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  HIGHLIGHTS
● A dataset of tea leaf diseases containing
multiple planting environments and categories
was constructed.

● A robust and accurate method for real-time
tea leaf diseases detection based on GDE-
YOLO was proposed.

● GDE-YOLO achieved remarkable 91.7%
precision in tea leaf diseases recognition,
which was 3.1% higher than YOLOv8n.

● Edge device deployment on NVIDIA Jetson
Orin Nano was achieved and the field
experiments exhibited superior performance.
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  GRAPHICAL ABSTRACT
 

  ABSTRACT
To  address  the  inherent  problems  of  high  labor  costs  and  poor  efficiency  of
current  visual  diagnosis  methods  for  tea  leaf  diseases,  this  study  proposes  a
GDE-YOLO-based  real-time  detection  method  for  tea  leaf  diseases
identification  in  complex  tea  plantation  environments.  The  proposed
architecture integrates three key enhancements:  (1)  combination of  the neck
network with a global attention mechanism (GAM), (2) optimization of the C2f
module  through  a  diverse  branch  block  (DBB),  and  (3)  replacement  of  a
complete  intersection  over  union  loss  function  with  an  efficient  intersection
over  union  loss  function,  collectively  improving  recognition  accuracy  and
speed.  Experimental  validation  demonstrates  that  GDE-YOLO achieved  91.7%
precision (3.1% higher than YOLOv8n) across different tea plantation scenarios
and disease types, with specific improvements of 0.7% for tea anthracnose and
12.4% for tea white spot detection. Also, the enhanced model attained 80 FPS
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real-time performance. The deployment test on the NVIDIA Jetson Orin Nano
edge  device  showed  that  GDE-YOLO  could  achieve  precise  diseases
identification with confidence threshold > 0.8 and inference speed maintaining
18  FPS,  satisfying  edge  computing  requirements  of  accuracy  and  real-time
performance.  This  research  provides  critical  technical  foundations  for  vision-
guided  precision  sprayers  in  tea  plantations,  while  promoting  the  practical
implementation of machine vision in intelligent agricultural management.

© The Author(s) 2026. Published by Higher Education Press. This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0)

  

1    Introduction
 
Tea  is  one  of  the  most  widely  consumed  non-alcoholic
beverages  globally[1],  with  over  two  billion  cups  consumed
daily[2]. Tea is not only delicate and delicious but also effective
in reducing cholesterol and blood pressure,  improving human
immunity, and preventing and treating Alzheimer’s disease[3,4].
China is the leading global producer of tea[5]. In 2023, the tea-
growing area in China reached 3.43 Mha, accounting for 62.2%
of  the  global  total,  with  a  year-on-year  growth  of  3.3%[6].
According  to  recent  statistics  from  the  UN  Food  and
Agriculture  Organization  of  the  United  Nations,  tea
production in China was 3.25 Mt in 2023,  representing nearly
half  of  the  global  production,  with  a  2.2%  annual  growth
rate[7].  However,  tea  plants  are  susceptible  to  various  diseases
during the summer-autumn growing season[8], posing a major
constraint  to  both  yield  and  quality.  Although  boom  sprayers
are widely used due to their time saving, labor saving, efficient
and  stable  characteristics,  their  use  creates  issues  such  as
pesticide  waste  and  environmental  pollution,  struggling  to
meet  the  development  demands  of  modern  agriculture  for
green  practices,  intelligent  solutions,  precision  operations  and
sustainability[9].  With  the  rapid  advancement  of  precision
agriculture  and  artificial  intelligence  (AI)  technologies,
precision  spraying  machines  are  gradually  becoming  key  way
to replace standard boom sprayers. Among these, the rapid and
accurate  identification  of  tea  leaf  diseases  in  complex  tea
plantation  environments  (i.e.,  scenarios  where  factors  such  as
light  changes,  vegetation  obstruction,  weather  variations  and
background  interference  that  affect  the  performance  of  the
model  in  disease  detection)  serves  as  a  key  component  in  the
deployment  of  precision  spraying  machines[10].  Therefore,
developing  a  tea  leaf  disease  detection  method  that  combines
high accuracy, real-time performance and strong robustness is
of significant importance.

Current methods for tea leaf disease detection primarily rely on
expert  diagnosis  through  direct  visual  observations.  This
approach  is  time-consuming,  incurs  high  labor  costs,  is  not
suitable  for  large-scale  tea  plantations  and  is  prone  to
misjudgment  due to  subjective  factors[11].  Compared to  visual
diagnostic  methods,  chemical  detection  methods  can  detect
diseases  at  early  stages,  providing  a  scientific  and  accurate
diagnosis  for  diseases  prevention  and  control[12,13].  Common
chemical  detection  technologies  primarily  include  high
performance  liquid  chromatography,  gas  chromatography,
mass  spectrometry  and  gas  chromatography-mass
spectrometry[14].  However,  these  methods  have  certain
limitations due to their reliance on specialized instruments for
data  acquisition,  such  as  microscopes,  chromatographs  and
mass  spectrometers,  which  are  characterized  by  high  costs,
challenging maintenance requirements and the need for highly
skilled  technical  personnel.  Subsequently,  researchers  have
adopted  remote  sensing  imagery  for  detection,  which  offers
advantages  including  broad  applicability,  reduced  labor  costs
and  multidimensional  data  acquisition  capabilities[15].
However,  this  approach  has  constrained  efficacy  due  to
susceptibility  to  resolution  limitation  and  environmental
interference,  with  applicability  restricted  to  specific  disease
types. Hyperspectral imaging has emerged as a non-destructive
sensing  technology  demonstrating  significant  potential  for
detecting crop diseases and pest infestations[16]. This technique
enables  the  simultaneous  acquisition  of  spatial  and  spectral
information,  characterized  by  non-destructive  operation,  high
efficiency  and  measurement  precision[17,18].  Nevertheless,  its
practical  implementation  presents  significant  challenges,
including  substantial  equipment  costs,  complex  data
processing  requirements  and  environmental  sensitivity  under
field conditions[19]. Machine vision showcases the capability to
replace  manual  operations  through  low-cost,  high-precision
image  processing  and  automated  analysis,  significantly
enhancing  agricultural  production  efficiency.  Consequently,
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machine  vision  technology  has  gained  extensive  attention  in
the  research  of  crop  diseases  and  pests  identification  in
precision agriculture.

In  the  evolution  of  machine  vision  architectures,  the  initial
image  processing  phase  predominantly  uses  manual  feature
engineering  methodologies  combined  with  mathematical
transformation  techniques  (e.g.,  scale-invariant  feature
transformation  and  histogram  of  oriented  gradients)  for
elementary  object  recognition,  which  exhibited  constrained
generalization  capabilities[20].  With  the  rapid  advancement  of
computer  technologies,  machine  learning  models  including
support vector machines and Adaboost[21] gained prominence
in  tea  leaf  diseases  identification  due  to  their  operational
efficiency  and  algorithmic  flexibility,  demonstrating
commendable  diagnostic  performance.  Nevertheless,  these
approaches  still  required  manual  feature  extraction  while
showing  constrained  competence  in  processing  high-
dimensional  and  unstructured  data[22,23].  The  recent  surge  in
computational  hardware  capabilities  and  exponential
expansion  of  agricultural  big  data  have  catalyzed  the
integration  of  deep  learning  into  crop  diseases  and  pests
identification  systems.  This  paradigm  shift  capitalizes  on  the
capacity of end-to-end learning architectures to model intricate
nonlinear  relationships[24].  Not  only  can  it  automatically
extract target features with minimal manual intervention, but it
also  captures  nonlinear  relationships  within  data,  making  it
particularly  suited  for  processing  high-dimensional  and
unstructured data, such as images and speech signals[25,26]. It is
worth  noting  that  a  growing  number  of  researchers  have
applied  deep  learning  to  tea  leaf  diseases  identification  and
achieved  significant  results.  Hu  et  al.[27] improved  the
convolutional  neural  network  (CNN)  by  using  multiscale
feature  extraction  modules  and  depthwise  separable
convolutions.  Experimental  results  presented  that  the
enhanced model achieved higher average recognition accuracy
compared  to  standard  machine  learning  and  deep  learning
methods,  while  exhibiting  significantly  fewer  parameters  and
requiring  fewer  convergence  iterations  than  established  deep
learning  network  models  such  as  VGG16  and  AlexNet.  Liu
et  al.[28] combined  a  trainable  attention  mechanism  for
explanations module with the backbone network of  the Faster
R-CNN framework for tea leaf disease detection. Experimental
results  showed that  the  proposed  algorithm achieved  superior
mean  average  precision  (mAP)  compared  to  YOLOv5,
YOLOv7 and original Faster R-CNN. Although existing tea leaf

