  improve  the  generalization  ability  of  the  model  and  use  the
GIoU  loss  function  as  a  replacement,  which  helps  to  improve  the
accuracy of the rapeseed seedling detection model in the boundary
box  regression  task.  The  comparison  before  and  after  the
improvement is listed in Table 6.

As can be seen from Table 5, after the improvement of the non-

dense dataset, the accuracy rate of YOLOv7 model is improved by
2.68%,  recall  rate  by  2.54%,  mAP@0.5  by  1.95%,  and
mAP@0.5:0.95  by  8.28%.  As  can  be  seen  from  Table  6,  the
accuracy  rate  of  the  improved  model  with  the  dense  dataset
increases by 4.18%, recall rate by 1.06%, mAP@0.5 by 0.24%, and
mAP@0.5:0.95  by  14.28%.  In  order  to  better  verify  the
effectiveness  of  the  improved  method,  the  non-dense  and  dense
datasets were respectively tested before and after the improvement.
The result is shown in Figure 9, where the red circles indicate areas
with missed or false detections. All three pre-improvement datasets
exhibit instances of missed or false detections, while all three post-
improvement models achieve accurate identification.
  

Table 6    Comparison of dense dataset improvements
Method P/% R/% mAP@0.5/% mAP@0.5:0.95/%

YOLOv7 93.67 93.47 95.67 55.62

Improved YOLOv7 97.85 94.53 95.91 69.90
 

 4.5    Ablation experiment
In  order  to  verify  whether  the  improved  YOLOv7  model  is

reasonable  and  effective  in  practical  application,  ablation
experiments are carefully conducted on the improved dense and non-
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dense  sub-models  respectively.  For  the  non-dense  sub-models,  the
CA  attention  mechanism  and  DIoU  loss  function  are  substituted
step  by  step  on  the  basis  of  the  original  YOLOv7 baseline  model.
For  the  dense  sub-model,  the  CBAM  attention  mechanism  and
GIoU loss function are substituted into the backbone network layer
by layer on the basis of the original YOLOv7 baseline model, so as
to systematically verify the effectiveness of each key improvement
point.  The  ablation  experiment  results  are  listed  in  Table  7  and
Table 8, where “√” indicates that the model included the given item
and “-” indicates that the model did not include it.

In Table 7, Experiment 1 is the original YOLOv7 model; under
the  condition  that  CIoU  loss  function  is  used,  mAP@0.5  value  is
96.37%. Experiment 2 introduces the CA attention mechanism, and
the P value and mAP@0.5 increase slightly. Experiment 3 replaces
CIoU loss function with DIoU loss function,  and both P and mAP
values  increase.  Experiment  4  replaces  on  the  basis  of  the
introduction  of  CA  attention  mechanism.  Compared  with  the
original  data,  the  P value  increases  by  2.68%,  mAP@0.5  value
increases by 1.95%, and mAP@0.5:0.95 value increases by 8.28%.
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Figure 9    Improved pre- and post-test results

 
 

Table 7    Experimental results of non-dense dataset
Test No. CA DIoU P/% R/% mAP@0.5/% mAP@0.5:0.95/%

1 - - 95.1 93.54 96.37 58.58
2 √ - 95.23 93.20 96.46 58.58
3 - √ 95.84 94.60 96.94 60.83
4 √ √ 97.78 96.08 98.32 66.86

 
 

Table 8    Experimental results of dense dataset
Test No. CBAM GIoU P/% R/% mAP@0.5/% mAP@0.5:0.95/%

1 - - 93.67 93.47 95.67 55.62
2 √ - 94.57 92.21 95.63 61.88
3 - √ 95.71 94.02 95.58 66.83
4 √ √ 97.85 94.53 95.91 69.9

 

Similarly,  in  Table  8,  Experiment  1  is  the  original  model.
Experiment  2  introduces  CBAM  attention  mechanism,  and P  and

mAP@0.5:0.95  are  improved.  Experiment  3  replaces  the  original
loss  function  with  GIoU;  the  precision  value  increases  by  2.04%,
while the mAP@0.5:0.95 value increases by 11.21%. Experiment 4
introduces CBAM attention module and uses the GIoU loss function
to  replace  the  original  one.  Compared  with  the  original,  the
precision  value  increases  by  4.18%,  mAP@0.5  value  increases  by
0.24%, and mAP@0.5:0.95 value increases by 14.28%.
 4.6    Comparison of recognition effect of different algorithms

In  order  to  verify  the  effectiveness  of  the  rapeseed  seedling
counting  algorithm  proposed  in  this  paper,  four  different  models
including  SSD,  YOLOv5,  YOLOv7,  and  YOLOv7-tiny  were
selected to identify rapeseed seedlings respectively. The recognition
effects are shown in Figure 10, where red circles indicate areas with
missed or false detections. While the SSD, YOLOv5, YOLOv7, and
YOLOv7-tiny models all exhibit varying degrees of missed or false
detections,  the  improved  YOLOv7  model  achieves  accurate
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identification  in  all  comparative  cases.  Experimental  results
demonstrate that the proposed enhanced model effectively improves

detection  reliability  for  rapeseed  seedlings  in  dense  environments,
significantly reducing the occurrence of missed and false detections.