diseases  identification  methods  have  achieved  high  accuracy
rates,  the  data  sets  they  use  are  captured  under  well-lit
conditions  and  do  not  account  for  the  impacts  of  complex
environmental  factors  on  model  performance[29],  such  as
excessive  lighting,  insufficient  lighting,  rainy  weather,  soil
coverage,  and  obstruction  by  leaves  and  branches.  Therefore,
there  is  a  clear  need  to  develop  a  real-time  tea  leaf  disease
detection  method  that  maintains  high  accuracy  and  robust
stability in authentic complex tea plantation environments.

Building  upon  this  background,  this  study  aimed  to:
(1) construct a tea leaf disease data set encompassing multiple
complex  plantation  environments  and  disease  types,
(2)  develop a  machine vision model  with high robustness  and
accuracy for real-time detection of tea leaf diseases in complex
plantation  environments,  (3)  analyze  and  validate  model
performance  through  ablation  study,  visualization  and
comparative  evaluations,  and  (4)  deploy  the  developed  model
on  edge  devices  to  assess  its  feasibility  for  real-world
implementation in future research.
 

2    Materials and methods
 
This study aimed to develop a tea leaf disease detection model
applicable  for  natural  tea  plantation  environments.  Through
architectural  refinements  to  the  YOLOv8n model,  we  enabled
high-precision  real-time  detection  across  diverse
environmental  conditions,  with  subsequent  edge  deployment
validation  on  the  NVIDIA  Jetson  Orin  Nano  platform.  The
overall flowchart of this study is given in Fig. 1.
 

2.1    Data acquisition
 

2.1.1    Image acquisition
The image data  set  used was obtained from the tea  plantation
located  at  the  Cangshan  Campus  of  Fujian  Agriculture  and
Forestry University (26°4′54′′ to 26°4′55′′ N; 119°14′23′′ to 119°
14′27′′ E), Fuzhou City, Fujian Province, China. Figure 2 shows
the  tea  plantation  situation  and  symptomatic  leaf  samples
corresponding  to  different  diseases.  Under  the  guidance  of
phytopathology experts, RGB images of three prevalent tea leaf
diseases,  viz.,  tea  algal  leaf  spot  (TALS),  tea  anthracnose  (TA)
and  tea  white  spot  (TWS),  were  captured  using  a  Xiaomi  13
smartphone  equipped  with  an  aperture  of  f/1.8  and  a  focal
length  of  23  mm.  The  Xiaomi  13  smartphone  integrates  a
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triple-camera  system  co-engineered  with  Leica.  The  primary
camera  is  equipped  with  a  54-MP  Sony  IMX800  sensor
featuring  HyperOIS  optical  image  stabilization,  the  secondary
camera  array  comprises  a  12-MP  ultra-wide-angle  lens  (112°
field of view) and a 10-MP telephoto lens (75 mm focal length,
3×  optical  zoom).  During  image  capture,  the  native  Leica
authentic-look profile of the phone was used, with HDR mode
and distortion  correction  enabled,  and  a  photo  quality  setting
of ‘High’.  Image  acquisition  was  conducted  in  September  to
November  2024  at  a  working  distance  of  15–25  cm,  image

resolution of is 3072 × 4096 px and saved in JPG format. Given
that varying weather conditions and lighting at different times
of  day  can  lead  to  significant  differences  in  images,  data  was
collected  during  three  time  periods  (7:00–9:00,  11:00–13:00,
17:00–19:00  local  time)  under  different  weather  conditions
including on sunny, cloudy and rainy days to enhance data set
diversity.  A total  of  1811 images were collected,  covering nine
distinct  environmental  conditions:  frontlighting,  dim  light,
backlighting,  reflection,  shadow,  staining,  after  rain,  leaf
obstruction and branch obstruction (Fig. 3). 

 

 
Fig. 1    Overall flowchart of tea leaf disease detection for diverse environmental conditions and disease types.

 

 

 
Fig. 2    Tea  plantation  context  and  symptom  on  leaf  samples  corresponding  to  three  tea  diseases:  (a)  tea  plantation,  (b)  algal  leaf  spot,
(c) anthracnose, and (d) white spot.
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2.1.2    Data augmentation
To  enhance  model  recognition  performance,  data
augmentation[30] was  used  to  increase  data  set  diversity.  This
approach  not  only  improves  the  generalization  capability  and
robustness of the model but also mitigates challenges posed by
sample imbalance in complex tea plantation environments[31].
PyCharm  2023  software  (JetBrains,  Prague,  Czech  Republic)
and  image  processing  tools  were  used  for  data  augmentation,
including  brightness  adjustment  [using  the addWeighted
function in the OpenCV library, the alpha value range was (1.1,
1.3),  and  the  other  parameters  value  were  0],  noise  addition
(the  noise  type  is  Gaussian  and  the  variance  was  0.1),  and
random  rotation  (the  image  was  rotated  by  a  random  angle
around the center point, ranging from –180° to 180°), as shown
in Fig. 4.  The  original  data  set  was  quadrupled  through  this
data augmentation technique. 

2.1.3    Data set creation
The  open-source  annotation  tool  LabelImg[32] was
implemented  to  annotate  the  image  data  set.  Following  script
execution,  all  tea  leaf  diseases  images  were  subsequently
annotated  with  predefined  categorical  leaf  disease  labels  (viz.,
TALS,  TA  and  TWS).  Subsequently,  standard  text  files
compliant with YOLO annotation protocol were generated for
each image, encapsulating tea leaf diseases classifications paired
with normalized bounding box parameters (center coordinates,
width  and  height)  in  floating-point  representation.  These
annotation files were subsequently used as training data for the
convolutional  neural  network.  Data  augmentation  operations
did  not  change  the  actual  positions  of  tea  leaf  diseases  in  the
images  but  rescale  the  coordinates  of  the  bounding  boxes
through  specific  transformations  to  update  the  diseases
coordinates in the text annotation files. In the field of computer
vision,  the normal ratio for dividing a small-scale data set  (no
more than 10,000 samples)  into a  training set,  a  validation set
and  a  test  set  is  6:2:2.  In  this  case,  the  training  data  are
relatively limited, which may lead to underfitting of the model.
Therefore, we adopted a 7:2:1 ratio for division, increasing the
training  data  to  enhance  the  model  training  effect.  Although
the proportion of the test set has decreased, all its images were
strictly  selected,  covering  all  types  of  tea  leaf  diseases  and
complex backgrounds, ensuring the diversity and reality of the
test  data,  which  is  sufficient  for  reliable  evaluation.  The
augmented  data  set  was  ultimately  partitioned  into  a  training
set (4212 images, 70%), a validation set (301 images, 20%) and
a test  set  (152 images,  10%).  The details  of  the tea leaf  disease
detection data set are formally documented in Table 1.
 

2.2    GDE-YOLO model
YOLOv8, one of the most recent iterations in the YOLO series
of  real-time  object  detection  architectures,  features  a  network
structure  comprising  four  principal  components:  input  image

 

 
Fig. 3    Tea  leaf  diseases  in  different  environments:
(a)  frontlighting,  (b)  dim  light,  (c)  backlighting,  (d)  reflection,
(e)  shadow,  (f)  staining,  (g)  after  raining,  (h)  leaf  obstruction,
and (i) branch obstruction.

 

 

 
Fig. 4    Tea leaf disease after data augmentation: (a) original, (b) brightness adjustment, (c) noise addition, and (d) random rotation.
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preprocessing,  backbone  for  hierarchical  feature  extraction,
neck  for  multiscale  feature  fusion and head for  bounding  box
regression  and  classification  predictions[33] YOLOv8
implements  multiple  architectural  enhancements  to  optimize
the  speed-accuracy  balance,  including  three  core  innovations:
replacement  of  C3  module  with  computationally  efficient  C2f
module  in  both  backbone  and  neck  networks,  adoption  of
decoupled  detection  heads  superseding  standard  coupled
architectures and paradigm shift from anchor-based to anchor-
free  detection  framework[34].  Through  these  architectural
refinements,  the  YOLOv8  model  can  deliver  significantly
enhanced  overall  performance  in  object  detection  tasks.
However,  when  used  for  tea  leaf  disease  detection  in  natural
plantation  environments,  the  model  has  several  persistent
challenges that warrant further investigation.

(1)  Under  complex  environmental  conditions  encompassing
varying  illumination,  rain  and  stains,  the  detection  model
exhibits  heightened  susceptibility  to  both  false  negatives
(missed  detections)  and  false  positives  (erroneous
identifications) during tea leaf diseases diagnosis.

(2)  In  practical  tea  plantations  characterized  by  high-density
planting  and  interlacing  foliage,  diseased  leaves  are  prone  to
obstruction  by  adjacent  leaves  and  branches,  resulting  in
compromised lesion localization accuracy in detection models.

(3)  Current  research  on  tea  leaf  disease  detection,  while
achieving  improved  accuracy,  often  results  in  increased
computational  complexity  of  models  and  reduced  detection
speed, thereby hindering their deployment on edge computing
devices.

To  address  these  challenges,  we  first  integrated  a  global
attention mechanism (GAM) module into the neck network of

YOLOv8n,  then  modify  the  C2f  module  in  the  neck  network
using  a  diverse  branch  block  (DBB)  module,  and  finally
combine  an  efficient  intersection  over  union  (EIoU)  loss
function,  resulting  in  the  proposed  GDE-YOLO  architecture.
These  components  work  synergistically.  The  neck  network
takes  advantage  of  the  feature  that  the  DBB  module  can
integrate  various  scales  and  complex  branches  while
maintaining model lightweightness, and uses its improved C2f-
DBB  module  to  perform  multiscale  fusion  on  the  features
extracted from the backbone, providing a more comprehensive
multiscale  feature  basis  for  the  GAM  module,  enabling  it  to
perform  feature  selection  more  accurately.  At  the  end  of  the
neck,  the  GAM  module  was  used  to  enhance  the  significant
features of the disease and suppress background noise, thereby
reducing  the  loss  of  target  information  and  improving  the
recognition  performance  of  the  model  for  smaller  detection
boxes  that  are  closer  in  size  to  tea  leaves.  Also,  the  EIoU  loss
function  is  introduced  to  enable  the  model  to  find  better
solutions  more  quickly,  converting  the  powerful  feature
extraction capabilities  enhanced by GAM and DBB into more
accurate detection results, thereby comprehensively improving
model performance. The structure of the GDE-YOLO network
is illustrated in Fig. 5.
 

2.2.1    Global attention mechanism
Existing attention mechanisms predominantly focus on single-
dimensional  information  processing,  neglecting  the  crucial
information  interaction  between  channel  and  spatial
dimensions.  GAM[35] addresses  this  limitation  by
synergistically  integrating  the  strengths  of  channel  attention
(CA)  and  spatial  attention  (SA)  mechanisms,  thereby
enhancing  cross-dimensional  feature  fusion  while  mitigating
target  information  loss  in  complex  environmental  scenarios.
The  CA  module  first  uses  3D  permutation  to  preserve  three-
dimensional information in the input feature map; then uses a

 

Table 1    Details of the tea leaf disease detection data set

Category
Image set (number of images)

Training Validation Test

TALS 1388 99 50

TA 1472 105 53

TWS 1352 97 49

Total 4212 301 152

Note: TALS, tea algal leaf spot; TA, tea anthracnose; TWS, tea white spot.
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rtwo-layer  multilayer  perceptron  with  a  reduction  ratio  to
amplify  cross-dimensional  channel-spatial  dependencies;  and
finally  applies  a  sigmoid  activation  function  to  generate  the
channel  attention  feature  map.  The  SA  module  processes
adaptive  features  by  taking  as  input  the  element-wise  product
between  the  channel  attention  feature  map  and  residual-
derived  feature  maps  from  the  original  input.  To  emphasize
spatial  information,  SA  uses  dual  7  ×  7  convolutional

operations  for  spatial  feature  fusion.  Also,  max-pooling
operations  are  eliminated  to  enhance  feature  representation
fidelity,  as  empirical  studies  demonstrate  their  detrimental
impact on information use efficiency[36]. Figure 6 illustrates the
operational mechanism of the GAM, where the input image is
sequentially  processed  by  the  CA  and  SA  modules  through
element-wise  multiplication.  Given  an  input  feature  map,  the
intermediate state and output are computed as:

 

 
Fig. 5    The  structure  of  GDE-YOLO  network,  with  Conv  being  Conv2d,  BN  and  SiLU,  i.e.,  Conv2d  the  convolution  layer;  BN  the  batch
normalization, and SiLU the sigmoid linear unit activation function; and Maxpool2d the two-dimensional max-pooling operation.

 

 

 
Fig. 6    Network structure of the GAM module. C, H and W are the number of channels, height and width, respectively.
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FTemp = MC(FInput)⊗F Input (1)
 

FOutput = MS (FTemp)⊗FTemp (2)
FInput FOutput

FTemp MC

MS

⊗

where,  is  the  input  feature  map,  is  the  output
feature  map,  is  the  intermediate  transition  feature, 
and  are the channel and spatial attention map, respectively,
and  is element-wise multiplication.
 

2.2.2    Diverse branch block

K ×K F ∈ RD×C×K×K

b ∈ RD

I ∈ RC×H×W

O ∈ RD×H×W

∗
REP (b) ∈ RD×H×W

Under  normal  circumstances,  improving  model  performance
often  increases  computational  load  and  inference  time.
However, DBB[37] achieves a perfect balance between these two
aspects.  DBB  uses  a  sophisticated  microstructure  during
training  while  being  computationally  equivalent  to  a  single
convolution  during  inference,  maintaining  model
lightweightness  while  enhancing  performance[38].  The  DBB
structure  is  illustrated  in Fig. 7.  Typically,  a  kernel  consists  of
an  output  channel D,  an  input  channel C and  a  kernel  size  is

, which is essentially a fourth-order tensor 
with an optional offset . It takes a C channel feature map

 as  input  and  outputs  a D channel  feature  map
,  where H and W are  determined  by K,  padding

and  stride  configurations.  is  the  convolution  operator  and
the offset is .

The convolution has the following form:
 

O = I ∗F +REP (b) (3)
(h,w)The  value  at  on  the j output  channel  is  given  by  the

following equation:
 

O j,h,w =
∑C

c=1

∑K

u=1

∑K

v=1
F j,c,u,vX (c,h,w)u,v +b j (4)

X (c,h,w) ∈ RK×K

(h,w)
where,  is the sliding window on the c channel
of I corresponding  to  position  on O,  and  this
correspondence is determined by the padding and stride. From
Eq. (4), it is easy to deduce the linear properties of convolution,
including homogeneity and additivity.
 

I ∗ (pF) = p (I ∗F) ,∀p ∈ R (5)
 

I ∗F(1) + I ∗F(2) = I ∗
(
F(1) +F(2)

)
(6)

Note  that  the  additive  property  holds  only  when  the  two
convolutions  share  identical  configurations  (e.g.,  number  of
channels, kernel size, padding and stride).

Based on the two fundamental properties mentioned above, six
transformations  are  summarized  below.  These  use  batch
normalization  (BN),  branch  addition,  depth  concatenation,
multiscale  operations,  average  pooling  and  convolution
sequences to transform DBB into a single convolution.