 
 

SSD

YOLOv5

YOLOv7

YOLOv7-tiny

Improved YOLOv7

Model Non-dense area Dense area

Figure 10    Effects of recognition with different algorithms
 

 4.7    Improved before and after counting comparison
To validate the effectiveness of the proposed improvements to

the  YOLOv7  model,  comprehensive  ablation  experiments  were
systematically  conducted  on  both  the  enhanced  dense  and  non-
dense  model  variants.  For  the  non-dense  model  configuration,  the
CA  mechanism  was  integrated  and  the  DIoU  loss  function  was
substituted  into  the  baseline  YOLOv7  architecture.
Correspondingly,  for  the  dense  model  variant,  the  CBAM  was
incorporated alongside the replacement with the GIoU loss function
within  the  backbone  network.  These  controlled  experimental
configurations were specifically designed to isolate and evaluate the
individual  contributions  of  each  modification,  thereby  providing
empirical  evidence  for  the  rationality  of  the  proposed
enhancements.

In  Figure  11,  the  purple  circle  indicates  misdetection,  the
yellow circle indicates missed detection, and the red rectangular box
indicates  dense  area.  The  counting  results  are  listed  in Table  9.  It
can be seen from the results that the number of improved test counts
are  all  increased,  and  there  are  both  false  detection  and  missing
detection in groups 1 and 2, but the number of missing detections is
significantly more than the number of false detections. The counting
results  also  show an  increase,  which  further  verifies  the  feasibility
of the proposed method.
 
 

Table 9    Counting test results
Test number Undifferentiated count Integration counting Increased number

1 130 131 1
2 147 159 12
3 168 192 24
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Figure 11    Improved before and after counting comparison
 

 5    Conclusions
In this  study,  based on a  novel  dataset-making method and an

improved target detection algorithm, a solution for accurate seedling
recognition  under  different  densities  is  constructed.  The  dataset
production method that  automatically divides dense and non-dense
datasets  and  the  oilseed  rape  seedling  recognition  model  based  on
improved  YOLOv7  are  proposed.  The  main  conclusions  are  as
follows:

In order  to  focus more on the more critical  parts  of  the image
and extract more comprehensive and richer feature information, the
CA  attention  mechanism  and  CBAM  attention  mechanism  are
added to the backbone network, respectively. The results show that,
for the non-dense dataset, compared with the addition of the SE and
CBAM attention modules, the accuracy of the model is improved to
95.23%  after  the  addition  of  the  CA  attention  module,  and  the
average  mean  accuracy  improvement  is  the  highest.  For  the  dense
dataset,  the  accuracy  improves  to  94.57% after  adding  the  CBAM
attention mechanism.

On  the  basis  of  introducing  the  attention  mechanism,  loss
functions  DIoU  and  GIoU  are  used  to  replace  the  original  loss
functions. The results show that for non-dense datasets, the overall
accuracy  is  improved  by  2.68%,  mAP@0.5  by  1.86%,  and
mAP@0.5:0.95  by  8.28%  after  replacing  with  the  DIoU  loss
function.  For  dense  areas,  the  overall  accuracy  is  improved  by
3.28%,  mAP@0.5  by  0.24%,  and  mAP@0.5:0.95  by  8.02%  after
replacing with the GIoU loss function.

The improved YOLOv7 model  in  this  paper  is  compared with
the  SSD,  YOLOv5,  YOLOv7,  and  YOLOv7-tiny  network  models.
The  results  show  that  the  improved  YOLOv7  model  has  the  best
performance in recognition effect and counting, and the number of
counting has increased in different degrees in the test. Compared to
the  original  YOLOv7  model,  the  accuracy  of  the  improved  non-
dense area is increased by 2.68%, mAP@0.5 is increased by 1.95%,
and  mAP@0.5:0.95  is  increased  by  8.28%.  The  accuracy  of  the
improved dense area is increased by 4.18%, mAP@0.5 is increased
by 0.24%, and mAP@0.5:0.95 is increased by 14.28%.
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