 

 
⊕Fig. 7    Improved C2f module of the neck using the diverse branch block (DBB) module.   is the addition of elements one by one.
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µ j σ j

γ j β j

Transformation  1 - Conv-BN  fusion.  Convolutions  are  usually
equipped  in  deep  learning  with  a  BN  layer,  which  performs
normalization  and  linear  scaling  of  the  channel.  Let j be  the
channel  index,  and  be  the  accumulated  channel  mean
and standard deviation,  and  be the learned scaling factor
and bias term, respectively, and the output channel j becomes:
 

O j,:,: =
(
(I ∗F) j,:,: −µ j

) γ j

σ j
+β j (7)

The  homogeneity  of  convolutions  allows  BN  to  be  fused  into
the  previous  convolutional  layers  for  inference.  In  practice,
simply build a convolution with kernel F' and offset b'. It can be
obtained  through  Eqs.  (3)  and  (7)  that  each  output  channel j
has:
 

F′ j,:,:,:←
γ j

σ j
+F j,:,:,:, b′ j←−

µ jγ j

σ j
+β j (8)

Transform  2 - branch  addition.  Using  the  additivity  of
convolutions,  two or more convolutional  layers with the same
configuration  can  be  merged  into  a  single  convolution.  The
two convolutions are merged by the following formula:
 

F′← F(1) +F(2), b′← b(1) +b(2) (9)

1×1 K ×K
K ×K

1×1 K ×K D×C×1×1
D×C×K ×K
F(1) ∈ RD×C×1×1 b(1) ∈ RD F(2) ∈ RE×D×K×K b(2) ∈ RE

Transformation 3 - sequence convolution fusion. In convolution,
a sequence of  Conv-BN -  Conv-BN can be merged
into  a  convolution.  Suppose  the  kernel  shapes  of  the
convolutions  of  and  are  and

,  respectively,  where D can  be  any  number.  Let
, , , .  The

output is:
 

O′ =
(
I ∗F(1) +REP

(
b(1)
))
∗F(2) +REP

(
b(2)
)

(10)

Applying additivity can be obtained:
 

O′ = I ∗F(1) ∗F(2) +REP
(
b(1)
)
∗F(2) +REP

(
b(2)
)

(11)

F(1) ∈ RD1×C×K×K

b(1) ∈ RD1 F(2) ∈ RD2×C×K×K b(2) ∈ RD2

F′ ∈ R(D1+D2)×C×K×K b′ ∈ R(D1+D2)

Transformation 4 - splicing and fusion. The Inception unit uses
deep connections to combine branches. Given ,

, , ,  concatenate  them  into
 and , obviously:

 

CONCAT
(
I ∗F(1) +REP

(
b(1)
)
, I ∗F(2) +REP

(
b(2)
))

= I+F′ +REP (b′) (12)

F′ ∈ RC×C×K×K

Transformation  5 - average  pooling  layer  transformation.  An
average pooling with kernel size K and stride s applied to the C
channel  is  equivalent  to a  convolution with the same K and s.
Such a kernel  is represented as follows:
 

F
′

d,c,:,:


1

K2
i f d = c

0 elsewise
(13)

kh × kw (kh ⩽ K,kw ⩽ K) K ×K
kh × kw

K ×K 1×1
1×K K ×1

Transformation  6 - multiscale  convolution  fusion.  Considering
that  an  core  is  equivalent  to  a 
core with some zero entries, it is possible to convert an 
core  into  a  core  by  zero-padding.  Specifically, ,

 and  convolutions  are  particularly  practical  since
they  can  be  implemented  efficiently.  In  addition,  the  input
should also be padded to align the sliding window.

1×1 1×1−K ×K
1×1−AVG K ×K
The  DBB  architecture  used ,  and

 to  augment  the  original  convolutional
layer,  which  greatly  enriches  the  feature  space  by  fusing
branches  of  multiple  scales  and complexity,  and improves  the
performance  of  the  model  without  additional  inference  time
cost.
 

2.2.3    Efficient IoU loss function
YOLOv8n  adopts  a  complete  intersection  over  union  (CIoU)
loss  function  as  the  bounding  box  regression  loss,  which
enhances  the  standard  intersection  over  union  (IoU)  by
incorporating  center  distance  and  aspect  ratio  to  provide  a
more comprehensive metric. However, the second penalty term
of  CIoU  loss  function  only  constrains  aspect  ratio  similarity
while  ignoring  independent  differences  in  width  and  height.
This  leads  to  a  zero  penalty  when  matching  aspect  ratios,
thereby limiting model optimization effectiveness[39]. Based on
the aforementioned issues, this study introduces the EIoU loss
function[40] to replace the CIoU loss function. EIoU decouples
the impact factors of width and height from the aspect ratio in
the  CIoU  penalty  term,  separately  calculating  the  differences
between  the  predicted  box  and  ground  truth  box  in  terms  of
width  and  height.  The  EIoU  loss  function  comprises  three
components: IoU loss, distance loss and width-height loss. The
first  two  components  inherit  the  methodology  from  CIoU,
while  the  width-height  loss  directly  minimizes  the  differences
between the predicted box and ground truth box in width and
height. This approach accelerates convergence speed, improves
regression  accuracy  and  provides  more  precise  fitting  for  the
model.  The  EIoU  loss  function  can  be  calculated  through  the
following formula:
 

LEIoU = LIoU +Ldic +Lasp

= 1− IoU +
ρ2 (b,bgt)

(cw)2 + (ch)2 +
ρ2 (w,wgt)

(cw)2 +
ρ2 (h,hgt)

(ch)2 (14)

LIoU Ldic Lasp

ρ2 (b,bgt)

ρ2 (w,wgt) ρ2 (h,hgt)

where, ,  and  are  IoU  loss,  distance  loss  and
width-height  loss,  respectively,  is  the  Euclidean
distance  between  the  center  points  of  the  real  box  and  the
predicted  box,  and  are  the  width  and
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cw ch

height  differences  between the  real  box and the  predicted box
respectively,  and  and  are  the  width  and  height  of  the
minimum  bounding  rectangles  between  the  predicted
bounding box and the true bounding box.
 

2.3    Ablation study
This  study  used  the  GAM  and  DBB  modules  along  with  the
EIoU loss function to enhance YOLOv8n architecture, thereby
improving  model  performance.  To  systematically  evaluate  the
contributions  of  individual  improvement  modules  to  overall
performance  and  their  synergistic  interactions,  ablation  study
was  conducted  to  compare  and  analyze  the  network
performance before and after modification. Ablation study is a
scientific  research  method  widely  adopted  in  artificial
intelligence  that  aims  to  quantify  the  contributions  of  model
components  by  iteratively  removing  or  modifying  specific
elements (e.g., layers and modules). This methodology enables
researchers  to  identify  critical  components  influencing  model
predictions[41].  The  specific  models  and  modules  investigated
are systematically compared in Table 2.
 

2.4    Deployment experiment
To validate the real-time performance and practical efficacy of
the  GDE-YOLO  tea  leaf  disease  detection  model  in  edge
computing  scenarios,  and  provide  core  technical  support  for
subsequent  development  of  precision  pesticide  spraying
systems  for  tea  gardens,  this  study  deployed  the  GDE-YOLO
model  on  the  NVIDIA Jetson  Orin  Nano embedded  platform
for experiments. The NVIDIA Jetson Orin Nano is a powerful
embedded  AI  device  based  on  the  NVIDIA  Ampere

architecture, delivering up to 40 TOPS of AI computing power.
It had a 6-core ARM Cortex-A78AE CPU and a GPU with 512
CUDA  cores,  supporting  up  to  8  GB  LPDDR5  memory.  This
configuration  enables  seamless  execution  of  complex  AI
models and real-time multitasking[42,43]. Given its compact size
and  exceptional  energy  efficiency,  this  study  selected  the
NVIDIA Jetson Orin Nano as the edge computing platform for
deploying the GDE-YOLO model. The hardware and software
configurations of the device are detailed in Table 3.

The  detection  system  comprised  four  key  components:  an
imaging camera, an NVIDIA Jetson Orin Nano core processing
module, a DC power supply and a display unit. Specifically, the
imaging  camera  is  responsible  for  capturing  and  transmitting
real-time  image  data  streams,  while  the  NVIDIA  Jetson  Orin
Nano executes algorithm inference and analytical processing. A
stable 19 V DC power supply ensures uninterrupted operation,
and the  display  unit  served  as  a  human-machine  interface  for
visualizing  detection  results  and  system  status.  We  used
TensorRT[47] to accelerate the GDE-YOLO model. TensorRT is
a  high-performance  deep  learning  inference  engine  developed
by  NVIDIA,  specifically  designed  for  deployment  in
production  environments  to  enhance  model  inference  speed
and  computational  efficiency[48].  In  the  aspect  of  optimizing
parameter  settings,  we  adopt  the  half-precision  floating-point
quantization  method  to  export  the  TensorRT  engine.  This
approach  can  markedly  enhance  performance  with  minimal
loss  of  the  original  accuracy  of  the  model.  The  batch  size  is
configured  to  be  1,  simulating  the  real-time  single-frame
processing scenario. Additionally, the input image size is set to
640 × 640 px, which is consistent with the size used during the
training process. 

 

Table 2    Improved models for the ablation study

Improved model YOLOv8n architecture GAM DBB EIoU

YOLOv8n √ − − −

Case 1 √ √ − −

Case 2 √ − √ −

Case 3 √ − − √

Case 4 √ √ √ −

Case 5 √ √ − √

Case 6 √ − √ √

GDE-YOLO √ √ √ √

Note: √, this module is included; −, this module is not included.
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2.5    Hardware and software configurations
All models were trained under identical hardware and software
configurations.  The  hardware  specifications  included  an
Intel(R)  i5-9400  CPU  (2.9  GHz),  8  GB  DDR4  RAM,  and  an
NVIDIA GeForce GTX 1650 GPU. The software environment
comprised CUDA 12.1, Python 3.9 and PyTorch 2.2.1 for deep
learning implementation. Training parameters were configured
as  follows:  an  initial  learning  rate  of  0.01,  a  weight  decay
coefficient of 0.0005, a momentum coefficient of 0.937 and 200
training  epochs.  Since  larger  batch  sizes  have  been
demonstrated  to  improve  model  detection  performance[49],  a
batch size of 8 was selected for this study.
 

2.6    Performance evaluation
Standard  deep  learning  performance  metrics  were  used  to
evaluate  model  efficacy  and validate  the  applicability  of  GDE-
YOLO  for  tea  leaf  disease  detection.  The  metrics  included
Precision, Recall, mAP (mean  average  precision), Parameters,
FLOPs (floating-point  operations  per  second), Model  Size and
FPS (frames  per  second).  Where Precision is  the  ratio  of
correctly  predicted samples  in  the  test  set  to  the  total  number
of  predicted  positive  samples,  also  indicating  the  possibility
that  a  sample  belongs  to  a  specific  class. Recall is  the  ratio  of
correctly  predicted samples  in  the  test  set  to  the  total  number
of  actual  positive  samples,  reflecting  the  probability  of  the
model  correctly  identifying  instances  of  a  specific  category.
mAP is to the average precision across all classes during neural
network  model  training,  representing  overall  model
performance across all categories. To ensure accuracy, the IoU
threshold  for  the mAP evaluation  metric  was  set  to  0.5,
enabling  a  comprehensive  assessment  of  model  performance.
Additionally,  metrics  such  as Parameters, FLOPs, Model  Size
and FPS reflect  model  performance  in  resource  consumption,

computational  efficiency,  deployment  feasibility,  detection
speed and other aspects. The corresponding definitions are:
 

Precision =
T P

T P+FP
×100% (15)

 

Recall =
T P

T P+FN
×100% (16)

 

mAP =
∑n

i=1 APi

n
×100% (17)

 

AP =
w 1

0
Precision (Recall)d(Recall) (18)

T P
FP

FN
T N

APi

where,  is the number of samples correctly predicted as tea
leaf  diseases,  is  the  number  of  samples  incorrectly
predicted  as  tea  leaf  diseases,  is  the  number  of  samples
mistakenly predicted as background, and  is the number of
samples correctly predicted as background. n is the number of
categories,  which  is  set  to  3.  is  the  average  accuracy  of
category i.
 

3    Experimental results and analysis
  

3.1    Analysis of the ablation study
This  study  evaluated  the  performance  of  multiple  enhanced
models  using  a  custom  tea  leaf  disease  data  set,  with
experimental  results  summarized  in Table 4.  The  results
demonstrate  that  the  original  YOLOv8n  model  provided  an
overall  accuracy  of  88.6%,  with  precision  values  of  95.0%  for
TALS and 92.5% for TA, while the precision for TWS was only
78.2%, indicating poor recognition performance. Compared to
the  original  YOLOv8n,  Case  1  improved  the  recall  and
mAP@0.5 of TA by 0.9% and 0.3%, respectively, and increased
the precision and mAP@0.5 of TWS by 3.3% and 0.7%. These
results  indicate  that  integrating  the  GAM  module  into
YOLOv8n enhances its  perceptual capability for TA and TWS
by  reducing  global  information  loss  and  preserving  critical
features.  In  Case  2,  the  precision  and  mAP@0.5  of  TA
improved  by  1.7%  and  0.5%  compared  to  the  original
YOLOv8n,  while  the  precision  of  TWS  significantly  increased
by  5.2%,  with  no  notable  rise  in  model  parameters  or
computational  load.  This  confirms  the  ability  of  the  DBB
module  to  improve  accuracy  while  retaining  model
lightweightness.  In  Case  3,  the  adoption  of  the  EIoU  loss
function substantially enhanced TWS precision and mAP@0.5
by  7.9%  and  1.5%,  proving  that  adopting  the  EIoU  loss
function  substantially  strengthens  the  ability  of  the  model  to

 

Table 3    Deployment environment of NVIDIA Jetson Orin Nano

Hardware/Software environment Version

Development board NVIDIA Jetson Orin Nano

Operating system: Ubuntu[44] 20.04

Python 3.8.18

PyTorch[45] 1.11.0

Torchvision[46] 0.12.0

Ultralytics 8.2.79

TensorRT 8.5.2.2
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recognize TWS. For Cases 4 to 6, we conducted experiments by
pairwise combinations of GAM, DBB and EIoU to evaluate the
impact  of  interactions  between  the  improved  modules  on
model  performance.  Compared  to  the  original  YOLOv8n,  all
three  cases  demonstrated  consistent  improvements  in  the

precision  of  TA  and  TWS.  Of  these  models,  only  Case  6
provided  no  significant  increase  in  parameters,  FLOPs  or
model size.  In contrast,  Cases 4 and 5,  due to the inclusion of
the  GAM  module,  provided  modest  increases  in  parameters,
FLOPs and model size.

 

Table 4    Comparison of detection performance for different improved networks

Model Category Precision (%) Recall (%) mAP@0.5 (%) Parameter (M) FLOPs (G) Model size (MB) FPS

YOLOv8n All 88.6 (0.0%) 82.4 90.3 3.0 8.1 6.2 133 (0)

TALS 95.0 (0.0%) 76.8 91.5

TA 92.5 (0.0%) 89.4 93.9

TWS 78.2 (0.0%) 81.0 85.4

Case 1 All 85.5 (↓3.1%) 81.6 89.3 4.6 9.4 9.5 82 (↓51)

TALS 85.4 (↓9.6%) 75.0 87.6

TA 89.5 (↓3.0%) 90.3 94.2

TWS 81.5 (↑3.3%) 79.4 86.1

Case 2 All 88.7 (↑0.1%) 79.7 88.1 3.3 8.7 7.0 91 (↓42)

TALS 88.5 (↓6.5%) 76.8 84.5

TA 94.2 (↑1.7%) 86.3 94.4

TWS 83.4 (↑5.2%) 76.0 85.5

Case 3 All 88.7 (↑0.1%) 79.1 88.7 3.0 8.1 6.2 102 (↓31)

TALS 89.1 (↓5.9%) 72.3 87.3

TA 90.9 (↓1.6%) 85.0 91.8

TWS 86.1 (↑7.9%) 80.0 86.9

Case 4 All 88.4 (↓0.2%) 78.8 89.1 5.0 10.0 10.3 80 (↓53)

TALS 93.3 (↓1.7%) 74.4 89.7

TA 92.9 (↑0.4%) 85.8 94.0

TWS 79.0 (↑0.8%) 76.0 83.8

Case 5 All 82.0 (↓4.6%) 84.6 88.7 4.6 9.4 9.5 95 (↓38)

TALS 81.9 (↓13.1%) 80.4 88.8

TA 88.5 (↓4.0%) 89.4 93.2

TWS 75.5 (↓2.7%) 84.0 84.1

Case 6 All 84.4 (↓4.2%) 84.9 89.2 3.3 8.7 7.0 86 (↓47)

TALS 86.2 (↓8.8%) 78.6 88.0

TA 85.8 (↓6.7%) 92.0 93.4

TWS 81.1 (↑2.9%) 84.0 86.1

GDE-YOLO All 91.7 (↑3.1%) 78.8 89.0 5.0 10.0 10.3 80 (↓53)

TALS 91.2 (↓3.8%) 74.4 87.6

TA 93.2 (↑0.7%) 85.2 93.2

TWS 90.6 (↑12.4%) 76.8 86.2

Note: TALS, tea algal leaf spot; TA, tea anthracnose; TWS, tea white spot.
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It  is  noteworthy  that  GDE-YOLO  achieves  the  highest
precision  of  91.7%  among  all  models,  surpassing  the  original
YOLOv8n  by  3.1%.  Specifically,  TA  and  TWS  precision
improved  by  0.7%  and  12.4%,  respectively,  highlighting  a
breakthrough  in  TWS  recognition.  According  to  the  research
proposed by Li et  al.[50],  the FPS for real-time field processing
needs  to  exceed  4.8  FPS.  With  an  FPS  of  80,  GDE-YOLO
satisfies  real-time  detection  requirements  and  facilitates
subsequent  deployment.  The  ablation  experiment  results
indicate  that  GDE-YOLO  outperforms  seven  alternative
architectures in accuracy while maintaining real-time detection
capabilities,  validating  the  effectiveness  of  the  proposed
improvements in enhancing model performance.
 

3.2    Visualization evaluation of GDE-YOLO by Grad-
CAM
To  comprehensively  evaluate  the  detection  performance  of
GDE-YOLO  for  tea  leaf  diseases  in  natural  tea  garden
environments,  this  study  uses  Gradient-weighted  class
activation  mapping  (Grad-CAM)[51] for  visual  assessment.
Figure 8 presents  the  heat  map  visualization  results  generated
by  Grad-CAM  for  multiple  improved  models  across  different
tea  leaf  diseases  categories  and  environmental  conditions.
Vertically  arranged  images  (top  to  bottom)  represent:  TALS,
TA,  TWS,  frontlighting,  dim  light,  backlighting,  reflection,
shadow,  staining,  after  rain,  leaf  obstruction  and  branch
obstruction.  Horizontally  aligned  are  eight  improved  models
from  the  ablation  experiments.  Warm-colored  regions  in  the
heat  maps  denote  areas  with  higher  contribution  weights  to
detection outcomes[52].

In Fig. 8,  although  the  original  YOLOv8n  can  detect  disease
regions in TWS images, it suffers significant interference from
the background, leading to reduced focus on the disease areas.
Combined with the data in Table 4,  this  is  the primary reason
for low recognition accuracy of YOLOv8n for TWS disease. A
similar trend is observed for TALS and under conditions such
as  frontlighting,  dim light,  shadow,  after  rain,  leaf  obstruction
and  branch  obstruction.  Also,  YOLOv8n  struggled  to
effectively  focus  on  disease  regions  in  backlighting
environment, resulting in false positives and missed detections.
Compared  to  the  original  YOLOv8n,  Case  1  enhanced  model
robustness,  reduces  background  interference  and  improves
network attention to disease regions in TALS, TWS and under
frontlighting,  after  rain,  leaf  obstruction  and  branch
obstruction scenarios,  with particularly  notable  improvements

for  TWS  and  leaf  obstruction.  Case  1  also  achieved  better
localization  of  disease  regions  in  backlighting  environments,
though its performance slightly declines under dim light. Case
2, compared to Case 1, improved detection accuracy for disease
regions  in  dim  light  but  shows  reduced  effectiveness  in
backlighting  and  after-rain  conditions.  In  contrast,  Case  3
outperformed  Cases  1  and  2  by  accurately  detecting  disease
regions,  especially  in  backlighting  and  after  rain  conditions,
significantly  mitigating  complex  background  interference  and
achieving  superior  regression  precision.  Cases  4–6  provided
minor  improvements  in  focusing  on  TWS,  but  redundant
information  remains  prevalent  in  the  images.  Under
backlighting,  strong  light  interference  caused  these  models
(Cases  4–6)  to  struggle  in  extracting  critical  disease  features,
often  misclassifying  healthy  leaves  or  background  regions  as
diseased.

GDE-YOLO achieved the best recognition performance among
all  models  by  effectively  integrating  the  strengths  of  GAM,
DBB  and  EIoU,  enhancing  tea  leaf  disease  detection
capabilities.  Compared to the original YOLOv8n, GDE-YOLO
significantly  improved accuracy by intensifying network focus
on  TWS.  As  indicated  in Table 4,  GDE-YOLO  delivered  a
precision of 90.6% for TWS, surpassing the original YOLOv8n
by  12.4%,  while  overall  model  precision  increased  by  3.1%.
Also,  GDE-YOLO  reduced  the  interference  of  strong
backlighting,  precisely  localized  diseases  in  images  and
enhanced  model  robustness.  For  other  diseases  and
environmental conditions, it minimizes redundant information
and  amplifies  the  predictive  contribution  of  disease  regions.
Heat map visualization revealed that GDE-YOLO substantially
suppressed  background  noise,  strengthened  critical  disease
feature  extraction  and  fully  exploited  global  contextual
information, which ultimately elevated detection performance.
 

3.3    Comparative evaluation of other object
detection models
To  demonstrate  the  overall  advantages  of  GDE-YOLO  in
detecting  tea  leaf  diseases,  comparative  evaluation  of  GDE-
YOLO and other established object detection models, including
Faster  RCNN[53],  SSD[54],  YOLOv3-tiny[55],  YOLOv5n[56] and
YOLOv8n[57] was conducted. The detailed comparative results
are given in Table 5.

From Table 5,  it  can  be  seen  that  YOLOv5n  had  the  smallest
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parameters  (1.8  M),  FLOPs  (4.1  G)  and  model  size  (3.6  MB),
while YOLOv3-tiny achieved the fastest detection speed at 159
FPS.  Although  the  GDE-YOLO  model  lacked  advantages  in
complexity  and  detection  speed  metrics,  it  surpassed  other
models  in  detection  precision  for  tea  leaf  diseases,  with  the
improved  model  achieving  an  overall  precision  of  91.7%,
outperforming  Faster  RCNN,  SSD,  YOLOv3-tiny,  YOLOv5n
and  YOLOv8n  by  33.5%,  1.9%,  17.2%,  5.0%  and  3.1%,
respectively.  For  TALS  detection,  the  YOLOv8n  model
delivered the highest  precision at  95.0%, and compared to the

original  YOLOv8n,  GDE-YOLO  had  a  3.8%  decline  in  TALS
precision but still  reached 91.2%, maintaining a high accuracy
level.  In  TA  detection,  GDE-YOLO  achieved  the  highest
precision  of  93.2%,  surpassing  Faster  RCNN,  SSD,  YOLOv3-
tiny,  YOLOv5n  and  YOLOv8n  by  33.7%,  0.3%,  10.6%,  3.2%
and  0.7%,  respectively.  Notably,  for  TWS  detection,  GDE-
YOLO  effectively  addressed  the  low  baseline  precision  caused
by  illumination  interference,  significantly  improving  TWS
precision  to  90.6%,  which  is  40.6%,  7.1%,  27.8%,  14.7%  and
12.4%  higher  than  Faster  RCNN,  SSD,  YOLOv3-tiny,

 

 
Fig. 8    Visualization of tea leaf disease as heat maps for disease detection. TALS, tea algal leaf spot; TA, tea anthracnose; TWS, tea white spot.
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YOLOv5n  and  YOLOv8n.  In  terms  of  detection  speed,  GDE-
YOLO achieved 80 FPS, outperforming Faster RCNN and SSD
but  lagging  behind  YOLOv3-tiny,  YOLOv5n  and  YOLOv8n,
yet  still  meeting  real-time  detection  requirements.  Therefore,
the GDE-YOLO tea leaf disease detection model demonstrates
superior  precision  over  other  established  models,  effectively
enhancing accuracy for TA and TWS, with the decline in TALS
precision  and  speed  reduction  remaining  within  acceptable
limits to meet practical demands.

Additionally, the recognition performance of GDE-YOLO and
other  established  object  detection  models  were  tested  on  the
three tea leaf diseases (TALS, TA and TWS) with results shown

in Fig. 9.  Only  Faster  RCNN,  YOLOv3-tiny,  YOLOv5n  and
GDE-YOLO accurately identified TALS disease. However, SSD
missed  detection  due  to  blurred  lesion  features  caused  by
strong  light  reflections,  while  YOLOv8n  misclassified  healthy
leaves  as  TWS  under  stain  interference.  For  TA  detection,  all
models  achieved  accurate  identification.  In  TWS  detection,
Faster RCNN, SSD, YOLOv3-tiny, YOLOv8n and GDE-YOLO
demonstrated  robust  performance.  However,  YOLOv5n
produced  false  positives  by  misclassifying  healthy  leaves  as
TWS  under  complex  background  lighting  and  stain
interference.  Through  the  above  analysis,  GDE-YOLO
provided  superior  overall  performance  compared  to  other
established object detection models.
 

 

Table 5    Experimental comparison results of other object detection models

Model Category Precision (%) Recall (%) mAP@0.5 (%) Parameters (M) FLOPs (G) Model size (MB) FPS

Faster RCNN All 58.2 73.7 82.2 136.7 401.7 108.0 13

TALS 65.2 87.0 86.1

TA 59.5 91.3 90.6

TWS 50.0 72.7 69.9

SSD All 89.8 70.8 80.5 23.9 274.0 91.6 15

TALS 92.9 74.0 84.3

TA 92.9 75.6 85.3

TWS 83.5 62.7 72.0

YOLOv3tiny All 74.5 74.0 77.7 8.7 12.9 17.4 159

TALS 78.1 72.3 78.3

TA 82.6 79.6 84.6

TWS 62.8 70.0 70.1

YOLOv5n All 86.7 87.7 92.1 1.8 4.1 3.6 121

TALS 94.3 87.5 91.9

TA 90.0 87.7 94.7

TWS 75.9 88.0 89.6

YOLOv8n All 88.6 82.4 90.3 3.0 8.1 6.2 133

TALS 95.0 76.8 91.5

TA 92.5 89.4 93.9

TWS 78.2 81.0 85.4

GDE-YOLO All 91.7 78.8 89.0 5.0 10.0 10.3 80

TALS 91.2 74.4 87.6

TA 93.2 85.2 93.2

TWS 90.6 76.8 86.2

Note: TALS, tea algal leaf spot, TA, tea anthracnose; TWS, tea white spot.
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3.4    Deployment experiment results of GDE-YOLO
The  deployment  experiment  results  are  illustrated  in Fig. 10.
Field  tests  under  real-world  tea  garden  conditions

demonstrated  that  the  edge  deployed  GDE-YOLO  model
achieved  confidence  scores  exceeding  0.8  for  TALS  detection
despite  strong  lighting  interference  and  complex  foliage

 

 
Fig. 9    Comparative  evaluation  of  tea  leaf  disease  detection  between GDE-YOLO and other  established  object  detection  models.  TALS,  tea
algal leaf spot, TA, tea anthracnose; TWS, tea white spot.
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backgrounds,  while  maintaining  a  detection  speed  of  18  FPS,
which  surpassed  real-time  operational  requirements.  These
results demonstrate that GDE-YOLO offers superior accuracy,
real-time responsiveness and environmental robustness in edge
computing scenarios.
 

4    Discussion
 
This  study  addressed  the  challenge  of  tea  quality  and  yield
reduction caused by leaf  diseases during summer and autumn
seasons  by  proposing  GDE-YOLO,  using  a  novel  tea  leaf
disease detection model designed for object detection and real-
time  identification  in  complex  tea  garden  environments.  The
model  provided  exceptional  performance  through  high
detection accuracy while maintaining low missed detection and
false  positive  rates.  This  advancement  has  significant
implications  for  enhancing  tea  production,  mitigating
agricultural  loss,  guiding  disease  control  strategy  and
promoting  intelligent  agricultural  management  in  tea
production systems.

The  method  proposed  in  the  present  study  successfully
achieved  rapid  and  efficient  real-time  detection  of  tea  leaf
diseases  in  complex  tea  garden  environments.  A  comparative
evaluation  of  the  original  YOLOv8n  and  GDE-YOLO  on  the
tea  leaf  disease  data  set  revealed  that  the  GDE-YOLO  model
can  attain  a  detection  accuracy  of  91.7%,  representing  a
significant  improvement  of  3.1%  over  YOLOv8n.  Also,  in  the
detection  of  multiple  disease  categories,  the  enhanced  model
demonstrates  a  remarkable  12.4%  precision  increase,

specifically  for  TWS  detection.  In  the  ablation  experiments,
Case  1  achieved  a  3.3%  precision  improvement  for  TWS
detection,  demonstrating that  the GAM module  enhanced the
network  feature  extraction  for  TWS  by  minimizing  global
information  loss  and  suppressing  background  interference.
Case  2  provided  1.7%  and  5.2%  precision  gains  for  TA  and
TWS  detection  compared  to  the  original  YOLOv8n,
respectively,  while  maintaining  nearly  identical  parameter
count  and  computational  complexity,  proving  that  the  DBB
module  improved  accuracy  while  preserving  model
lightweightness.  In  Case  3,  the  precision of  TWS increased by
7.9%  compared  to  the  original  YOLOv8n,  and  the  detection
speed  (102  FPS)  was  the  highest  of  all  tested  models  except
YOLOv8n,  indicating  that  the  EIoU  loss  function  enables  the
model  to  achieve  faster  convergence  and  higher  regression
precision.  Visual  evaluation  demonstrated  that  GDE-YOLO
effectively  reduced  redundant  information,  enhanced
resistance  to  background  interference,  improved  model
robustness  and  amplified  the  contribution  of  disease  regions
during prediction.  Of  all  models  in  this  evaluation,  YOLOv8n
achieved  the  highest  detection  accuracy  for  TALS  but  gave
significantly  lower  precision  in  TWS  detection.  This  could  be
attributed to the limited perceptual capability of YOLOv8n for
TWS  and  poor  interference  resistance,  which  led  to  frequent
misclassification  of  background  regions  as  TWS,  thereby
degrading  detection  accuracy.  While  YOLOv3-tiny  provided
the  fastest  detection  (159  FPS),  its  overall  detection
performance  was  suboptimal.  The  underlying  cause  likely
stems  from  its  simplified  network  architecture.  Although
drastically  reducing  parameter  count  and  computational
complexity,  this  design sacrificed detail  capture capability  and

 

 
Fig. 10    Deployment of GDE-YOLO on the NVIDIA Jetson Orin Nano.
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processing  depth  for  complex  scenes  and  objects,  ultimately
compromising  detection  precision.  The  GDE-YOLO  model
proposed  in  the  present  study  not  only  provided  exceptional
detection accuracy but also significant advantages in detection
speed,  achieving  80  FPS  and  striking  an  optimal  balance
between  precision  and  efficiency.  When  deployed  on  the
NVIDIA  Jetson  Orin  Nano  in  the  field,  the  model  accurately
identified  tea  leaf  diseases  in  images  with  confidence  scores
exceeding 0.8, while maintaining a detection speed of nearly 18
FPS.  These  results  validate  that  GDE-YOLO  fulfills  both
accuracy  requirements  and  real-time  operational  demands  in
edge computing scenarios.

Beyond  having  significant  advantages  in  overall  accuracy  and
real-time  performance,  GDE-YOLO  also  maintained  robust
recognition  stability  in  complex  tea  plantation  environments.
Visual  analysis  showed  that  although  the  original  YOLOv8n
model  can  detect  disease  areas  in  TWS  images,  it  was  easily
disturbed  by  complex  backgrounds,  leading  to  a  decrease  in
attention to  the  target  areas  and limited recognition accuracy.
In various environments including TALS and under conditions
of frontlighting, dim light, backlighting, shadow, after rain, leaf
obstruction  and  branch  obstruction,  the  redundant
information  in  the  image  background  increased  the  difficulty
of accurately identifying and locating diseases, with the impact
of  backlight  conditions  being  particularly  significant.  In
contrast, GDE-YOLO had the ability to focus on the features of
TWS disease,  significantly increasing the recognition accuracy
to 90.6%, a 12.4% improvement over the original model. At the
same  time,  GDE-YOLO  can  suppress  the  interference  of
background  redundant  information  when  dealing  with  other
disease types and different environmental scenarios, enhancing
the  effective  contribution  of  disease  areas  to  the  prediction
results.  Particularly,  it  can effectively  suppress  the strong light
interference  in  backlight  environments,  accurately  locate
disease  areas  and  improve  recognition  stability  under  such
adverse  conditions.  These  changes  led  to  a  3.1%  overall
accuracy  improvement  for  GDE-YOLO,  demonstrating
superior  generalization  ability  and  robustness  in  complex
backgrounds.

In  recent  years,  researchers  have  developed  numerous
advanced  technologies  to  improve  the  accuracy  of  tea  leaf
disease  recognition.  Lin  et  al.[58] proposed  a  tea  leaf  disease
detection  model  called  TSBA-YOLO,  which  enhances  the
YOLOv5  architecture  by  integrating  modules  such  as
Transformer[59],  BiFPN[60],  ASFF[61] and  SIoU[62].  This

method achieves high detection accuracy and speed on the tea
leaf  disease  data  set  constructed  in  this  research,  with  a
precision of 86.8% and an inference rate of 57 FPS. Ye et al.[63]

proposed  BRA-YOLOv7,  a  tea  leaf  disease  detection  model
based  on  YOLOv7,  which  introduces  MPDIoU[64],  PConv[65]

and  FasterNet[66] to  replace  the  original  loss  function  and
backbone  network  architecture,  thereby  improving  model
efficiency  and  convergence  speed.  Additionally,  their  model
incorporates  a  dual-level  routing  dynamic  sparse  attention
mechanism  to  enhance  its  capability  of  capturing  global
contextual  information  for  tea  leaf  disease  detection.  The
experimental  comparison  of  BRA-YOLOv7  on  our  data  set
showed that this approach achieves a precision of 84.3% and a
frame  rate  of  46  FPS.  The  real-time  tea  leaf  disease  detection
model GDE-YOLO proposed in the present study achieved an
accuracy  of  91.7%,  representing  improvements  of  4.9%  and
7.4%  compared  to  the  TSBA-YOLO  and  BRA-YOLOv7
models,  respectively.  This  demonstrates  the  potential  of  the
GDE-YOLO model to enhance the accuracy of tea leaf disease
recognition.  Additionally,  GDE-YOLO  exhibits  significant
advantages in detection speed, achieving an FPS of 80, which is
23  and  34  FPS  higher  than  TSBA-YOLO  and  BRA-YOLOv7,
respectively.

The  present  study  demonstrates  that  the  GDE-YOLO  model
exhibits  high  detection  accuracy  and  speed  on  the  tea  leaf
disease  data  set.  This  technology  integrates  with  IoT  devices
(e.g.,  field  cameras,  drones  and  satellite  remote  sensing)  to
establish  real-time  monitoring  networks  for  early  disease
warnings,  enabling  farmers  to  implement  targeted  control
measures  promptly  and  prevent  the  spread  of  diseases.
Additionally,  it  has  the  potential  to  be  combined  with  robot
technology  (e.g.,  three-dimensional  space  precise  positioning
and  path  planning)  to  build  an  automatic  spraying  device  for
tea  garden for  precise  pesticide application,  which would help
reduce  pesticide  usage,  thereby  mitigating  environmental
pollution  and  minimizing  resource  waste[67–69].  However,  a
significant  drawback  limiting  the  widespread  application  of
machine vision technology in agricultural contexts remains the
substantial  time  and  cost  required  for  data  set  creation[70].
Under  manual  labeling  conditions,  it  is  impossible  to  obtain
high-quality and large-scale data sets in a short period of time.
Although there are currently some automatic annotation tools,
such  as  AutoLabelImg[71],  they  demonstrate  suboptimal
annotation  velocities  and  low  annotation  quality,  particularly
when  handling  large-scale  annotations  or  small  targets[72].
Therefore,  developing  a  self-supervised  adaptive  object
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detection  algorithm-potentially  empowered  through
technologies such as reinforcement learning is crucial. We aim
to  achieve  this  in  the  future,  providing  critical  technical
support  for  intelligent  management  in  tea  production  and
contributing to sustainable agricultural practices.
 

5    Conclusions
 
This  paper  proposes  GDE-YOLO,  a  real-time  tea  leaf  disease
detection  model  for  complex  tea  garden  environments,
leveraging  machine  vision  technologies  and  convolutional
neural  networks.  The  three  conclusions  are  made  from  this
study.

(1)  Integrating  GAM,  DBB  and  EIoU  into  the  YOLOv8n
network  architecture  significantly  enhanced  the  detection
capabilities of the model. Compared to the original YOLOv8n,
the  GDE-YOLO  model  provided  a  3.1%  improvement  in
overall detection accuracy on the tea leaf disease data set, with
specific  accuracy  gains  of  0.7%  for  TA  disease  and  12.4%  for
TWS  disease,  indicating  substantial  optimization  of  model
performance.

(2)  Analysis  of  ablation  study  and  heat  map  visualization

revealed  that  the  three  methodological  improvements  in  this
study  effectively  strengthen  the  feature  extraction  capabilities
of  the  model,  enhanced  contextual  information  utilization,
mitigate background interference in predictions, and improved
detection  efficiency  and  accuracy.  In  the  comparative
evaluation,  GDE-YOLO  provided  a  recognition  accuracy  of
91.7%  while  maintaining  a  detection  speed  of  80  FPS,
demonstrating  superior  overall  performance  compared  to
other object detection models.

(3)  Deploying  the  GDE-YOLO  model  on  the  NVIDIA  Jetson
Orin  Nano  for  field  experiments  enabled  accurate
identification  of  tea  leaf  diseases  in  images,  with  confidence
scores  consistently  >  0.8  and  a  detection  speed  of  18  FPS,
demonstrating  that  the  model  meets  both  accuracy  and  real-
time performance requirements in edge computing scenarios.

The  GDE-YOLO  model  proposed  in  this  study  effectively
fulfills  the  requirements  for  both  accuracy  and  real-time
performance.  It  not  only  enables  tea  farmers  to  promptly
suppress diseases spread, thereby reducing loss and improving
yield  and  quality,  but  also  holds  potential  for  integration  into
automated vision systems within precision spraying devices in
tea  plantations,  providing  critical  technical  support  for
intelligent agricultural management.
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